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ABSTRACT 

 

Background: Rainfall is a major driver of waterborne disease. One mechanism 

by which rainfall can introduce pathogens into environmental waterways is by causing 

combined sewer overflows (CSOs). Exposure to contaminated surface water may occur 

during recreational activities that result in accidental ingestion of enteric waterborne 

pathogens. These pathogens can cause acute gastrointestinal illness (AGI), which is 

particularly harmful for certain vulnerable groups. Due to projected increases in 

precipitation in certain areas of the United States, it is important to better understand 

these relationships and identify populations that may be impacted. 

 

Objectives: This dissertation aims to explore the relationships between rainfall, 

CSOs, and waterborne disease in Philadelphia and in Pennsylvania and to determine how 

environmental, social, and climatic factors impact these relationships. To do so, this 

dissertation will 1) identify demographic and economic characteristics of populations that 

are more likely to be affected by CSO-impacted waters in Philadelphia, 2) quantify the 

risk of AGI due to recreational exposure to CSO-impacted and non-impacted waters in 

Philadelphia, and 3) assess the relationships between precipitation and potentially 

waterborne reportable diseases in Pennsylvania.  

 

Methods: To accomplish the first aim, survey data were collected from adults 

recreating at or near CSO-impacted sites in Philadelphia. Surveys measured participant 
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demographics, recreation behavior, and travel behaviors. Travel measures reported in 

surveys were used to develop network buffers around both CSO-impacted and non-

impacted sites where recreational exposures may occur in Philadelphia. Modified Poisson 

regression models compared populations living within the reported travel distances to 

CSO-impacted sites to those living within the same distances to non-impacted sites. 

To accomplish aim 2, the concentrations of five pathogens were determined by 

quantifying the concentration of the HF183 marker for human Bacteroides in water 

samples collected at three sites in Philadelphia during CSO-impacted and non-impacted 

conditions. Observational data that measured recreational exposures to these waterbodies 

were collected along with water samples. These data were used to develop quantitative 

microbial risk assessment (QMRA) models that measured the risk of illness due to these 

five pathogens during CSO-impacted and non-impacted conditions.  

Finally, for aim 3, mixed-effects negative binomial regression models were used 

to measure associations between precipitation, temperature, and the monthly incidence of 

campylobacteriosis, salmonellosis, cryptosporidiosis, and giardiasis reported per patient 

zip code in Pennsylvania from January 2014-December 2018. Additional models 

assessed the impact of seasonality, explored lagged relationships, and determined 

whether these relationships differed in areas that did or did not contain a combined sewer 

outfall. 

 

Results: Survey data collected for aim 1 found that participants walk an average 

of 1.4km to get to recreation sites. Populations that reside near CSO-impacted waterways 

were more likely to be minority and low-income than those that reside near non-impacted 
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water bodies in Philadelphia, presenting a potential environmental justice issue. Results 

of QMRA models found that several recreational exposure scenarios resulted in a mean 

risk of illness above the United States Environmental Protection Agency’s acceptable 

threshold of 30 illnesses per 1,000 exposed. For several exposure scenarios, the risk was 

still above this threshold during non-impacted conditions. Finally, a 1cm increase in 

rainfall per month was associated with a 1% increase in the incidence of 

campylobacteriosis and salmonellosis (IRR: 1.01, 95% CI: 1.00-1.01, for both) and every 

additional day with at least 2.54mm of rainfall was associated with 1% increase in the 

incidence of salmonellosis (IRR: 1.01, 95% CI: 1.00, 1.03) and a 3% increase in 

cryptosporidiosis (IRR: 1.02, 95% CI: 1.01, 1.05). Associations were also found between 

the daily maximum temperature per month and the incidence of campylobacteriosis, 

salmonellosis, and cryptosporidiosis. These relationships were strongest during summer 

months. No differences were observed when comparing results among areas that did or 

did not contain a combined sewer outfall.  

 

Conclusions: Findings from this dissertation suggest that recreation in CSO-

impacted waters in Philadelphia presents a health risk. In addition, minority and low-

income communities may be more impacted by this potential health risk as they are more 

likely to reside near potential recreation sites that are impacted by CSOs in Philadelphia. 

Finally, relationships between precipitation and waterborne disease incidence in 

Pennsylvania demonstrate how projected increases in precipitation events due to global 

climate change may increase waterborne disease incidence in Pennsylvania, although the 

drivers of this relationship are unclear and likely diverse.  
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SPECIFIC AIMS 

Rainfall is a major driver of waterborne disease globally. In urban areas, rainfall 

can introduce pathogens into environmental waterways through urban stormwater runoff 

or by causing combined sewer overflows (CSOs). Exposure to contaminated surface 

water may occur during recreational activities that result in accidental ingestion of 

waterborne pathogens. These pathogens can cause acute gastrointestinal illness (AGI), 

which is particularly harmful for certain vulnerable groups. Importantly, due to projected 

increases in precipitation in certain areas of the United States, it is important to better 

understand these relationships and to identify populations that may be impacted. 

This dissertation will add to the existing literature on the relationships between 

rainfall, CSOs, and waterborne disease and will explore how environmental, social, and 

climatic factors modify these relationships. This project will focus on Philadelphia and 

Pennsylvania as a whole, which is heavily impacted by combined sewer systems. The 

aims and research questions addressed in this dissertation include: 

 

Aim 1) Identify demographic and economic characteristics of populations that are more 

likely to be affected by combined sewer overflow (CSO)-impacted waters in Philadelphia 

Q1: What are the characteristics of individuals who are recreating at sites along 

CSO-impacted water bodies in Philadelphia and how far do they travel to get 

there? 

Q2: Are certain populations (based on demographic and economic variables) 

more likely to live near CSO-impacted waters? 
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Aim 2) Quantify the risk of acute gastrointestinal illness (AGI) due to recreational 

exposure to CSO-impacted and non-impacted waters in Philadelphia 

Q1: What is the risk of illness due to recreational exposures in CSO-impacted 

waters during CSO-impacted and non-impacted conditions? 

Q2: How many AGI illnesses are estimated to occur due to different recreational 

exposure scenarios in Philadelphia during CSO-impacted and non-impacted 

conditions?  

 

Aim 3) Assess the relationships between precipitation and potentially waterborne 

reportable diseases in Pennsylvania  

Q1: What is the relationship between precipitation and the incidence of 

potentially waterborne reportable diseases in Pennsylvania?   

Q2: How does the presence and density of combined sewer outfalls modify this 

relationship? 
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CHAPTER 1 
 

BACKGROUND AND SIGNIFICANCE 

Rainfall and Waterborne Disease 

Heavy rainfall and flooding are major drivers of waterborne disease in the United 

States and globally (Cann et al., 2013; Guzman Herrador et al., 2016). In the United 

States, it is estimated that over half of all waterborne disease outbreaks are related to 

excess rainfall with 51% of outbreaks preceded by rainfall events above the 90th 

percentile and 68% of outbreaks preceded by events above the 80th percentile (Curriero 

et al., 2001). This includes the largest waterborne disease outbreak documented in the 

United States which occurred in 1993 in Milwaukee, WI and resulted in 54 deaths and 

more than 400,000 illnesses (Hoxie et al., 1997). In addition, past studies have also found 

associations between rain events and reportable disease incidence (e.g., cryptosporidiosis 

and giardiasis) (Chhetri et al., 2017), hospitalizations or emergency room visits for 

gastrointestinal illness (Bush et al., 2014; Cordero et al., 2012; Drayna et al., 2010; Jagai 

et al., 2015), and diarrhea incidence (Carlton et al., 2014; Chou et al., 2010).  

One of the most common mechanisms by which rainfall can introduce pathogens 

or other types of contamination into water supplies is through stormwater runoff 

(Curriero et al., 2001). Stormwater runoff can carry pollutants, bacteria, and pathogens 

that may be found on sidewalks, roads, or sewer systems into local waterways. In areas 

with high amounts of impervious surface coverage (e.g., roads, parking lots, or buildings 

that do not allow stormwater to be absorbed), volumes of runoff can be particularly high 

(United States Environmental Protection Agency (U.S. EPA), 2004). However, despite 

increasing impervious surface coverage in areas across the United States, current methods 
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for managing stormwater runoff are inadequate for preventing or reducing the 

contamination of water supplies (Gaffield et al., 2003). 

 

Impact of Combined Sewer Overflows 

In cities with combined sewer systems, the relationship between rainfall and 

waterborne disease may be especially strong. In these systems, stormwater collected from 

drains along streets and sidewalks is transported through the same pipe network as 

sewage and wastewater from homes and businesses (U.S. EPA, 2004). During rain 

events, these systems may become overwhelmed and overflow, releasing raw human 

sewage and infectious pathogens into local creeks and rivers (U.S. EPA, 2009). 

According to the United States Environmental Protection Agency (U.S. EPA), 

over 746 communities in 32 states (including the District of Colombia) in the United 

States are impacted by combined sewer overflows (CSOs) (U.S. EPA, 2004). In total, 

CSOs release approximately 850 billion gallons of untreated wastewater and stormwater 

each year, which can lead to beach closures, contamination of drinking water supplies, 

and other concerns that impact the local environment, economy, and public health (U.S. 

EPA, 2004).  

CSOs have been associated with increased concentrations of traditional fecal 

indicator bacteria, which are used to set environmental and health regulations as well as 

with increased concentrations of qPCR-detectable markers of human sewage (Irvine & 

Pettibone, 1993; McLellan et al., 2007; U.S. EPA, 2012). This includes the HF183 

marker for human Bacteroides, which are nonpathogenic gut bacteria used as highly 

specific markers for human sewage (Bower et al., 2005). Because exposure to human 
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sewage may result in a larger health risk than exposure to other contamination sources 

(Soller et al., 2010), it is important to use indicators that are specific to human sources in 

order to quantify the impact of human fecal inputs (e.g., CSOs) on disease risk (Brown et 

al., 2017). Pathogens commonly found in human sewage and CSO-impacted waters 

include pathogenic bacteria such as Campylobacter, Escherichia coli (E. coli), and 

Salmonella, viruses such as adenovirus and norovirus (the most common cause of 

waterborne outbreaks), and protozoa such as Giardia and Cryptosporidium (Eregno et al., 

2016; ten Veldhuis et al., 2010; U.S. EPA, 2004). In addition, CSO discharges may also 

contain antibiotic resistant bacteria, contributing to the spread of resistant genes 

(McLellan et al., 2007). 

 

Exposure Pathways to Contaminated Waterways 

While exposure to waterborne pathogens may occur through dermal contact or 

inhalation, ingestion is thought to be the most common exposure route resulting in illness 

(Perkins & Trimmier, 2017). Accidental ingestion of contaminated water most often 

occurs during recreational activities, including swimming, wading, playing, boating, and 

fishing, which have been documented in contaminated and CSO-impacted waters across 

the United States (DeFlorio-Barker et al., 2017; Sunger et al., 2012). Importantly, these 

activities result in different ingestion rates of contaminated water (Dorevitch et al., 2011; 

Dufour et al., 2017). For example, swimming which includes head immersion under 

water, is expected to result in a much higher volume of water ingested than boating or 

fishing (Dorevitch et al., 2011; Dufour et al., 2017). However, data is lacking around the 
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types of recreational activities that occur in waterways impacted by CSOs and the 

average duration of these activities (Sunger et al., 2012). 

 

Burden of Disease from Recreational Contact with Waters Impacted by Combined Sewer 

Overflows 

In 2001 the U.S. EPA estimated that every year between 1.8 and 3.5 million 

people become sick in the United States due to recreational contact with waters 

contaminated by sewer overflows (U.S. EPA, 2001). Recreational exposure to waterborne 

pathogens has also been tied to waterborne disease outbreaks (Hlavsa et al., 2015; 

Sinclair et al., 2009) and was associated with 90 outbreaks in the United States between 

2011 and 2012 (Hlavsa et al., 2015). Acute gastrointestinal illness (AGI) is the most 

common symptom of waterborne disease that occurs from recreational exposure (Craun 

et al., 2005). Epidemiologic studies have shown that recreational exposure to 

contaminated water can lead to an increased risk of AGI (Prüss, 1998). In addition, 

approximately 80% of recreationally acquired waterborne disease outbreaks between 

2011 and 2012 were outbreaks of AGI (Hlavsa et al., 2015).  

Gastrointestinal illness places a substantial burden on the United States medical 

system and was estimated to result in $27.9 billion in emergency room charges in 2007 

(Myer et al., 2013). In addition, a recent study estimated the costs of AGI due to 

recreationally acquired waterborne disease ranges from $1,220-$1,676 per 1,000 

recreators due to the combination of medical care costs, medication costs, and lost 

productivity (DeFlorio-Barker et al., 2017). Importantly, many of these pathogens may 

also be spread via person-to-person transmission, causing an increased burden due to 



 

5 

secondary infection (Birkhead & Vogt, 1989). As a result, AGI that results from 

recreational exposure to waterborne pathogens can present a significant economic and 

public health burden that is often overlooked. 

 

Vulnerable Populations 

Certain groups have a higher risk of exposure to contaminated water bodies or of 

suffering adverse impacts following exposure. For example, children experience higher 

rates of waterborne disease, due both to their greater likelihood of exposure as well as 

their immature immune systems (U.S. EPA, 2004). Homeless populations may also be at 

an increased exposure risk in areas where these individuals have been observed using 

contaminated surface water for bathing or washing their belongings (Donovan et al., 

2008).  

Groups with a greater risk of adverse health effects following exposure include 

pregnant women (Reynolds, 2000), who may also transfer certain pathogens to children 

in utero or shortly after birth (Gerba et al., 1996), as well as immunocompromised 

groups, such as those who are HIV positive, organ transplant recipients, or those 

undergoing chemotherapy (Gerba et al., 1996). Finally, mortality due to waterborne 

disease is much higher in those over 74 or under 5 as compared to other age groups 

(Gerba et al., 1996). However, despite the potential for certain groups to be more 

adversely impacted by waterborne disease, research is lacking to determine whether 

certain populations are more likely to be exposed to CSO-impacted waters. 
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Future Trends 

Because CSOs are the result of rain events, these health concerns may become 

increasingly important due to the projected increases in extreme weather and 

precipitation. The majority of CSOs in the United States are concentrated in the Northeast 

and Great Lakes regions (U.S. EPA, 2004) which are also projected to have significant 

increases in precipitation and extreme rain events (Groisman et al., 2013; Schoof et al., 

2010). In fact, the Northeast has seen the greatest recent increase in precipitation events 

within the United States, with a more than 70% increase in the amount of rainfall 

measured during heavy precipitation events between 1958 and 2012 (Groisman et al., 

2013). This is especially significant as extreme precipitation and flooding events have 

been linked to waterborne disease outbreaks (Curriero et al., 2001) as well as emergency 

room visits (Drayna et al., 2010; Jagai et al., 2015; Wade et al., 2014) and 

hospitalizations (Bush et al., 2014) for gastrointestinal illness.  

Additionally, in many urban areas in the United States, there is added concern 

around extreme heat events that are also expected to increase in future years (Johnson & 

Wilson, 2009). Due to what is known as the urban heat island effect, (Manley, 1958) 

many vulnerable groups in large metropolitan areas face increased mortality during these 

events, including the elderly and those who are unable to afford air conditioning (Johnson 

& Wilson, 2009). For this reason, these populations may also use urban creeks and rivers 

to cool off, facing additional exposure to fecal contamination and pathogens (de Roda 

Husman & Schets, 2010). 
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Local Context 

Pennsylvania has the largest number of combined sewer outfalls in the United 

States with a total of 1,596 CSO permits issued across the state as of 2016 

(Commonwealth of Pennsylvania Department of Environmental Protection (PA DEP), 

2016) and 164 in the city of Philadelphia alone (Philadelphia Water Department, 2018). 

Preliminary data collected from Philadelphia’s creeks found high concentrations of the 

human sewage marker, human Bacteroides, corresponding with recent rainfall and CSO 

events, as well as concentrations of indicator bacteria, including E. coli and total 

coliforms, consistently above EPA recommendations for recreational water (McGinnis et 

al., 2018). In addition, pathogens were identified at sites along Philadelphia’s creeks 

where recreation is known to occur. These include Salmonella, norovirus, adenovirus, 

and enterohemorrhagic E. coli (McGinnis et al., 2018), all of which have been associated 

with previous waterborne disease outbreaks due to recreational contact with contaminated 

surface water (Prüss, 1998; Sinclair et al., 2009; Wade et al., 2003).  

In Philadelphia, various recreational activities have been documented in water 

bodies impacted by CSOs through surveys and hidden camera studies (Sunger et al., 

2012). Common activities observed in the creeks in Philadelphia include fishing, wading, 

and playing (Sunger et al., 2012). Daycares and nature camps in Philadelphia also may 

encourage children to play in creeks impacted by CSOs (personal communication). This 

is especially significant due to the high risk of person-to-person disease transmission in 

daycare centers that may contribute to secondary transmission within daycare, school, or 

at-home settings (Birkhead & Vogt, 1989). 
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Current Research Gaps 

While previous studies have found relationships between CSOs, rainfall, and 

waterborne disease, there are several key gaps in our understanding of these relationships. 

First, while there have been several studies that have found associations between AGI 

and recreational exposure to CSO-impacted waters (Soller et al., 2017; Wade et al., 

2010), few have identified demographics more likely to be exposed or measured 

individuals’ motivations for recreating at these sites. In addition, although Philadelphia is 

expected to have a high burden of CSO-related illness due a high density combined sewer 

outfalls and frequent recreation documented along its waterways (Sunger et al., 2012), 

past risk assessments in Philadelphia have used unreliable indicators of human pathogens 

(Sunger & Haas, 2015) and therefore, have not been able to fully understand the disease 

risk related to recent CSO events. Finally, while the relationship between rainfall and 

waterborne disease has been studied in different contexts, this relationship has not been 

explored in Pennsylvania which is heavily impacted by combined sewer systems.  
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CHAPTER 2 

DATA SOURCES, DATA COLLECTION, AND MEASURES 

Data sources, collections methods, and measures used differed for chapters 3, 4, 

and 5 in order to address the three aims of this dissertation. For this reason, a discussion 

of the data sources and measures used are organized by each paper below: 

 

Chapter 3 Data Sources 

Chapter 3 addresses aim 1: to identify demographic and economic characteristics 

of populations that are more likely to be impacted by combined sewer overflow (CSO)- 

impacted waters in Philadelphia. First, this chapter utilized survey data collected at 

recreation sites along Philadelphia’s waterways. Next, travel distance and travel time data 

collected from the surveys were used to inform a GIS analysis to identify populations that 

were more likely to live near CSO-impacted water bodies. Data sources, collection 

methods, and measures used are described in detail below. 

Recreator Survey Data Collection Methods 

Survey data were collected at three sites along Cobbs Creek, Tacony Creek, and 

the Delaware River in Philadelphia. Sites were selected as areas that are downstream of a 

combined sewer outfall and where recreational activities are common. Sites were 

identified following recommendations from the Philadelphia Water Department and from 

results of a hidden camera study that measured recreational activities at CSO-impacted 

sites in Philadelphia (Sunger et al., 2012). The three sites represent diverse exposure 

“scenarios” including fishing and wading in a shallow creek, swimming, wading, and 
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fishing in a deeper creek, and fishing and wading in a river. A detailed description of 

each site is included below: 

Survey Site Descriptions 

The Cobbs Creek site is located at Cobbs Creek Community Environmental 

Center near 63rd and Catherine Street in West Philadelphia. This site is a shallow creek 

where common recreational activities are wading, fishing, and playing with dogs. 

Summer camps and daycare groups have been observed playing at this site and making 

direct contact with the water. Pilot data collected at this site found concentrations of fecal 

indicator organisms including total coliforms and E. coli were consistently above the 

United States Environmental Protection Agency (U.S. EPA) and the Pennsylvania 

Department of Environmental Protection (PA DEP)’s recommended guidelines for water 

used for primary use recreation (PA DEP, 2016). According to this report, primary 

contact recreation includes swimming, bathing, surfing, water skiing, tubing, water play 

by children, and similar activities that result in a high degree of contact with the water 

(PA DEP, 2016). In addition, pathogens found at this site during pilot data collection 

include adenovirus, enterohemorrhagic E. coli, and Salmonella (McGinnis et al., 2018). 

This site is approximately 640m downstream of the C12 combined sewer outfall. 

The Tacony Creek site is located near Wyoming Avenue and I Street in Northeast 

Philadelphia. Pilot data collected in 2016 at Tacony Creek also found concentrations of 

fecal indicator organisms above the U.S. EPA and PA DEP’s recommended guidelines 

for water used for primary contact recreation and found samples positive for norovirus 

and Salmonella at this site (McGinnis et al., 2018). However, the site used in this 

dissertation was downstream of the site where pilot data were collected. This is because 
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observational data collected at the original Tacony Creek site determined that very little 

recreation occurred there. After speaking with individuals at the site, several mentioned a 

popular swimming hole located downstream of the original site. For this reason, a new 

site was identified in 2018 where swimming (defined as head-under) exposures are 

common. This site is located approximately 610m downstream of the T13 combined 

sewer outfall. 

Finally, the Delaware River site is located in Penn Treaty Park in the Fishtown 

neighborhood (eastern side) of Philadelphia. This site was not included in the 2016 pilot 

data collection which only focused on the creeks; however, this site is a popular river site 

where fishing and wading were observed. This site is strongly impacted by tidal patterns 

and is slightly brackish, unlike the creek sites. For this reason, there are expected to be 

different relationships observed between water quality, rainfall, and CSOs at this site. 

This site is located approximately 200m downstream of the D43 combined sewer outfall. 

Survey Administration 

Survey data were collected at the three sites during summer (June-August) 2018 

and 2019. Survey data collection occurred during surface water sampling and during 

observational data collection (chapter 4) which occurred at least once per week at each 

site (sampling strategy described in detail below). Members of the research team were 

instructed to spend at least 3 hours per week at each site where they collected water 

samples, observational data, and survey data.  

To be eligible to complete the survey, individuals had to be at or near the study 

site at the time of survey administration (did not have to be making direct contact with 

the water) and had to be above the age of 18. Although these were the only eligibility 
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criteria for completing the recreator survey, data used for Chapter 3 only included survey 

data collected from respondents that lived within the city of Philadelphia (in order to 

inform a Philadelphia-based GIS analysis).  

Recruitment was done by members of the survey research team in the field. The 

research team consisted of Ms. McGinnis as well as a team of undergraduate student 

workers (interns, merit scholars, or part-time employees). When someone was observed 

at or near the site and appeared to be above the age of 18, they were approached by a 

member of the research team and asked if they would like to take a survey about 

recreation in Philadelphia’s waterways. Members of the research team introduced the 

survey as an exploratory study with the purpose of investigating how individuals use 

Philadelphia’s creeks and rivers. If individuals were interested in completing the survey 

and report they were eligible to do so (over the age of 18), they were then read the 

consent form aloud by a member of the research team and asked to provide verbal 

consent to be enrolled in the study.  

Once verbal consent was attained, all survey questions were read aloud and 

responses were recorded on paper by a member of the research team. Verbal 

administration was chosen for this survey to avoid issues around literacy and to give 

respondents opportunities to ask for clarity around questions they did not understand. In 

addition, this administration method ensures that respondents do not accidentally skip a 

survey question (although some did skip questions by choice). 

Due to human subjects considerations, surveys were only completed by those who 

were 18 years or older. However, in an attempt to collect data from individuals recreating 

at the sites who were under the age of 18, surveys were designed so that adults who were 
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a parent or guardian of a child who was at the site and recreating at the time the survey 

was distributed could choose to answer the survey questions on behalf of their child. 

However, as described in Chapter 3, only one respondent chose to do so and for this 

reason, this response was not included in the analysis. 

Human Subjects Considerations 

Surveys did not collect any identifying information. After completing the survey, 

participants were given a copy of the informed consent which includes contact 

information for Dr. Heather Murphy and Ms. Shannon McGinnis at the Water, Health, 

and Applied Microbiology (WHAM) lab. Researchers administering the survey received 

training on the ethical conduct of human subjects research (CITI training). The original 

survey data collection protocol and measures were approved by Temple University’s 

Institutional Review Board in May 2018 and modifications were approved in June 2019 

(Protocol Number 25159). Modifications for the 2019 survey included changes to the 

research team and the addition/modification of survey questions. The survey 

administration protocol is included in Appendix A. 

Survey Measures 

Survey measures included demographic measures, measures of past and future 

recreational activities at the sites and at other sites around Philadelphia, and measures of 

motivations for recreating. Demographic questions include, age range (18-25, 26-35, 36-

45, 46-55, 56-65, or over 65), gender identity (Male, Female, or Other), race (White, 

Black/African American, Asian, Multiple, Other), Hispanic/Latinx ethnicity, and zip 

code. Measures of recreational activities include how often individuals visit the site (past 

and future), the types of activities they engage in at this site (fishing, wading, playing, 
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etc.), the days per week and minutes per day they engage in this activity/activities, 

whether they recreate at other locations in Philadelphia, the time of day they usually 

come to the site, and who they came to the site with (e.g., with family, children, friends, 

etc.). Measures of motivation include reasons why they like recreate, factors that made 

them more likely to visit the creek and river, and factors that made them less likely to 

visit the creek or river. Finally, one exploratory measure asked participants about their 

likelihood of using health services, missing school or work, or taking some other action 

when they experience symptoms of gastrointestinal illness.  

In summer 2019, the survey was modified to include travel-time measures to 

advise the GIS portion of this study. These measures gathered information on the method 

participants used to travel to the site (car, public transit train/bus, or walking), how long it 

took them to travel there, and the approximate distance they traveled. The most popular 

travel method and average travel time (or distance) were used to advise the GIS analysis. 

A copy of the 2019 survey and consent script with 2019-only measures highlighted in 

yellow is included in Appendix B. 

2017 American Community Survey 5-year Estimates 

Demographic and economic data from the 2017 American Community Survey 

(ACS) 5-year estimates were used to characterize populations living near CSO-impacted 

or non-impacted water. The ACS survey data were first released by the U.S. census 

bureau in 2006 and have become increasingly used in research to investigate relationships 

between geography and public health (Jung et al., 2017). ACS data provide more frequent 

estimates of demographic and economic variables but include a much smaller sample size 

than the decennial census (Jung et al., 2017). Small sample sizes in the ACS data often 
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lead to high margins of errors, particularly for small area geographies (Jung et al., 2017). 

Research that has investigated uncertainty in ACS data has found that sampling error may 

depend on distance from an urban center, poverty level, racial demographics, and levels 

of racial segregation per geographical unit (Folch et al., 2016; Spielman et al., 2014).  

For this chapter, ACS data were gathered at the census block group level when 

available. This is because the analysis focused on very local populations, specifically 

those located within walking distance to natural waterways in Philadelphia. For this 

reason, sampling error is expected to impact the results. In order to address the potential 

limitations of ACS data in chapter 3, this chapter uses the most recent 5-year estimates 

available. Compared to single year ACS data, 5-year estimates minimize sampling errors 

(Jung et al., 2017). In addition, sensitivity analyses were done to assess the impact of 

including census block groups with high coefficients of variation for any of the ACS 

estimates used in the study. 

ESRI Streets Data 2018 

To identify which populations live within the reported travel distances to natural 

waterbodies in Philadelphia, 2018 ArcGIS StreetMap premium data were used (ESRI, 

2018). These data were used to identify network routes along the Philadelphia street 

network that were within the reported travel distances to street junctions located near 

potential exposures sites. These analyses were done using the network analyst tool in 

ArcMap version 10.7.1. 
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Chapter 4 Data Sources 

Chapter 4 addresses aim 2: to quantify the risk of acute gastrointestinal illness 

(AGI) due to recreational exposure to CSO-impacted and non-impacted waters in 

Philadelphia. To accomplish this aim, this study utilized data that quantified 

concentrations of HF183 in environmental waters in order to infer concentrations of five 

reference pathogens. In addition, this study used exposure data collected via observations 

at the same time that water samples were collected. These data, along with other inputs 

from the literature, were used to conduct a quantitative microbial risk assessment 

(QMRA) to quantify the risk for each recreational activity observed at each site during 

CSO-impacted and non-impacted conditions. 

Water Sample Collection Procedures 

Water samples were collected June-August 2017-2019 at the same three sites 

where recreator survey data were collected. Samples were collected as either grab 

samples (250mL) or concentrated using dead-end ultrafiltration (40-200L) (Mull & Hill, 

2012). The grab sample procedure for quantifying HF183 in environmental waters are 

from the most recent United States Environmental Protection Agency (U.S. EPA) 

protocol (unpublished). Although this method has been widely used in labs around the 

world for measuring HF183 concentrations in environmental water samples, recovery 

data is currently unavailable using this method. Despite this, grab samples provide a cost 

effective method for collecting and analyzing smaller volume (100mL) samples. In this 

study, grab samples were used to collect a larger number of samples than what could 

have been collected using ultrafiltration procedures. The majority of water samples 

collected in chapter 4 were grab samples (59 out of the 69 total samples collected). 
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In addition, 10 samples were collected following dead-end ultrafiltration methods 

outlined in Mull & Hill (2012). These methods allow for larger volumes of samples to be 

collected by filtering samples in the field through an Asahi Kasei Rexeed® 25S 

Hemodialyzer (Dial Medical Supply, Chester Springs, PA). While this method is more 

costly and time-consuming, samples collected via ultrafiltration can be archived and 

analyzed for pathogens (which may only be detected in large-volume samples) when 

resources become available. While data on this method’s ability to recover HF183 from 

environmental waters is not available, recovery of other microbes collected via this 

method ranged from 49-85% (Mull & Hill, 2012).  

Sampling Strategy 

Samples were collected at each site at least once per week varying the day of 

week and time of day and targeting both weekday and weekend days. Because it is 

unclear whether or not a CSO occurred prior to receiving data from the Philadelphia 

Water Department, sampling days were not chosen based on rainfall or whether a CSO 

was expected. Instead, the days samples were collected were based only on staff 

availability and were not impacted by weather conditions (except in the event of severe 

weather, i.e. lightning, which prevented sample collection).  

Quantifying the HF183 Marker for Human Bacteroides using qPCR 

Following collection, water samples were processed in the lab within 24 hours 

and frozen at -80℃ until further processing using qPCR. Since pathogens are expensive 

to measure in the environment and exist at very low concentrations, the concentrations of 

five reference pathogens were estimated in samples using the measured concentrations of 

the HF183 marker for human Bacteroides. Samples were analyzed for concentrations of 
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HF183 using the TaqMan HF183/BacR287 assay described by Green et al., (2014). The 

TaqMan HF183 assay has been shown to outperform other human fecal markers and is 

currently the most specific marker of human sewage in water (about 95% specific to 

human sources) (Green et al., 2014; Layton et al., 2013; Shanks et al., 2010). HF183 has 

also been shown to correlate with the presence of pathogens in some settings (Schriewer 

et al., 2010). In addition, preliminary research in Philadelphia found that HF183 

concentrations measured in water samples were more likely to be correlated with recent 

rainfall or CSOs compared to other markers of human sewage (McGinnis 2018). 

Samples were analyzed using quantitative polymerase chain reaction (qPCR) at 

Temple University. During qPCR, a targeted DNA sequence is amplified in order to 

detect DNA sequences in samples, even in low abundance. Importantly the accuracy of 

data generated using qPCR depends on the laboratory procedures, the probes, primers, 

and other reagents used in the reaction, the impact of inhibitors in the sample, as well as 

the accuracy of the calibration curve used for quantification (Shanks et al., 2016). These 

steps are outlined in detail in Chapter 4 and follow the unpublished U.S. EPA methods 

for DNA extraction and purification and qPCR analysis. In addition, this study follows 

rigorous quality control procedures outlined in (Shanks et al., 2016) which are also 

further discussed in Chapter 4. 

Reference Pathogens used in QMRA Models 

In order to estimate the risk of illness, concentrations of HF183 in samples were 

used to infer concentrations of five reference pathogens: Cryptosporidium, norovirus, 

Giardia, E. coli O157:H7 and Salmonella. These pathogens were selected because they 

are frequently implicated as causes of recreationally acquired waterborne disease in the 
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United States (Hlavsa et al., 2015). In addition, norovirus, E. coli O157:H7, and 

Salmonella, were also detected in samples collected previously in Philadelphia creeks 

(McGinnis et al., 2018). These reference pathogens include each of the three main types 

of enteric pathogens (bacterial, viral, and protozoan). 

Because pathogens are not directly measured in this study, there will likely be 

measurement error incorporated into the estimates. By using HF183 to infer 

concentrations of pathogens, this method assumes that human qPCR markers and 

reference pathogens occur in recreational waters at the same ratio that they occur in raw 

sewage and that no differential decay occurs as these markers and pathogens move 

through the environment (Boehm et al., 2015). Due to a lack of available data, it is 

unknown how this bias will impact the calculated pathogen concentrations. Further, by 

using the HF183 marker, which is very specific to human sewage, this method only 

quantifies the concentration of pathogens that are present due to the impacts of human 

sewage and ignores other potential contributors to environmental pathogens including 

from animal reservoirs or resuspension from soil and sediments. By ignoring the impact 

of other contributors to environmental pathogens, this method may underestimate the 

total concentration of pathogens introduced from other sources. Despite these known 

limitations, the use of reference pathogens is a common practice in QMRA when using 

indicator organisms to assess disease risk (e.g., Boehm et al., 2015; McBride et al., 2013). 

Observational Data Collection 

Observational data were collected in summer 2018 and 2019 at the same sites and 

at the same time when water samples were collected. Members of the research team who 

collected water samples and survey data also collected observational data while in the 
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field. Observational data includes the total number of individuals observed recreating at 

or near the sites and the number of individuals making direct contact with the water as 

well as specific information for each type of activity observed (i.e., fishing, 

wading/playing, swimming, boating (motorboat, kayak, canoe, jet ski), and other 

activities). This includes information on the total number of individuals engaging in each 

activity, the duration of each individual exposure (in minutes), and the number of hand-

to-water and hand-to-face contacts observed during the exposure. The data collection tool 

for observational data collection is included in Appendix C.  

Importantly, the quality of data collected during observational data collection is 

limited by staff availability and the amount of time spent in the field. For this reason, the 

reliability of these data were assessed by comparing results with a hidden camera study 

that was done at the same or similar sites in Philadelphia (Sunger et al., 2012). In general, 

estimates gathered using observational data (on the number of individuals observed per 

day) were the same or slightly larger than those from the hidden camera study. This may 

be due to changes over time (hidden camera study data were collected in 2010), site-

specific differences, or due to the fact that human observations can provide a wider 

observation range than a static camera which is only focused on one very specific 

location (i.e., exposures may occur outside of the frame, Sunger et al., 2012). In addition, 

as noted in Chapter 4, observational data may also have been impacted by the presence of 

the research team at the study sites which may have altered recreation behaviors. This is 

expected to have resulted in an underestimation of exposures which may have occurred if 

the research team were not present. 
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Other Data Sources for QMRA Models 

Other inputs to the QMRA models came from the literature including data on the 

concentration of HF183 and pathogens in sewage (Boehm et al., 2015; García‐Aljaro et 

al., 2005; Haramoto et al., 2006; Lemarchand & Lebaron, 2003; Rose, 2005; Shanks et 

al., 2010; Soller et al., 2010), the volume of water ingested per exposure activity 

(Dorevitch et al., 2011; Dufour et al., 2017), dose-response models for each pathogen 

(Messner et al., 2001; Rose et al., 2001; Rose, 2005; Rose et al., 1995; Schmidt, 2015; 

Teunis, Moe, et al., 2008; Teunis, Ogden, et al., 2008), and the probability of illness 

following infection for each pathogen (Teunis, Ogden, et al., 2008; U.S. EPA, 2010). All 

of these parameters (except for the dose-response model parameters) were inputted into 

the QMRA models as probability distributions in order to account for uncertainty and 

variability in the data. For dose-response models, individual models were evaluated based 

on the source of the dose-response data (i.e., feeding studies or outbreak data), use in 

previous QMRAs, and model assumptions to select the most appropriate model for each 

pathogen. However, due to the discrepancy in the literature around the appropriate dose-

response curve to use for norovirus, two models were used for the norovirus dose-

response and results were compared side by side. 

Validity of QMRA 

QMRA has become an increasingly popular tool in epidemiology and 

environmental health and was recommended in a recent World Health Organization 

(WHO) report as a cost-effective method for quantifying disease risk using both 

environmental and survey data (Haas et al., 2014; WHO, 2016). In QMRA, the expected 

number of illnesses for a specific water-related exposure event is quantified using data on 
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the pathogen concentrations in water and the dosage of water consumed during 

recreational activities (Haas et al., 2014). Compared to epidemiologic study designs, 

QMRA does not rely on self-reporting of symptoms or participant follow-up. However, 

its validity is highly dependent on the quality of data inputs and on the assumptions made 

around the pathogens, the exposures, and the individuals at-risk.  

Despite the potential weaknesses involved in relying on assumptions and data 

accuracy, studies have found that risk estimates calculated using QMRA align with 

estimates from epidemiologic outbreak data (Burch, 2018; Haas et al., 2014). In 

particular, QMRA predictions have been validated against epidemiological measurements 

from outbreaks of waterborne gastrointestinal disease from Cryptosporidium, Giardia, 

and norovirus (Burch 2018).  

 

Chapter 5 Data Sources 

Chapter 5 of this dissertation addresses the third aim: to assess the relationships 

between precipitation and potentially waterborne reportable disease incidence in 

Pennsylvania. Data on the number of potentially waterborne reportable diseases per 

month per zip code from January 2014-December 2018 in Pennsylvania were provided 

by the Pennsylvania Department of Health and the Philadelphia Department of Public 

Health. The key exposure variables used in this analysis were the total monthly 

precipitation, mean, minimum, and maximum recorded daily temperature per month, and 

the number of rain days per month (days with at least 0.1 inch or 2.54mm of rainfall). 

Sources of these data and limitations of these data sources are described in detail below. 
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Reportable Disease Data 

Reportable disease data include the number of cases of campylobacteriosis, 

salmonellosis, cryptosporidiosis, and giardiasis reported to either the Pennsylvania 

Department of Health or the Philadelphia Department of Public Health per patient zip 

code per month from January 2014-December 2018 for a total of 5 years (60 months) of 

data. Zip codes recorded in the dataset were from the patient’s address at the time the 

illness was reported. In order to spatially categorize zip code level data, zip codes 

provided in the reportable disease data were recoded to the corresponding zip code 

tabulation area (ZCTA) as defined by the United States Census Bureau (U.S. Census 

Bureau) (U.S. Census Bureau, 2018). ZCTAs are areal representations of United States 

Postal Service zip code areas and in most cases, correspond with these zip codes. When a 

disease cases was reported in a zip code that did not match a corresponding ZCTA, the 

ZCTA was identified and recoded manually using an online Uniform Data System (UDS) 

Mapper conversion tool (John Snow, Inc. (JSI), 2020). 

Reportable disease data were received following completed data use agreements. 

Both data requests were designated as exempt from institutional review board approval as 

only aggregated and deidentified data were included. Reportable disease data included all 

confirmed, probable, or suspect cases, following the Centers for Disease Control and 

Prevention (CDC)’s appropriate case-definition (CDC, 2020).  

All four reportable diseases included in this study most commonly result in self-

limiting gastrointestinal illness. Confirmed, probable, and suspect cases reported for all 

four illnesses were included in the dataset. For campylobacteriosis, a confirmed case is 

one that meets the confirmed laboratory criteria for diagnosis and a probable case is 
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either a positive clinical specimen using a culture independent diagnostic test or a 

clinically compatible case that is epidemiologically linked to a case that meets a probable 

or confirmed laboratory diagnosis (Centers for Disease Control and Prevention, 2020). 

For salmonellosis, a confirmed case is one that meets the confirmed laboratory criteria for 

diagnosis and a probable case is one that meets the supportive laboratory criteria for 

diagnosis or a clinically compatible case that is epidemiologically linked to another 

confirmed or probable case (CDC, 2020). For cryptosporidiosis, a confirmed case is 

based on laboratory testing, a probable case may be a positive supportive laboratory test 

or a case that meets the clinical criteria and is epidemiologically linked to a confirmed 

case, and a suspect case is a diarrheal illness that is epidemiologically linked to a 

probable case (CDC, 2020). Finally, a confirmed cases of giardiasis is one that meets the 

clinical criteria for laboratory confirmation and a probable case is one that meets the 

clinical description and is epidemiologically linked to a confirmed case (CDC, 2020).  

Importantly, because reportable disease data is part of a passive surveillance 

system, reportable cases tend to underestimate the incidence of disease in the community 

(Wheeler et al., 1999). For example, one study done in the United Kingdom estimated 

that for every 1 case of infectious intestinal illness reported, there are an additional 136 

illnesses in the community (Wheeler et al., 1999). In addition, according to the CDC, 

completeness of the available data can depend on the disease itself, the availability of 

diagnostic facilities, control measures in effect, public awareness around a specific 

disease, and the resources and priorities of the officials responsible for reporting and 

conducting surveillance (CDC, 2020). However, because under-reporting is not likely to 

be correlated with season or weather-related variables, under-reporting was expected to 
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be consistent across the study period. For this reason, the observed relationships should 

not be affected by under-reporting of disease counts, although they may also be biased 

towards the null. In addition, other research has concluded that passive surveillance data 

is able to provide valuable information on both temporal variation as well as geographic 

factors impacting disease incidence (e.g., for cryptosporidiosis, Naumova et al., 2000). 

 

Weather Data 

Data on the total precipitation (including rain and melted snow) as well as on the 

average, minimum, and maximum temperature per month in Pennsylvania were retrieved 

from the online Parameter-elevation Relationships on Independent Slopes Model 

(PRISM) dataset created by Northwest Alliance for Computational Science & 

Engineering (NACSE), based at Oregon State University (NACSE, 2020). These data are 

created using both historical climate and elevation data collected from weather stations 

located across the United States to create a continuous-area dataset for historical weather 

variables using climatologically-aided interpolation (Daly et al., 2008). These data can be 

used to gather weather data in areas where weather stations are not present and are robust 

to areas with few surrounding weather stations (Daly et al., 2008). PRISM data were 

retrieved at the centroid of each ZCTA for each month from January 2014-December 

2018 in December 2019 (NACSE, 2020). The latitude and longitude of each ZCTA 

centroid was identified in ArcMap version 10.7.1 using the U.S. Census ZCTA 2010 

shapefile (U.S. Census Bureau, 2010). 

In addition to the PRISM data, weather data were also gathered from the National 

Oceanic and Atmospheric Administration (NOAA) online database (National Centers for 
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Environmental Information & National Oceanic and Atmospheric Administration, 2020). 

These data were used to gather information on the number of rain days (days with at least 

0.1inch or 2.54 mm of rain recorded) per month, which was available in the NOAA 

dataset but not in the PRISM dataset. In contrast to the PRISM data which creates a 

spatially continuous dataset using both climate and elevation data, NOAA data is only 

available by weather station. For this reason, data on the number of rain days per month 

from January 2014-December 2018 were retrieved from all weather stations located in 

Pennsylvania as well as the surrounding states (New York, New Jersey, Ohio, West 

Virginia, Delaware, and Maryland). Importantly, the stations that were available to 

provide weather data changed each month. For this reason, separate data files were 

retrieved for each month included in the analysis. 

Each monthly weather station dataset was imported into ArcMap version 10.7.1 

and the inverse distance weighting (IDW) tool was used to interpolate the point data into 

a continuous raster data file. IDW interpolates values by calculating a weighted average 

of the surrounding weather stations within a defined search radius (Shepard, 1968). IDW 

was done to estimate values in areas where weather station data were not available and to 

account for data from multiple weather stations. IDW creates a raster or continuous data 

file across the state. To calculate the number of rain days per month at each ZCTA, the 

interpolated raster data were averaged across each ZCTA area using the spatial statistics 

tool in ArcMap version 10.7.1. 

Other Data Sources 

Data on the locations of combined sewer outfalls in Pennsylvania were retrieved 

from the U.S. EPA’s website (U.S. EPA, Region 3, 2012). Data were provided for all of 
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the U.S. EPA’s mid-Atlantic region (region 3), which includes the state of Pennsylvania, 

and contains the point location for each outfall in the region. In order to improve 

comparisons made between ZCTA-level populations, demographic and economic 

variables that may impact the rates of the reportable diseases were gathered from the 

2017 American Community Survey (ACS) 5-year estimates. A description of these data 

and a discussion of the limitations around ACS estimates are described above. 
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CHAPTER 3 

CHARACTERIZING POPULATIONS LIVING NEAR CSO-IMPACTED 

WATERS IN PHILADELPHIA 

 
Introduction 

Exposure to natural waterways or “blue spaces” has been found to have health 

benefits, particularly for urban populations, by improving mental health, promoting 

physical activity, and enhancing overall quality of life (Cox et al., 2006; Gascon et al., 

2017; Haeffner et al., 2017; Völker & Kistemann, 2011). However, direct contact with 

contaminated water bodies can result in exposure to waterborne pathogens, which may 

result in illness (Colford et al., 2007; Hlavsa et al., 2015; McBride et al., 2013; Wade et 

al., 2008). In water bodies impacted by combined sewer overflows (CSOs), which release 

raw human sewage into natural waterways, concentrations of pathogens can be 

particularly high. Populations that reside in close proximity to these waterways could be 

at a higher risk of exposure to waterborne pathogens through recreation. Despite this, 

there is little information available on which populations may be more likely to live near 

CSO-impacted vs. non-impacted water bodies.  

Several studies have documented recreational activities in natural water bodies 

through survey methods, observations, and hidden cameras (Cabelli et al., 1979; Sunger 

et al., 2012; Turbow et al., 2003; Wade et al., 2008). However, while some studies have 

described the demographics of those who are more likely to have access to natural water 

bodies (e.g., Crawford et al., 2008; Haeffner et al., 2017; Wendel et al., 2011), there is 

little information available on the demographics of individuals who recreate along these 

waterways. 
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Geographic information systems (GIS) methods have been used in epidemiologic 

studies to measure inequitable exposure to environmental hazards, such as to landfills and 

highways (Allen et al., 2012; Fricker & Hengartner, 2001). These studies often find that 

minority or low-income communities are more likely to reside near these hazards, which 

can negatively impact health (Auchincloss et al., 2012; Taylor et al., 2007). These 

methods have also been used to investigate how residential proximity to community 

assets, such as parks and urban green space may promote healthy behaviors, like physical 

activity, which can in turn reduce obesity and improve mental health (Jennings et al., 

2012; Lee & Maheswaran, 2011; Maas et al., 2008).  

 This study will examine whether populations living near CSO-impacted waters, 

differ from those living near non-impacted waters. To do so this study incorporates 

survey data from adults recreating in CSO-impacted waters in Philadelphia with a GIS 

analysis. Survey data collected from adults recreating in or around three creeks and rivers 

in Philadelphia will be used to identify common travel methods and distances traveled to 

the sites. These data will inform a GIS analysis to compare populations living within 

reported travel distances to CSO-impacted water to populations living within the same 

distances to non-impacted water.  

 

Methods 

Survey Methods 

Survey data were collected at three sites along Cobbs Creek, Tacony Creek, and 

the Delaware River in Philadelphia. Sites were chosen as CSO-impacted areas where 

recreation is known to occur (based on observations and a previous hidden camera study, 
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Sunger et al., 2012). In addition, survey sites corresponded with sites used for water 

quality sampling to simultaneously understand relationships between exposure behavior 

and fecal contamination events (see Chapter 4). 

Recruitment and Administration 

Surveys were administered June-August 2018 and 2019 during at least one day 

per week at each site (total of 23 days in 2018 and 39 days in 2019). The time of day and 

the day of the week that surveys were administered varied to include diverse time points 

and account for variation in travel behaviors by day or time. For each administration day, 

members of the research team spent at least three hours in the field recruiting and 

administering surveys to all available persons at the sites (varying the start time, between 

10am and 4pm when recreation was observed to be most frequent).  

Participants were eligible to complete the survey if they were recreating at or near 

the study sites and were 18 years of age or older. All individuals who appeared eligible 

were approached by a member of the research team for recruitment. Prior to completing 

the survey, eligible individuals were read the consent form aloud by a member of the 

research team. Those who provided verbal consent were enrolled in the study.  

All survey questions were read aloud by a member of the research team and 

responses were recorded on site using paper and pencil. Surveys did not collect any 

identifying information. To gather survey data for those under the age of 18, participants 

were given the option of completing the survey on behalf of their child who was also 

present at the site and below the age of 18. After completing the survey, participants were 

given a copy of the informed consent which includes contact information for Dr. Heather 
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Murphy and Shannon McGinnis at the Water, Health, and Applied Microbiology 

(WHAM) lab.  

Survey Measures 

The survey collected data on demographic characteristics, recreational activities at 

the administration sites and at other creeks or rivers in Philadelphia, and motivations for 

recreating. Demographic data included age range (18-25, 26-35, 36-45, 46-55, 56-65, or 

65+), gender identity (Male, Female, Other), race (White, Black/African-American, 

Asian, Multiple, Other), Hispanic/Latinx ethnicity, and residential zip code. Measures of 

recreational activities included how often individuals visit the current site (past and 

future), the types of activities they engage in at this site (fishing, wading, playing, etc.), 

the days per week and minutes per day they engage in this activity/activities, whether 

they recreate at other locations in Philadelphia, the time of day they usually come to the 

site, and who they came to the site with (e.g., with family, children, friends, etc.). 

Measures of motivation included reasons why they like to recreate at this site, factors that 

made them more likely to visit this particular creek or river, and factors that made them 

less likely to visit this creek or river.  

In June-August 2019, the survey was modified to include travel-time measures to 

advise the GIS portion of the study. In total, 35 surveys were completed that included this 

measure. Participants were asked about the method used to travel to the site (car, public 

transit train/bus, or walking), how long it took them to travel there, and the approximate 

distance they traveled 
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Human Subjects Considerations 

Researchers administering the survey received training on the ethical conduct of 

human subjects research (CITI training). The original survey data collection protocol and 

measures were approved by Temple University’s Institutional Review Board in May 

2018 and modifications were approved in June 2019 (Protocol Number 25159). 

Modifications for the 2019 survey included changes to the research team and the 

addition/modification of survey questions.  

GIS Methods 

Road Networks and Spatial Buffers 

Travel method, travel time and travel distance measures reported by survey 

participants were used to develop the network buffer maps. For the most common travel 

methods reported, the mean, 5th, and 95th percentile travel distances were calculated and 

used to define the network buffers sizes. 

Network buffers were created around all street junctions within 100m of the parks 

(as a proxy of park access locations) along a network file created using 2018 ArcGIS 

StreetMap premium data (ESRI, 2018). Previous research has suggested that network 

analysis methods for measuring proximity based on travel distance are more reflective of 

actual travel behavior than Euclidean buffers (circular buffers around the sites) (Mohai & 

Saha, 2006; Oh & Jeong, 2007). Although, some have argued that Euclidean buffers can 

account for the fact that pedestrians may use informal routes (not along street networks) 

to get to their destinations, network analysis methods may be more useful in urban areas 

with a large amount of buildings, fences, etc. that block pedestrians from taking routes 

that are not along roadways (Hewko et al., 2002; Nicholls, 2001). In addition, previous 
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studies have found the distance individuals are willing to travel is dependent on travel 

method (McCormack et al., 2006). For this reason, distance traveled was analyzed 

separately for each travel method reported. Buffers were made using the service area 

function the network analyst extension in in ArcMap. All GIS analyses were done in 

ArcMap version 10.7.1. 

Exposure variables 

The most recent (2017) American Community Survey (ACS) 5-year estimates 

were accessed via the American Fact Finder website run by the U.S. (U.S. Census 

Bureau, 2019). When available, data were retrieved at the census block group level. This 

includes data on the total population, percentage of individuals in different racial groups, 

percentage of individuals who are Hispanic/Latinx, percentage with different gender 

identities, median age, and median household income (Bureau, 2017). Other variables 

including the percentage of the population in poverty in the past 12 months (living below 

the federal poverty line for each year of the survey) and the Gini index of income 

inequality were only available at the census tract-level. The Gini index is a relative 

measure of income inequality which has been used in the environmental justice literature 

to compare inequality across populations (Harper et al., 2013).  

Outcome variables 

Potential recreation sites in Philadelphia were identified as public park spaces that 

contained or were next to a natural waterbody. To calculate this, we obtained the 

coordinates of public parks in Philadelphia (Pennsylvania Spatial Data Access, 2016) and 

coordinates for waterbodies and combined sewer outfalls in Philadelphia 

(OpenDataPhilly, 2019). Shapefiles for 2017 census block groups and census tracts in 
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Philadelphia were obtained from the U.S. Census Bureau (U.S. Census Bureau, 2019). 

Potential recreation sites were classified as CSO-impacted (downstream of a combined 

sewer outfall) or non-impacted (either upstream of an outfall, or along a waterbody that 

does not contain any outfalls).  

Characteristics of block-groups or tracts within the travel distance to CSO-

impacted and non-impacted waters were compared using two methods: (1) proportional 

split and (2) modified Poisson regression. First, the “proportional split” method was used 

to combine data across the proportion of each block group (or tract, where applicable) 

included in the travel distance buffer area. In this method, ACS estimates for continuous 

variables (e.g., median age, median income) or the total block group population in each 

category for categorical variables (e.g., sex, race) were multiplied by the proportion of 

the block group/tract that overlapped each travel-distance buffer (Schlossberg, 2003). 

Data (including ACS estimates and margins of errors) were then aggregated across all 

block groups/tracts or proportions of block groups/tracts located in each buffer area to get 

combined population characteristics. We then compared population sociodemographics 

between areas within the travel distances to CSO-impacted and within the travel distances 

to non-impacted waterbodies. This method conforms to the exact shape of the buffer area 

and allows for individual block groups to contribute some proportion to both CSO-

impacted and non-impacted groups (e.g., if part of the area falls within the CSO-impacted 

and another part falls within the non-impacted buffer). However, in the cases where the 

two buffer zones overlapped (the same area was contained within both CSO-impacted 

and non-impacted buffers), this area was considered CSO-impacted for the analysis. 

Additionally, this method accounts for ACS sampling error in the estimates.  
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The second method uses modified Poisson regression to examine independent 

associations between demographic or economic variables and whether block groups had 

more than 50% of their area within the reported travel distance buffer to CSO-impacted 

waters or non-impacted waters. Details around model development are described in the 

statistical analysis section below. 

Exclusion Criteria and Data Management 

Of the 1,336 census block groups in Philadelphia, 8 were non-residential (total 

population=0 in ACS data) and were removed from the analysis. For some census block 

groups, median income (n=137) or GINI index (n=1) data were missing (accounted for 

10.3% of census block groups). While some have argued that when data is missing from 

more than 10% of cases, analyses that account for missing data are likely to produce 

biased results (Bennett, 2001), others have found that when using multiple imputation 

(MI), it is possible to reduce this bias even when the proportion of missingness is large 

(Madley-Dowd et al., 2019). For this reason, MI was done using the other ACS variables 

with the “mice” package in R to create 5 imputed datasets (Van Buuren, Oudshoorn, & 

de Jong, 2007).  

The relationships between the variables used for MI and the median income 

variable were examined prior to conducting MI (this was not done for the Gini index 

variable as it was only missing for n=1 case). After completing the MI, density plots and 

convergence plots were examined to determine whether the imputation was successful 

and the imputed data were plausible. These analyses are summarized in Appendix D.  

Imputed data were then examined using descriptive statistics, density plots, and 

convergence plots to determine whether the multiple imputation was successful and the 
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imputed data were plausible. All analyses were done using pooled results from these 

imputed datasets to account for missing data.  

Statistical Analysis 

All statistical analyses were done in R version 3.5.2. Differences in survey 

respondents’ demographic characteristics (age, sex, and race) by site and by year of 

survey administration were assessed using Fisher’s exact tests. Descriptive statistics were 

reported for survey respondents’ demographics, recreation behaviors, motivations for 

recreating, and travel behaviors.  

To aggregate census block group data by the proportion (by area) located within 

the buffer areas (proportional split method), the “tidycensus” package in R was used. 

This package was used to combine census block group (or tract)-level ACS data into 

aggregate estimates and margins of errors. Then, comparisons were made between the 

two combined areas (CSO-impacted and non-impacted) using z-tests in R, as 

recommended by the U.S. Census Bureau (United States Department of Commerce & 

U.S. Census Bureau, 2018). 

Modified Poisson regression models were used to determine which independent 

correlates were associated with whether individual census block groups (or tracts) had 

more than 50% of their area within the reported travel distance buffer to CSO-impacted 

waters. This method was selected because this study violates the rare outcome 

assumption (outcome occurs greater than 10% of the time) and therefore, logistic 

regression that estimates odds ratios would provide biased estimates (Rothman et al., 

2008). Further, studies that have compared methods to estimate relative risk have found 

that Poisson models provide reliable estimates of relative risk and do not encounter the 
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same convergence issues as log-binomial models (Barros & Hirakata, 2003; Chen et al., 

2018; Yelland et al., 2011; Zou, 2004). 

Unadjusted models that explored associations between each individual covariate 

and whether block groups/tracts had more than 50% of their area within the CSO-

impacted vs. the non-impacted buffer used modified Poisson regression with robust error 

variance using the sandwich estimator (via the “sandwich” package in R) (Zou, 2004). 

For adjusted models, Poisson regression with generalized estimating equations were used 

to adjust for clustering at the census tract level while attaining robust error variance 

(Yelland et al., 2011). All models compared ACS data from census block groups (or 

tracts) that had more than 50% of their area within the reported travel distance buffer to 

CSO-impacted waters to those than had more than 50% of their area within the reported 

travel distance buffer to non-impacted waters. Adjusted models were assessed for 

multicollinearity by calculating the variance inflation factor (VIF) (high multicollinearity 

was defined as having a VIF that is greater than 4, Hair et al., 2010). When all variables 

were included in one model, the race variables (white, black, or other race) had high 

multicollinearity. For this reason, in the adjusted model, only the percent white variable 

was included to account for race. 

Because the modified Poisson regression models only include ACS estimates and 

do not account for sampling error, the relative error of the ACS estimates was explored 

by calculating the coefficients of variation (CV, equal to the standard error divided by the 

estimate) for each of the ACS estimates included in the analysis. While it has been 

suggested that estimates with a CV>0.40 should be considered “unreliable” (ESRI, 2014; 



 

38 

Spielman & Singleton, 2015) for small-area geographies, such as the census block group, 

it is very common to see CVs greater than 0.40 (Starsinic & Tersine, 2007).  

In Philadelphia, out of the 1,328 residential census block groups in the city, only 

26 (2%) had CVs<0.40 for all of the variables included in this analysis and 748 (56%) 

had CVs<1 for all variables included in this analysis. Further, prior research suggests that 

areas with higher CV values may differ from those with lower CV values based on 

demographic and economic characteristics. For example, one study found areas with 

higher CV values are more likely to be lower income than those with lower CV values 

(Folch et al., 2016). For this reason, while sensitivity analyses were done to explore the 

impact of error on the results, all residential census block groups were included in the 

analysis, regardless of their CV values.  

Sensitivity Analyses 

Sensitivity analyses were done to determine the impact of the analytic strategy on 

results. First, both the proportional split method as well as Poisson regression models 

were repeated after reclassifying areas where CSO-impacted and non-impacted buffers 

overlapped as non-impacted, rather than CSO-impacted. Next, additional Poisson models 

were run where the outcome was whether census block groups were located 100% within 

the CSO-impacted or non-impacted buffer (rather than 50%), to determine whether the 

decision to define the outcome as whether block groups were located 50% within the 

buffer area, rather than 100% within the buffer area, impacted results. Finally, analyses 

were conducted using only census block groups with CV values less than 1 for all ACS 

variables in the model. These analyses determined the impact of high ACS sampling error 

on model results. 
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Results 

Survey Results 

In total, 58 surveys were completed including 23 in 2018 and 35 in 2019. During 

data collection, only one participant who was a parent or guardian of a child under the 

age of 18 recreating at the site chose to complete the survey on behalf of their child. For 

this reason, this response was removed from analysis. In addition, one other respondent 

reported that they were not a resident of Philadelphia and was excluded from the analysis. 

After these participants were removed, a total of 56 surveys were analyzed.  

Demographic Characteristics 

For each site, Fisher’s exact tests found non-significant differences in 

participants’ age range (18-25, 26-35, 36-45, 46-55, 56-65, or 65+), gender identity 

(Male, Female, Other), race (White, Black/African-American, Asian, Multiple, Other), 

and ethnicity by year (p>0.05). For this reason, data were combined across both years and 

analyzed together. Results include 28 surveys collected at the Delaware River site, 7 

surveys collected at the Cobbs Creek site, and 21 surveys collected at the Tacony Creek 

site. The numbers of surveys collected at each site were reflective of the number of 

people observed at each site with a much higher number of individuals observed 

recreating at the Delaware River and Tacony Creek site compared to the Cobbs Creek site 

(data reported in Chapter 4).  

Survey participants’ demographic information are summarized by site in Table 

3.1 below. Fisher exact tests found no significant differences in gender or race categories 

across sites. However, there were statistically significant differences in the percent of 

participants who were Hispanic/Latinx across sites (p<0.05, Table 3.1), with 62% of 
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respondents reporting their ethnicity as Hispanic/Latinx at the Tacony Creek site, 

compared to 8% at the Delaware River and 1% at Cobbs Creek. Additionally, significant 

differences were observed among respondents’ age categories at three sites. The age 

category with the largest percent of respondents was 18-25 at Tacony Creek (48%), 26-35 

at the Delaware River (36%), and 36-45 at Cobbs Creek (43%).  

 

Table 3.1.  
Self-reported demographics of survey participants (n=56). 

Demographic 
Variable Categories 

Cobbs 
Creek  
N (%) 

Tacony 
Creek  
N (%) 

Delaware 
River 
N (%) 

p-value 

Gender Male 5 (71) 18 (86) 15 (54) 0.056 
 Female 2 (29) 3 (14) 13 (46) 

Race White 3 (43) 4 (19) 10 (36) 0.240 
 Black/African 

American 
4 (57) 5 (24) 4 (14) 

Asian 0 (NA) 2 (10) 0 (NA) 
Other/Multiple 0 (NA) 6 (29) 10 (36) 

Hispanic/Latinx Yes 1 (14) 13 (62) 8 (29) 0.028 
No 6 (86) 8 (38) 20 (71) 

Age 18-25 1 (14) 10 (48) 5 (18) 0.030 
26-35 0 (NA) 3 (14) 10 (36) 
36-45 3 (43) 5 (24) 9 (32) 
46-55 1 (14) 1 (5) 1 (4) 
56-65 2 (29) 0 (NA) 2 (7) 
66+ 0 (NA) 1 (5) 0 (NA) 

 

Recreation Behaviors 

The median number of visits respondents reported making to the sites during the 

May-September swimming season were 4 visits per month or approximately one per 

week across all sites. Responses ranged from 1-30 visits per month at Cobbs Creek and 

Tacony Creek and 1-16 visits per month at the Delaware River.  
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The most common time of day respondents visited the sites, across all sites, was 

the afternoon (n=31, 55%) and morning (n=24, 43%) which was also the time when 

surveys were distributed. Finally, the majority of participants interviewed across all sites 

were there with other people (n=29, 83% question asked in 2019 only) including with 

children (n=13, 37%), friends (n=11, 31%), their partner (n=3, 9%), neighbors (n=3, 9%), 

parents (n=1, 3%), and others (n=14, 40%). 

Travel Time and Distance 

Data on participants’ travel method, travel time, and travel distance to get to the 

sites were collected in 2019 surveys only. In total, 15 participants reported walking 

(45%), 7 reported biking (21%), 18 reported driving (55%), and one reported taking a 

rideshare service (3%) to the site. If applicable, participants were also asked about their 

travel methods/distances to other sites where they recreate in Philadelphia. A total of 21 

individuals (36%) reported going to other sites in the city. On average, these individuals 

reported going to 1.5 other sites. Among these participants, 8 reporting walking (24%), 5 

reporting biking (15%), and 8 reported driving e (24%) to the site.  

Based on these responses, walking and driving were the two most popular forms 

of transportation to the sites. However, observational data (reported in Chapter 4) found 

that a large proportion of individuals at the sites were children who were there without an 

adult present (therefore, they could not complete a survey). For this reason, and because 

walking is the most widely accessible mode of transportation across age groups (Miyake 

et al., 2010; Nicholls, 2001), network maps were created using the travel time and travel 

distance participants reported walking to the sites.  
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 The mean, 5th percentile, and 95th percentile travel distances and travel times 

participants reported walking to the sites were calculated to create the network buffers. 

To determine the distance participants walked to the sites when only travel time was 

reported (or when distance was reported but not plausible, e.g. one participant reported 

walking 20km in 25 minutes), walking time was converted to distance based on an 

average pedestrian walking speed of 1.42m/s or 0.0852km/min (Fitzpatrick et al., 2006). 

After removing one outlier, the distance participants reported walking to the sites was 

approximately normally distributed with a mean value of 1.4km (95% CI:800m - 1.6km). 

GIS Analysis Results 

A map displaying network buffers created around CSO-impacted and non-

impacted areas using the mean, 5th percentile, and 95th percentile values participants 

reported walking to the sites is displayed in Figure 3.1 below. Figure 3.1 also displays 

sites where survey data were collected. Buffer areas that overlapped both the CSO-

impacted and non-impacted areas were considered to be CSO-impacted for the analysis.  
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Figure 3.1. Network buffers within an acceptable walking distance to CSO-impacted and 
non-CSO-impacted sites. 
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In addition, maps displaying the spatial distribution of key ACS variables 

included in this analysis are displayed in Figures 3.2-3.10 below. 

 
 

 

 

 

 

 
 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.2. Population density per 
census block group in Philadelphia. 
 

Figure 3.3. Percent white population per 
census block group in Philadelphia. 
 

Figure 3.4. Percent black population per 
census block group in Philadelphia. 
 

Figure 3.5. Percent of the population in 
“other” race groups per census block 
group in Philadelphia. 
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Figure 3.8. Median income per census 
block group in Philadelphia. 
 

Figure 3.6. Percent Hispanic/Latinx 
population per census block group in 
Philadelphia. 
 

Figure 3.7. Median age per census block 
group in Philadelphia. 
 

Figure 3.9. Percent of the population in 
poverty per census tract in Philadelphia. 
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Table 3.2 displays demographic and economic characteristics of populations 

living within the 800m, 1,400m, and 1,600m CSO-impacted or non-impacted buffers. 

Data for Table 3.2 were generated using the “proportional split” method where data for 

each census block group was multiplied by the proportion located within the CSO-

impacted or non-impacted buffer areas and aggregated together.  

Figure 3.10. Gini index per census tract 
in Philadelphia. 
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Table 3.2 
2017 ACS 5-year estimates and standard errors for areas located within the CSO-impacted and non-impacted travel 
distance buffers using the proportional split method (p<0.05, Est = estimate, SE = standard error).3 

Demographic 
and Economic 
Variables 

800m 1,400m 1,600m 
Within CSO-

Impacted Buffer 
Within non-

Impacted Buffer 
Within CSO-

Impacted Buffer 
Within non-

Impacted Buffer 
Within CSO-

Impacted Buffer 
Within non-

Impacted Buffer 
Est SE Est SE Est SE Est SE Est SE Est SE 

Total 
Population 

156,502 5,601.50 203,432 4,612.57 330,796 8,306.25 313,267 6,262.93 395,435 9,038.24 348,626 6,747.12 

Population 
Density (per 
sq. km) 

5,610.28 
 

200.80 
 

2,411.02 
 

54.67 
 

5,762.59 
 

144.69 
 

2,551.50 
 

51.01 5,809.97 
 

132.79 
 

2,597.37 
 

50.27 
 

Proportion 
White 

0.25 0.02 0.67 0.02 0.29 0.01 0.62 0.02 0.31 0.01 0.60 0.02 

Proportion 
Black 

0.56 0.04 0.24 0.02 0.55 0.02 0.27 0.01 0.54 0.02 0.29 0.01 

Proportion  
Other Race1 

0.18 0.02 0.10 0.01 0.16 0.01 0.10 0.01 0.16 0.01 0.11 0.01 

Proportion 
Hispanic/ 
Latinx 

0.18 0.02 0.07 0.01 0.15 0.01 0.07 0.01 0.15 0.01 0.07 0.01 

Median Age 34.21 1.65 40.74 1.22 33.80 1.12 40.00 1.06 33.80 1.03 39.70 1.02 

Proportion in 
Poverty2 

0.23 0.02 0.11 0.01 0.25 0.02 0.13 0.01 0.25 0.01 0.13 0.01 

Median 
Household 
Income 

$40,363 2,425.01 $58,618 219.17 $38,551 1,681.80 $56,414 2,001.10 $38,583 1,529.50 $54,915 1,942.97 

GINI Index2 0.46 0.02 0.43 0.01 0.47 0.01 0.44 0.01 0.47 0.01 0.44 0.01 
1Includes racial groups that represent less than 10% of the population (Asian, American Indian/Alaskan Native, Native 
Hawaiian/Pacific Islander, or some other race). 
2 Data only available at the census tract-level. 
3All variables statistically differ across all buffer areas.  
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Results presented in Table 3.2 show that using the estimates and standard errors 

reported in the ACS data, significant differences were found between each demographic 

and economic variable explored and for each road network distance when comparing 

census block groups or tracts that had at least 50% of their area within the CSO-impacted 

and non-impacted buffers (p<0.05). Areas within the CSO-impacted buffers were more 

densely populated, had a higher proportion black population, a higher proportion of the 

population in “other” race categories (race categories that included less than 10% of the 

total population), and a higher proportion Hispanic/Latinx population, than those in the 

non-impacted buffers. In addition, areas within the CSO-impacted buffer had a lower 

median age, a higher proportion of its population in poverty, a lower median household 

income, and a higher measure of neighborhood inequality (Gini index) (Table 3.2). 

Results of the unadjusted modified Poisson regression models (Table 3.3) also 

found statistically significant differences when comparing census block groups/tracts that 

had more than 50% of their area within the CSO-impacted buffer to those that had more 

than 50% of their area within the non-impacted buffer for all demographic and economic 

variables (p<0.05). Compared to census block groups/tracts with more than 50% of their 

area within the non-impacted buffers, those with more than 50% of their area within the 

CSO-impacted buffers had higher population densities, lower percent white populations, 

higher percent black or “other” race populations, higher percent Hispanic/Latinx 

populations, lower median ages, higher percentages of the population living in poverty, 

lower median household incomes, and higher measure of income inequality (Table 3.3). 

These findings align with results presented Table 3.2 above.
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Table 3.3 
Unadjusted modified Poisson models comparing census block groups or tracts that had more than 50% of their area within 
the CSO-impacted travel distance buffer to those that had more than 50% of their area within the non-impacted travel 
distance buffer (all estimates are standardized, PR= prevalence ratio). 

Demographic and Economic 
Variables 

800m 
(n=127 in CSO-impacted, 

n=152 in non-impacted 
buffer) 

1,400m 
(n=278 in CSO-impacted, 

n=247 in non-impacted 
buffer) 

1,600m 
(n=339 in CSO-impacted, 

n=274 in non-impacted 
buffer) 

Unadjusted Prevalence Ratio Unadjusted Prevalence Ratio Unadjusted Prevalence Ratio 
PR 95% CI PR 95% CI PR 95% CI 

Population Density  
(per sq. km) 

1.66 (1.41, 1.94) 1.45 (1.30, 1.60) 1.42 (1.29, 1.56) 

Percent White 0.51 (0.42, 0.62) 0.66 (0.58, 0.74) 0.70 (0.63, 0.78) 
Percent Black 1.62 (1.36, 1.93) 1.39 (1.24, 1.57) 1.33 (1.19, 1.47) 
Percent Other Race1 1.31 (1.12, 1.51) 1.17 (1.03, 1.31) 1.13 (1.00, 1.25) 
Percent Hispanic/Latinx 1.28 (1.09, 1.47) 1.21 (1.07, 1.37) 1.21 (1.07, 1.35) 

Median Age 0.69 (0.57, 0.83) 0.78 (0.69, 0.88) 0.81 (0.72, 0.90) 
Percent in Poverty2 1.54 (1.36, 1.74) 1.36 (1.21, 1.51) 1.32 (1.19, 1.45) 
Median Household Income 0.51 (0.51, 0.77) 0.69 (0.62, 0.77) 0.71 (0.64, 0.78) 
GINI Index of Income 
Inequality2 

1.24 (1.10, 1.39) 1.20 (1.07, 1.35) 1.20 (1.08, 1.33) 

1 Includes racial groups that represent less than 10% of the population (Asian, American Indian/Alaskan Native, Native Hawaiian/Pacific 
Islander, or some other race). 
2 Data only available at the census tract-level. 



 

50 
 

50

Results of adjusted modified Poisson regression models that accounted for 

clustering at the census tract level using generalized estimating equations (GEE) are 

summarized in Table 3.4. There were statistically significant differences across all buffer 

sizes for the population density (standardized adjusted prevalence ratio (APR)=1.33 for 

the 1.4km buffer), percent white (APR=0.76 for the 1,400m buffer), percent 

Hispanic/Latinx (APR=1.13 for the 1.4km buffer), and the percent in poverty (APR=1.21 

for the 1.4km buffer) variables. Nonsignificant differences were observed for the median 

age and Gini index variables across all buffer sizes. Finally, for the median income 

variable, significant differences were observed between the 800m buffer area 

(APR=1.33) but not for the 1.4km or 1.6km buffer areas (Table 3.4).  

 Results of the proportional split analyses as well as both the unadjusted and 

adjusted models found census block groups/tracts with more than 50% of their area 

within the CSO-impacted travel distance buffer were more densely populated, had lower 

percent white populations, higher percent Hispanic/Latinx populations, lower median 

ages, and higher percentages of residents in poverty than those with more than 50% of 

their area within the non-impacted travel distance buffer.  
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Table 3.4 
Adjusted modified Poisson regression models, using GEE to adjust for clustering within census tracts, comparing census 
block groups that had more than 50% of their area within the reported travel distance buffer to CSO-impacted waters to 
those that had more than 50% of their area within the travel distance buffer to non-impacted waters (all estimates are 
standardized, PR= prevalence ratio). 
Demographic and Economic 
Variables 

800m 
(n=127 in CSO-impacted, 

n=152 in non-impacted 
buffer) 

1,400m 
(n=278 in CSO-impacted, 

n=247 in non-impacted 
buffer) 

1,600m 
(n=339 in CSO-impacted, 

n=274 in non-impacted 
buffer) 

Adjusted Prevalence Ratio Adjusted Prevalence Ratio Adjusted Prevalence Ratio 
PR 95% CI PR 95% CI PR 95% CI 

Population Density (per sq. 
km) 

1.34 (1.13, 1.58) 1.33 (1.21, 1.47) 1.35 (1.24, 1.47) 

Percent White 0.52 (0.39, 0.68) 0.76 (0.64, 0.90) 0.81 (0.70, 0.94) 
Percent Hispanic/Latinx 1.23 (1.10, 1.37) 1.13 (1.05, 1.22) 1.14 (1.06, 1.23) 
Median Age 0.94 (0.84, 1.05) 0.91 (0.85, 0.99) 0.94 (0.88, 1.01) 
Percent in Poverty1 1.32 (1.12, 1.54) 1.21 (1.09, 1.35) 1.21 (1.10, 1.33) 
Median Household Income 1.33 (1.05, 1.69) 0.98 (0.83, 1.14) 0.97 (0.85, 1.11)  
GINI Index of Income 
Inequality1 

1.06 (0.89, 1.25) 1.04 (0.94, 1.16) 1.06 (0.97, 1.17) 

1 Data only available at the census tract-level. 
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Sensitivity Analyses Results 

Three sets of sensitivity analyses were done to determine the impact of the 

analytic strategy on results. First, results of a sensitivity analysis that reclassified 

overlapping buffer areas as non-impacted, as opposed to CSO-impacted as in Tables 3.2-

3.4, are reported in Tables 3.5-3.7 below.  

Generally, estimates reported in these tables are similar to those in Tables 3.2-3.4. 

As above, all variables explored using the proportional split method (Table 3.5) were 

significantly different between CSO-impacted and non-impacted areas and were in the 

same direction as in Table 3.2. For the unadjusted models (Table 3.6), results for all 

variables (except for the Gini coefficient) were of similar magnitude to Table 3.3 and 

were also statistically significant. In Table 3.6, the Gini coefficient was not significantly 

different for the 800m and 1,400m buffers, while in Table 3.3 the Gini coefficient was 

significantly different for all buffer sizes.  

Results of adjusted models (Table 3.7) also found significant differences for 

population density, percent white, and percent Hispanic/Latinx of similar magnitude as 

those in Table 3.4. In addition, like Table 3.4, results in Table 3.7 found nonsignificant 

differences in the Gini index across all buffer sizes. However, unlike Table 3.4, results in 

Table 3.7 found significant differences in median income for the 1,600m buffer.  
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Table 3.5 
2017 ACS 5-year estimates and standard errors for areas located within the CSO-impacted and non-impacted travel distance 
buffers using the proportional split method, after reclassifying overlapping travel buffer areas as non-impacted (p<0.05, 
Est=estimate, SE=standard error).3 

Demographic 
and Economic 
Variables 

800m 1,400m 1,600m 
Within CSO-

Impacted Buffer 
Within non-

Impacted Buffer 
Within CSO-

Impacted Buffer 
Within non-

Impacted Buffer 
Within CSO-

Impacted Buffer 
Within non-

Impacted Buffer 

Est SE Est SE Est SE Est SE Est SE Est SE 
Total 
Population 

133,775 3,044.55 206,473 4,690.74 211,622 6,120.19 222,909 3,132.13 200,529 3,441.66 255,194 3,129.57 

Population 
Density (per 
sq. km) 

6,080.04 138.37 2,588.45 58.81 6,643.78 192.14 3,656.41 98.33 7,357.16 126.27 2,926.22 114.82 

Proportion 
White 

0.27 0.01 0.66 0.06 0.31 0.02 0.56 0.03 0.27 0.01 0.60 0.03 

Proportion 
Black 

0.56 0.02 0.25 0.03 0.54 0.03 0.33 0.02 0.57 0.02 0.29 0.02 

Proportion 
Other Race1 

0.18 0.01 0.10 0.01 0.15 0.01 0.11 0.01 0.16 0.01 0.11 0.01 

Proportion 
Hispanic/ 
Latinx 

0.19 0.01 0.07 0.01 0.15 0.02 0.07 0.01 0.17 0.01 0.07 0.04 

Median Age 34.06 1.04 40.70 1.22 33.83 1.31 39.05 0.73 34.01 0.80 39.96 0.65 

Proportion in 
Poverty2 

0.23 0.02 0.11 0.01 0.25 0.02 0.13 0.01 0.25 0.01 0.13 0.01 

Median 
Household 
Income 

$41,715 1,576.97 $58,075 2,187.50 $39,415 1,928.79 $52,696 1,316.10 $40,006 1,198.65 $54,490 1,146.38 

GINI Index2 0.46 0.01 0.43 0.01 0.47 0.01 0.44 0.01 0.47 0.01 0.44 0.01 
1Includes racial groups that represent less than 10% of the population (Asian, American Indian/Alaskan Native, Native Hawaiian/Pacific Islander, or 
some other race). 
2 Data only available at the census tract-level. 
3All variables statistically differ across all buffer areas.  
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Table 3.6 
Unadjusted modified Poisson models comparing census block groups or tracts that had more than 50% of their area 
within the CSO-impacted travel distance buffer to those that had more than 50% of their area within the non-impacted 
travel distance buffer, after reclassifying overlapping travel buffer areas as non-impacted (all estimates are standardized, 
PR= prevalence ratio). 

Demographic and 
Economic Variables 

800m 
(n=105 in CSO-impacted, 

n=154 in non-impacted 
buffer) 

1,400m 
(n=168 in CSO-impacted, 

n=184 in non-impacted 
buffer) 

1,600m 
(n=142 in CSO-impacted, 

n=174 in non-impacted 
buffer) 

Unadjusted Prevalence Ratio Unadjusted Prevalence Ratio Unadjusted Prevalence Ratio 
PR 95% CI PR 95% CI PR 95% CI 

Population Density  
(per sq. km) 

1.83 (1.52, 2.19) 1.50 (1.31, 1.71) 1.65 (1.43, 1.90) 

Percent White 0.48 (0.38, 0.59) 0.71 (0.62, 0.84) 0.55 (0.46, 0.65) 
Percent Black 1.68 (1.39, 2.03) 1.29 ( 1.12, 1.50) 1.58 (1.35, 1.86) 
Percent Other Race1 1.33 (1.12, 1.56) 1.16 (0.99, 1.36) 1.22 (1.04, 1.41) 
Percent Hispanic/Latinx 1.32 (1.12, 1.53) 1.24 (1.04, 1.45) 1.27 (1.09, 1.45) 
Median Age 0.67 (0.55, 0.82) 0.81 (0.69, 0.94) 0.71 (0.59, 0.84) 
Percent in Poverty2 1.55 (1.32, 1.80) 1.30 (1.12, 1.50) 1.47 (1.28, 1.68) 
Median Household Income 0.65 (0.52, 0.81) 0.78 (0.66, 0.91) 0.68 (0.56, 0.81) 
GINI Index of Income 
Inequality2 

1.16 (0.96, 1.40) 1.06 (0.91, 1.24) 1.18 (1.00, 1.39) 

1Includes racial groups that represent less than 10% of the population (Asian, American Indian/Alaskan Native, Native 
Hawaiian/Pacific Islander, or some other race). 
2 Data only available at the census tract-level. 
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Table 3.7 
Adjusted modified Poisson regression models, using GEE to adjust for clustering within census tracts, comparing census 
block groups that had more than 50% of their area within the reported travel distance buffer to CSO-impacted waters to 
those that had more than 50% of their area within the travel distance buffer to non-impacted waters, after reclassifying 
overlapping travel buffer areas as non-impacted (all estimates are standardized, PR= prevalence ratio). 

Demographic and Economic 
Variables 

800m 
(n=105 in CSO-impacted, 

n=154 in non-impacted 
buffer) 

1,400m 
(n=168 in CSO-impacted, 

n=184 in non-impacted 
buffer) 

1,600m 
(n=142 in CSO-impacted, 

n=174 in non-impacted 
buffer) 

Adjusted Prevalence Ratio Adjusted Prevalence Ratio Adjusted Prevalence Ratio 
PR 95% CI PR 95% CI PR 95% CI 

Population Density (per sq. 
km) 

1.41 (1.14, 1.73) 1.46 (1.29, 1.66) 1.41 (1.18, 1.69) 

Percent White 0.46 (0.35, 0.61) 0.80 (0.65, 0.98) 0.60 (0.47, 0.77) 
Percent Hispanic/Latinx 1.28 (1.13, 1.45) 1.13 (1.02, 1.26) 1.22 (1.10, 1.35) 
Median Age 0.93 (0.82, 1.06) 0.93 (0.84, 1.04) 0.91 (0.81, 1.03) 
Percent in Poverty1 1.30 (1.09, 1.56) 1.21 (1.04, 1.42) 1.32 (1.15, 1.52) 
Median Household Income 1.44 (1.17, 1.77) 1.02 (0.86, 1.20) 1.25 (1.03, 1.52) 
GINI Index of Income 
Inequality1 

0.99 (0.80, 1.22) 0.92 (0.78, 1.09) 1.00 (0.85, 1.19) 

1Data only available at the census tract-level. 
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A second sensitivity analysis was done where modified Poisson models were used 

to compare census block groups that were located 100% by area within the two buffer 

areas, rather than 50% as in Tables 3.3-3.4. Results of the unadjusted models (Table 3.8) 

are of similar magnitude to those in Table 3.3. However, while all variables were 

significantly different across all buffer sizes in Table 3.3, in Table 3.8, the percent 

Hispanic/Latinx and median age variables were not significant across the 800m buffers, 

the Gini coefficient variable was not significant across the 800 and 1,400m buffers, and 

the other race variable was not significant across the 1,400 and 1,600m buffers.  

Results of the adjusted models (Table 3.9) also found significant differences for 

the population density, percent white, percent Hispanic/Latinx, and percent in poverty 

variables across all buffer sizes that were of similar magnitude to those in Table 3.4. 

However, unlike Table 3.4, the adjusted models in this sensitivity analysis found 

nonsignificant differences in median household income and percent Hispanic/Latinx for 

the 800m buffer (Table 3.9). This is likely due in part to a reduced sample size within 

each buffer area when classifying the outcome as those located 100% as opposed to 50% 

within the buffer area. 
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Table 3.8 
Unadjusted modified Poisson models comparing census block groups or tracts that had 100% of their area within the CSO-
impacted travel distance buffer to those that had 100% of their area within the non-impacted travel distance buffer (all 
estimates are standardized, PR= prevalence ratio). 

Demographic and Economic 
Variables 

800m 
(n=51 in CSO-impacted, 

n=50 in non-impacted buffer) 

1,400m 
(n=182 in CSO-impacted, 

n=119 in non-impacted 
buffer) 

1,600m 
(n=232 in CSO-impacted, 

n=141 in non-impacted 
buffer) 

Unadjusted Prevalence Ratio Unadjusted Prevalence Ratio Unadjusted Prevalence Ratio 
PR 95% CI PR 95% CI PR 95% CI 

Population Density  
(per sq. km) 

1.80 (1.39, 2.32) 1.40 (1.23, 1.58) 1.37 (1.22, 1.54) 

Percent White 0.57 (0.42, 0.76) 0.68 (0.58, 0.79) 0.73 (0.63, 0.83) 
Percent Black 1.45 (1.12, 1.90) 1.35 (1.17, 1.56) 1.28 (1.13, 1.45) 
Percent Other Race1 1.30 (1.02, 1.62) 1.15 (0.99, 1.32) 1.14 (0.99, 1.29) 
Percent Hispanic/Latinx 1.25 (0.99, 1.53) 1.16 (1.00, 1.32) 1.16 (1.01, 1.31) 
Median Age 0.77 (0.57, 1.00) 0.85 (0.73, 0.99) 0.87 (0.76, 0.99) 
Percent in Poverty2 1.59 (1.21, 2.03) 1.33 (1.17, 1.52) 1.30 (1.15, 1.46) 
Median Household Income 0.79 (0.50, 0.93) 0.72 (0.63, 0.87) 0.73 (0.64, 0.86) 
GINI Index of Income 
Inequality2 

1.08 (0.81, 1.42) 1.11 (0.95, 1.29) 1.09 (0.95, 1.25) 

1Includes racial groups that represent less than 10% of the population (Asian, American Indian/Alaskan Native, Native Hawaiian/Pacific 
Islander, or some other race). 
2 Data only available at the census tract-level. 
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Table 3.9 
Adjusted modified Poisson regression models, using GEE to adjust for clustering within census tracts, comparing census 
block groups that had 100% of their area within the reported travel distance buffer to CSO-impacted waters to those that 
had more than 100% of their area within the travel distance buffer to non-impacted waters (all estimates are standardized, 
PR= prevalence ratio). 

Demographic and Economic 
Variables 

800m 
(n=51 in CSO-impacted, 

n=50 in non-impacted buffer) 

1,400m 
(n=182 in CSO-impacted, 

n=119 in non-impacted 
buffer) 

1,600m 
(n=232 in CSO-impacted, 

n=141 in non-impacted 
buffer) 

Adjusted Prevalence Ratio Adjusted Prevalence Ratio Adjusted Prevalence Ratio 
PR 95% CI PR 95% CI PR 95% CI 

Population Density (per sq. 
km) 

1.69 (1.30, 2.17) 1.39 (1.25, 1.54) 1.37 (1.25, 1.51) 

Percent White 0.63 (0.44, 0.89) 0.76 (0.63, 0.92) 0.84 (0.72, 0.97) 
Percent Hispanic/Latinx 1.11 (0.92, 1.33) 1.11 (1.03, 1.19) 1.10 (1.04, 1.17) 
Median Age 1.02 (0.89, 1.16) 0.98 (0.91, 1.05) 0.97 (0.90, 1.04) 
Percent in Poverty1 1.42 (1.08, 1.88) 1.42 (1.08, 1.87) 1.27 (1.16, 1.39) 
Median Household Income 1.32 (0.99, 1.74) 1.04 (0.85, 1.26) 0.96 (0.82, 1.12) 
GINI Index of Income 
Inequality1 

0.96 (0.74, 1.24) 1.00 (0.89, 1.12) 0.98 (0.88, 1.09) 

1 Data only available at the census tract-level. 
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The final set of sensitivity analyses included only those census block groups/tracts 

where the CV was less than 1 for all variables included in the model. This analysis was 

done to assess the impact of including census block groups/tract with high degrees of 

ACS sampling error in the models. Results of these analyses are summarized in Table 

3.10-3.12 below. As above, results found that all variables were significantly different 

across all buffer sizes using the proportional split method (Table 3.10). In addition, the 

estimates reported in Table 3.10 are of similar magnitude to those reported in Table 3.2.  

Results of unadjusted models (Table 3.11) found nonsignificant differences in the 

Gini coefficient for the 800m and 1,400m buffer and in the percent in the “other” race 

categories for the 1,400m buffer between CSO-impacted and non-impacted groups. 

However, results in Table 3.11 found significant differences of similar magnitude to 

those in Table 3.3 for all other variables across and buffer sizes. 

Finally, results of the adjusted models (Table 3.12) also found significant 

differences for the population density, percent white, and percent Hispanic/Latinx that 

were of similar magnitude to those in Table 3.4. However, unlike Table 3.4, the adjusted 

models in this sensitivity analysis found nonsignificant differences in percent in poverty 

and in median household income across the 800m buffers. As in the previous sensitivity 

analysis, this may be due in part to a reduced sample size as only 56% of all census block 

groups had a CV<1 for all variables in the models. 
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Table 3.10 
2017 ACS 5-year estimates and standard errors for areas located within the CSO-impacted and non-impacted travel distance 
buffers using the proportional split method, including only census block groups or tracts where the coefficient of variation for 
all variables of interest are <1 (p<0.05, Est=estimate, SE=standard error).3 

Demographic 
and Economic 
Variables 

800m 1,400m 1,600m 
Within CSO-

Impacted Buffer 
Within non-

Impacted Buffer 
Within CSO-

Impacted Buffer 
Within non-

Impacted Buffer 
Within CSO-

Impacted Buffer 
Within non-

Impacted Buffer 

Est SE Est SE Est SE Est SE Est SE Est SE 
Total 
Population 

92,076 2,517.89 131,836 2,227.16 189,548 3,719.79 190,167 2,843.73 225,941 4,060.36 207,334 3,019.08 

Population 
Density (per 
sq. km) 

6,344.56 173.50 2,962.82 153.47 6,226.57 122.19 3,072.20 93.42 6,251.72 112.35 3,090.34 83.54 

Proportion 
White 

0.32 0.02 0.65 0.05 0.33 0.01 0.63 0.04 0.34 0.01 0.61 0.04 

Proportion 
Black 

0.43 0.02 0.24 0.02 0.45 0.02 0.25 0.02 0.45 0.02 0.26 0.02 

Proportion 
Other Race1 

0.25 0.02 0.11 0.01 0.22 0.01 0.12 0.01 0.21 0.01 0.13 0.01 

Proportion 
Hispanic/ 
Latinx 

0.26 0.02 0.08 0.01 0.22 0.01 0.08 0.01 0.21 0.01 0.08 0.01 

Median Age 31.85 1.21 40.58 0.90 32.67 0.86 40.39 0.80 32.75 0.79 40.24 0.78 

Proportion in 
Poverty2 

0.45 0.01 0.18 0.01 0.42 0.02 0.24 0.01 0.42 0.02 $0.26 0.01 

Median 
Household 
Income 

$41,491 1,795.82 $56,901 1,250.41 $42,359 1,365.41 $55,821 1,509.66 $42,335 1,252.52 $55,227 1,454.66 

GINI Index2 0.47 0.01 0.43 0.01 0.47 0.01 0.44 0.01 0.48 0.01 0.44 0.01 
1 Includes racial groups that represent less than 10% of the population (Asian, American Indian/Alaskan Native, Native Hawaiian/Pacific Islander, or 
some other race). 
2 Data only available at the census tract-level. 
3All variables statistically differ across all buffer areas.  
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Table 3.11 
Unadjusted modified Poisson models comparing census block groups or tracts that had more than 50% of their area within 
the CSO-impacted travel distance buffer to those that had more than 50% of their area within the non-impacted travel 
distance buffer, including only census block groups or tracts where the coefficient of variation for all variables of interest 
are <1 (all estimates are standardized, PR= prevalence ratio). 

Demographic and Economic 
Variables 

800m 
(n=65 in CSO-impacted, 

n=91 in non-impacted 
buffer) 

1,400m 
(n=133 in CSO-impacted, 

n=137 in non-impacted 
buffer) 

1,600m 
(n=147 in CSO-impacted, 

n=167 in non-impacted 
buffer) 

Unadjusted Prevalence Ratio Unadjusted Prevalence Ratio Unadjusted Prevalence Ratio 
PR 95% CI PR 95% CI PR 95% CI 

Population Density  
(per sq. km) 

1.83 (1.52, 2.19) 1.50 (1.31, 1.71) 1.65 (1.43, 1.90) 

Percent White 0.48 (0.38, 0.59) 0.71 (0.62, 0.84) 0.55 (0.46, 0.65) 
Percent Black 1.68 (1.39, 2.03) 1.29 ( 1.12, 1.50) 1.58 (1.35, 1.86) 
Percent Other Race1 1.33 (1.12, 1.56) 1.16 (0.99, 1.36) 1.22 (1.04, 1.41) 
Percent Hispanic/Latinx 1.32 (1.12, 1.53) 1.24 (1.04, 1.45) 1.27 (1.09, 1.45) 
Median Age 0.67 (0.55, 0.82) 0.81 (0.69, 0.94) 0.71 (0.59, 0.84) 
Percent in Poverty2 1.55 (1.32, 1.80) 1.30 (1.12, 1.50) 1.47 (1.28, 1.68) 
Median Household Income 0.65 (0.52, 0.81) 0.78 (0.66, 0.91) 0.68 (0.56, 0.81) 
GINI Index of Income 
Inequality2 

1.16 (0.96, 1.40) 1.06 (0.91, 1.24) 1.18 (1.00, 1.39) 

1 Includes racial groups that represent less than 10% of the population (Asian, American Indian/Alaskan Native, Native Hawaiian/Pacific 
Islander, or some other race). 
2 Data only available at the census tract-level. 
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Table 3.12 
Adjusted modified Poisson regression models, using GEE to adjust for clustering within census tracts, comparing census 
block groups that had more than 50% of their area within the reported travel distance buffer to CSO-impacted waters to 
those that had more than 50% of their area within the travel distance buffer to non-impacted waters, including only census 
block groups where the coefficient of variation for all variables of interest are <1 (all estimates are standardized, PR= 
prevalence ratio). 

Demographic and Economic 
Variables 

800m 
(n=65 in CSO-impacted, 

n=91 in non-impacted buffer) 

1,400m 
(n=133 in CSO-impacted, 

n=137 in non-impacted 
buffer) 

1,600m 
(n=147 in CSO-impacted, 

n=167 in non-impacted 
buffer) 

Adjusted Prevalence Ratio Adjusted Prevalence Ratio Adjusted Prevalence Ratio 
PR 95% CI PR 95% CI PR 95% CI 

Population Density (per sq. 
km) 

1.32 (1.05, 1.65) 1.26 (1.10, 1.44) 1.29 (1.14, 1.46) 

Percent White 0.50 (0.34, 0.73) 0.65 (0.52, 0.82) 0.71 (0.58, 0.87) 
Percent Hispanic/Latinx 1.21 (1.03, 1.43) 1.15 (1.05, 1.25) 1.15 (1.06, 1.25) 
Median Age 0.84 (0.67, 1.06) 0.80 (0.71, 0.90) 0.85 (0.76, 0.96) 
Percent in Poverty1 1.30 (0.98, 1.72) 1.20 (1.07, 1.36) 1.15 (1.01, 1.31) 
Median Household Income 1.40 (0.96, 2.04) 1.16 (0.93, 1.47) 1.20 (0.89, 1.35) 
GINI Index of Income 
Inequality1 

1.14 (0.93, 1.41) 1.10 (0.96, 1.25) 1.14 (1.01, 1.27) 

1 Data only available at the census tract-level. 
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Discussion 

Results suggest that compared with census block groups/tracts with the majority 

of their area within reported walking distances to non-impacted waterbodies, census 

block groups/tracts with the majority of their area within the same distances to CSO-

impacted waters were comprised of more minority residents (non-white and/or 

Hispanic/Latinx) and more residents living below the poverty line, presenting a potential 

environmental justice issue. Findings are consistent with other studies which have 

demonstrated that environmental hazards are more likely to be located in or near minority 

or low-income communities (Allen et al., 2012; Buzzelli & Jerrett, 2003; Davis & 

Carpenter, 2009; Sicotte & Swanson, 2007) and with studies that have found 

demographic differences in residential proximity to natural waterways (Haeffner et al., 

2017; Wendel et al., 2011).  

As part of the environmental justice movement, many studies have sought to 

identify inequities in the distribution of both environmental hazards and environmental 

amenities in communities (Taylor et al., 2007). For example, previous studies have 

determined that poor, less educated, minority, or disadvantaged populations are more 

likely to be located near environmental hazards including to hazardous waste sites, 

landfills, polluting industrial facilities, and powerplants (Faber & Krieg, 2002; Martuzzi 

et al., 2010). In addition, other studies have measured inequitable exposure or access to 

environmental amenities such as to parks, green spaces, or urban tree canopy which can 

promote healthy behaviors, reduce stress, encourage physical activity, and improve the 

overall well-being of the surrounding community (Floyd & Johnson, 2002; Jennings et 
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al., 2012; Schwarz et al., 2015). Several of these studies have also investigated these 

relationships in Philadelphia. For example, previous research in Philadelphia has 

identified inequities in vacant land distributions in the city which can increase the impact 

of urban heat and crime (Branas et al., 2011; Pearsall, 2017) as well as inequities in the 

distribution of hazardous polluting facilities which can impact the surrounding air and 

water quality (Sicotte & Swanson, 2007). 

This study highlights a potential inequity in the distribution of CSO-impacted 

water bodies in Philadelphia and demonstrates the importance of considering park quality 

when assessing the relationships between urban parks, green space, or blue spaces and 

positive health outcomes (Haeffner et al., 2017; Jennings et al., 2012; Lee & 

Maheswaran, 2011; Taylor et al., 2007). In particular, while recreation (swimming or 

wading) in clean water bodies may provide health benefits (Haeffner et al., 2017), 

recreation in contaminated water can increase exposure to waterborne pathogens which 

can lead to illness. While all census block groups/tracts included in this study were 

located within a defined walking distance to a public park that contained a natural water 

body (which might be considered to be environmental asset), there were clear differences 

in the demographic and socioeconomic characteristics of populations located near sites 

that were impacted by CSOs. 

While the above analysis only accounted for walking distances to the sites, when 

incorporating the drive-time or driving-distances reported from surveys into the analysis, 

almost the entire city of Philadelphia was located within an acceptable driving distance to 

both CSO-impacted and non-impacted sites. For this reason, it is possible that all 
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individuals in Philadelphia may be affected by CSO-impacted water. However, due to our 

observations that the majority of individuals recreating at these sites were children (under 

the age of 18), we determined that walking-distance buffers may better capture the 

behavior of all populations that may not have access to a car. 

Implications 

Findings that determined that survey participants, who recreate at or near the 

survey sites, are likely to live near these sites may have implications for local utilities or 

public health authorities who are interested in educating the public about the potential 

health risks. This finding suggests that targeting community members in the 

neighborhoods surrounding CSO-impacted water bodies that are used for recreation, may 

be an effective strategy to reduce exposures to these waterways. For example, daycares or 

schools around these sites may be areas to target education campaigns that encourage 

individuals and families to utilize public pools rather than the creeks and rivers.  

Further, results that determined that areas around CSO-impacted sites had larger 

minority or lower-income populations, also has implications for potential prevention 

strategies. For example, in some areas around Philadelphia, or at recreation sites in other 

cities that are impacted by CSOs, cities have used signs to attempt to discourage 

swimming and reduce exposures. However, in many cases, signs may be written in 

English even in areas surrounded by majority Hispanic/Latinx and potentially Spanish-

speaking populations. Therefore, identifying populations or communities that are more 

likely to be affected by CSO-impacted waters is important for developing effective 

strategies to educate the public about potential health risks. 
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Strengths 

Strengths of this analysis include the use of a mixed-methods design. By 

integrating survey data with GIS analyses, this study not only reports on the 

demographics of adults who visit CSO-impacted sites, but also uses data from these 

individuals to advise a larger GIS study at sites across Philadelphia. In addition, many 

previous studies that have measured demographic disparities in proximity to 

environmental hazards have used Euclidean buffer distances that do not account for local 

road networks or have relied on arbitrary buffer distances (or based buffer distances on 

previous data that were not collected locally) (Chakraborty et al., 2011). By using 

network buffers that were developed using survey data, buffer distances used in this study 

may be more reflective of the actual travel behaviors of those visiting these sites. 

Further, this study uses two methods to compare populations living in the CSO-

impacted and non-impacted buffers. This includes z-scores that utilize ACS estimates and 

standard errors aggregated across buffer areas (using the proportion of each block group 

or tract in each buffer area) as well as modified Poisson models to identify independent 

correlates that compare census block groups located at least 50% within the CSO-

impacted as compared to the non-impacted buffers. Observed agreements between these 

methods, as well as in the sensitivity analyses, strengthen the reported findings. 

Limitations 

This study used survey data collected from a convenience sample of individuals 

over the age of 18 recruited from a small number of sites to inform travel distance 

buffers. Although survey data were collected at three CSO-impacted sites along three 
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major waterways in Philadelphia in order to collect data at the same sites when water 

samples were collected (to create site-specific risk assessments, Chapter 4), no survey 

data were collected at non-impacted sites. Therefore, it is unknown whether there is a 

difference in travel behaviors among individuals who visit non-impacted sites as 

compared to CSO-impacted sites, which could impact the results of this study. 

Further, survey data may not provide an accurate representation of individuals 

recreating at other sites, recreating at times when the research team did not collect data, 

or of those who are unwilling/unable to participate. For example, groups of children 

(under 18 years old) were observed recreating without any adults present, so no survey 

data could be collected and the distances traveled by these individuals may not be the 

same as those sampled (with respect to the variables used to inform the GIS analysis, i.e., 

travel time, method, and distance). 

In addition, this study used the distance along road networks (of 800m, 1,400m 

and 1,600m) to identify populations living within the reported walking distances to 

potential exposure sites. Previous studies have found a wide range of different distances 

individuals are willing to walk to a park from 0.5-5km (Boyle, 1983; Cutts et al., 2009; 

McCormack et al., 2006). This discrepancy in the literature highlights the importance of 

local factors in determining how far individuals are willing to travel to get to a location. 

For example, factors such as crime or traffic patterns are known to impact perceived or 

actual access to urban parks or other community assets and may vary across different 

areas of the city (Cutts et al., 2009). Because travel data were only gathered from three 

sites in Philadelphia, it is likely that these reported travel distances may not be 
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representative of the distances individuals are willing to travel to other recreation sites in 

Philadelphia. 

This study found that CSO-impacted water bodies were more likely to be within 

reported walking distances to neighborhoods with more minority and lower-income 

residents than non-impacted water bodies. However, it is unknown whether those who 

recreate at waterbodies or who come into contact with these waterbodies (i.e., through 

swimming, fishing, or playing) are different at CSO-impacted sites compared to non-

impacted sites. The subset of the population that is actually exposed to natural water 

bodies likely does not include a representative sample of individuals from each block 

group included in the analysis. In fact, past research has found that local social, 

demographic, and environmental factors may influence the relationships between 

individuals and their local waterways (Haeffner et al., 2017; Hale et al., 2015). For 

example, one study that investigated the demographics of those that utilize local 

waterways (not focusing on CSO-impacted waterways), found that while populations 

with higher socioeconomic status live further from waterways, they tended to spend more 

time at the waterway than populations that lived closer (Haeffner et al., 2017). This study 

also found that factors such as length of residence, may impact how individuals access 

their local waterways (Haeffner et al., 2017). Therefore, it is likely that the population 

that is exposed to the water bodies is not a representative sample of the population living 

within an acceptable travel distance, resulting in a potential misclassification bias.  

Further, both the proportional split method and modified Poisson models assume 

that demographic and economic characteristics are evenly distributed across the areal unit 
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(i.e., block group or tract). In addition, modified Poisson models exclude portions of the 

buffer area from the analysis (i.e., block groups with 50% or less area within the buffers 

were not included). This introduces additional misclassification bias into the analysis, 

although the degree to which this bias impacts the interpretation of the results is 

unknown. Because we are analyzing population data rather than individual-level data, the 

relationships observed cannot be presumed to also be present at the individual level. For 

example, although block-groups or tracts that are close to CSO-impacted waterbodies 

may have a larger proportion of residents living below the poverty level than tracts that 

are close to CSO-impacted waterbodies, the findings should not be interpreted to suggest 

that people living below the poverty level are more likely to live close to CSO-impacted 

than non-impacted waterbodies. 

Conclusions 

Findings from this study suggest that within Philadelphia, census block 

group/tracts within the reported walking distances to CSO-impacted waterbodies were 

more likely to be comprised of minority and lower-income populations than areas within 

the reported walking distances to non-impacted waterbodies. While these results may 

suggest that there is a potential inequity in the distribution of CSOs in Philadelphia, more 

research is needed to determine whether individuals living near these water bodies are 

also more likely to be exposed (e.g., through recreation). In addition, due to the lack of 

research investigating inequitable exposures to CSO-impacted waters, more research is 

needed to determine if these results are generalizable to other cities impacted by 

combined sewer systems. 
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CHAPTER 4 

ASSESSING THE RISK OF ACUTE GASTROINTESTINAL ILLNESS (AGI) 

ACQUIRED THROUGH RECREATIONAL EXPOSURE TO CSO-IMPACTED 

WATERS IN PHILADELPHIA: A QUANTITATIVE MICROBIAL RISK 

ASSESSMENT 

 
Introduction 

Past epidemiologic studies have measured an increase in acute gastrointestinal 

illness (AGI) risk following recreational exposure to combined sewer overflow (CSO)-

impacted water. These studies typically use short-term prospective cohort designs to 

compare symptoms among those who make direct contact with the water to those who do 

not (Cabelli et al., 1982; Dorevitch et al., 2015; Wade et al., 2010). However, these types 

of studies are often difficult to do at sites where few individuals are exposed per day (and 

exposures are sporadic). In addition, these studies rely on individuals to recall past 

symptoms and have issues with loss to follow-up which may introduce additional bias 

into the study design. 

 Quantitative microbial risk assessment (QMRA) has become an increasingly 

popular tool in epidemiology and environmental health and was recommended in a recent 

World Health Organization (WHO) report as a cost-effective method for quantifying 

disease risk using both environmental and survey data (Haas et al., 2014; WHO, 2016). In 

QMRA, the expected number of illnesses for a specific water-related exposure event is 

quantified using data on the pathogen concentrations in water and the dosage of water 
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consumed during recreational activities (Haas et al., 2014). Compared to epidemiologic 

study designs, QMRA does not rely on self-reporting of symptoms or participant follow-

up. However, its validity is highly dependent on the quality of data inputs and on the 

assumptions made around the pathogens, the exposures, and the individuals at-risk. 

Despite the potential weaknesses involved in relying on assumptions and data accuracy, 

studies have found that risk estimates calculated using QMRA align with estimates 

calculated from retrospective epidemiologic outbreak investigation studies (Burch, 2018; 

Haas et al., 2014).  

 The purpose of this study is to use QMRA models to estimate AGI risk among 

those who recreate in Philadelphia’s CSO-impacted creeks and rivers. Results will 

determine how recent CSO events impact waterborne disease risk and identify which 

exposure scenarios result in a higher disease risk. Further, results will estimate the 

number of illnesses expected at each site during the June-August summer months.  

 

Methods 

QMRA models were developed using input parameters both from primary data 

collection and from the literature as outlined in Figure 4.1 below. The model framework 

follows that of a traditional risk assessment: hazard identification, exposure assessment, 

dose-response, and risk characterization steps. 

Hazard Identification 

Models estimated AGI risk due to five common waterborne pathogens that may 

be contracted through recreational exposure at sites along two creeks and one river in 
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Philadelphia. Pathogens selected for the QMRA models include the four most common 

causes of recreationally acquired waterborne disease identified by the CDC: 

Cryptosporidium, norovirus, Giardia, and E. coli O157:H7 (Hlavsa et al., 2015), as well 

as Salmonella, which was the most frequently detected pathogen during preliminary data 

collection in Philadelphia’s creeks (McGinnis et al., 2018). These five reference 

pathogens include each of the three main types of enteric pathogens (bacterial, viral, and 

protozoan). The use of reference pathogens is a common practice in QMRA when using 

indicator organisms to assess disease risk (e.g., Boehm et al., 2015; McBride et al., 2013). 

QMRA models were designed to compare disease risk at each study site under 

CSO-impacted and non-impacted conditions. Samples collected during CSO-impacted 

conditions were defined as those collected within 24 hours of a CSO at one of the five 

closest upstream outfalls to the site or within 24 hours of a rainfall event of more than 

2.54mm (0.1inches). The 24 hour cutoff was selected mainly due to relationships 

observed in pilot data collected in 2016 which found correlations between CSOs, rainfall, 

and human sewage markers were highest within 24 hours of the CSO or rain event 

(McGinnis et al., 2018). Additionally, it was decided to include samples collected within 

24 hours of at least 2.54mm of rainfall (but when a CSO did not occur) in the CSO-

impacted category due to a potential inaccuracy in the CSO occurrence data. The CSO 

data, provided by the Philadelphia Water Department, are largely based on hydrological 

modeling which makes it is possible that these data exclude smaller overflows that may 

also affect water quality. By including days where no CSOs occurred but when there was 

at least 2.54mm of rainfall, data may be more inclusive of these small overflow events. 
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      Adapted from Howard et al., (2006) and Murphy et al., (2016). 

Exposure per event (Ee) 
 

Ee = C*(1/R)*V*D 
 

C= pathogen concentration 
R= mean analytical recovery 
V= volume of water ingested per hour of activities 
D= duration of activities 

Probability of infection (Pinf,e) 
Dose-response models differ depending on pathogen. Models for each pathogen 

are from the literature. Common distributions are: 

Exponential dose-response model: 
Pinf|e = 1-exp(-Ee* r) 

 
Exact Beta-Poisson dose-response model: 

Pinf|e = 1-1F1(α, α + β, - Ee) 
 

r, β, α= dose-response parameters 
1F1= hypergeometric function 

Figure 4.1 QMRA Model. 

Probability of illness per exposure (Risk ill,e) or  
Number of cases per season (Casesseason) 

 
Riskill|e = Pinf|e*Pill|inf 

 

Casesseason = (Riskill|e*Popexp,day*Daysseason)CSO-impacted + 

(Riskill|e*Popexp,day*Daysseason)non-impacted 
 

Pill/inf= Probability of illness if infected 
Popexp, day= Population exposed per day 
Daysseason= Days per season 
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Concentrations of the HF183 marker for Human Bacteroides 

Since pathogens are expensive to measure in the environment and exist at very 

low concentrations, the concentrations of five reference pathogens (C, Fig. 4.1) were 

estimated in samples using the measured concentrations of the HF183 marker for human 

Bacteroides. The HF183 marker is currently the most specific marker of human sewage 

in water (about 95% specific to human sources, Layton et al., 2013; Shanks et al., 2010) 

and has been shown to correlate with the presence of pathogens in some settings 

(Schriewer et al., 2010). The HF183 marker was measured in water samples collected at 

the three sites during CSO-impacted and non-CSO-impacted conditions. 

Sample Sites 
 

Samples were collected in 2017-2019 from June-August at three sites along 

Cobbs Creek, Tacony Creek, and the Delaware River in Philadelphia. Sites were chosen 

as areas impacted by CSOs and where recreation is known to occur (based on a previous 

hidden camera study and from input from the Philadelphia Water Department, Sunger et 

al., 2012). A map of these study sites is included in Appendix E and a detailed 

description of each site is included in Chapter 2.  

Sample Collection  

Samples were collected at each site at least once per week varying the day of 

week and time of day and targeting both weekday and weekend days. Because it is 

unclear whether or not a CSO occurred prior to receiving data from the Philadelphia 

Water Department, the days samples were collected in summer 2017-2018 were based 

only on staff availability and were not impacted by weather conditions (except in the 
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event of severe weather, i.e. lightning, which prevented sample collection). However, in 

summer 2019, CSO data from summers 2017/2018 were used to determine whether there 

were adequate number of samples from both CSO-impacted and non-impacted conditions 

at the sites. Using these data, it was apparent that for some sites (namely Cobbs and 

Tacony Creek), there were a lack of samples collected on CSO-impacted days. For this 

reason, sampling from mid-July through August 2019 focused on collecting more 

samples the day after rainfall at these sites. In addition, the Tacony Creek site was 

identified in summer 2018 and for this reason this site was sampled more frequently in 

summer 2019 to make the number of samples collected approximately even between all 

three sites. 

Samples were collected as either grab samples (250mL) or concentrated using 

dead-end ultrafiltration (40-200L) (Mull & Hill, 2012) and were analyzed for the HF183 

marker for human Bacteroides using qPCR and following the most recent U.S. EPA 

protocol for quantifying HF183 in environmental waters (unpublished). Ultrafilter 

samples were collected in 2017 and 2018 and grab samples were collected in 2018 and 

2019. Ultrafilter samples were collected to archive large-volume samples for potential 

future analysis of pathogens. Grab samples were collected for quantifying concentrations 

of HF183 only. The grab samples are less costly and time consuming that collecting the 

ultrafilter samples and therefore much of the sample collection relied on these methods.  

Ultrafilter samples (n=10) were collected using dead-end ultrafiltration as 

described in Mull & Hill (2012). Following these methods, samples were filtered on site 

using a Asahi Kasei Rexeed® 25S Hemodialyzer (Dial Medical Supply, Chester Springs, 
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PA) attached to a flow meter to record the volume collected (Mull & Hill, 2012). Water 

was pumped through the filter until either the filter became clogged or when at least 100-

200L of sample had been collected. Sample volumes collected ranged from 

approximately 40-200L.  

Grab samples for HF183 (n=59) were collected in 250mL sterile Nalgene sample 

bottles several inches below the water’s surface. In addition, separate grab samples were 

collected to analyze concentrations of traditional indicators organisms, E. coli and total 

coliforms, which are commonly used for setting environmental regulations (PA DEP, 

2016; U.S. EPA, 2012). Within 3 hours of sample collection, either ultrafilters or grab 

samples were transported on ice back to Temple University and stored at 4℃ until 

processing. 

Sample Processing 
 
Ultrafilters were eluted at the Water Health and Applied Microbiology (WHAM) 

lab at Temple University within 24 hours of sample collection. Elution was done by 

pumping 500mL of a prepared backwash solution (containing sodium polyphosphate, 

Tween 80, Antifoam Y-30 emulsion agent, and sterile water) backwards through the 

ultrafilter at a rate of 600mL/minute (Mull & Hill, 2012). The eluate was then captured in 

a sterile 1L Nalgene sample bottle. Next, polyethylene glycol (8% mass/volume), 

desiccated beef extract (1% mass/volume), and sodium chloride (0.2 M) were added to 

the eluate (using the volume recovered to calculate the volume of each reagent to add). 

Samples were then mixed at 4°C for at least two hours and stored overnight before 

centrifugation at 4,700×g for 45 minutes at 4°C. For each batch of samples, one method 
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blank (MEB) was run using the same procedures as above but using 500mL of sterile 

backwash solution in place of the eluate. Following centrifugation, the pellet was re-

dissolved with tris-EDTA buffer, aliquoted into 2 mL cryovial tubes and stored at -80°C 

until further processing.  

Grab samples collected for the analysis of HF183 were processed using 

membrane filtration. 100mL of sample was filtered through a 0.45µm polycarbonate filter 

(Millipore Sigma, Burlington, Massachusetts) in the lab using a vacuum pump assembly. 

After filtration, the filter was aseptically removed from the assembly and placed in 2mL 

cryovial tubes to be stored at -80°C until further processing. One method blank (MEB) 

was also run per batch of grab samples by filtering 100mL of sterile (autoclaved) 

deionized water through a filter in place of sample. All samples were processed in 

duplicate.  

Grab samples collected for analysis of E. coli and total coliforms were also 

analyzed using membrane filtration. Following Standard Methods 9221B (Rice et al., 

2012), samples were filtered aseptically through 0.45μm sterile mixed cellulose filters 

using a vacuum aspirator and placed on pre-dried Rapid E. coli 2 agar (BioRad) for 

simultaneous detection of total coliforms and E. coli (Rice et al., 2012). Samples were 

processed in duplicate with at least two serial dilutions per sample and one method blank 

per sample batch. Plates were incubated upside down at 37°C for 24 hours before 

colonies were enumerated and recorded as colony forming units per 100mL of sample 

(cfu/100mL) (Rice et al., 2012). 
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Analysis of HF183 using qPCR 

Prior to beginning qPCR analysis, DNA was extracted and purified from samples 

using the GeneRite DNA-EZ® extraction kit and following modified instructions from 

the U.S. EPA’s protocol (unpublished). For ultrafilter samples, 140µL of the concentrated 

pellet was added to the DNA extraction kit and for the grab samples, the membrane filter 

was added. For each batch of samples processed together, one MEB sample (method 

blank) was also included in the extraction. In all samples, 600µL of 0.2µg/mL salmon 

testes DNA stock solution (Sigma-Aldrich, St. Louis, MO) in AE Buffer (Qiagen, 

Valencia, CA) was spiked into each tube prior to extraction (Haugland et al., 2010; 

Shanks et al., 2016). After extraction, concentrated and purified DNA from the samples 

were stored at 4°C and analyzed within 24 hours using qPCR.  

Concentrations of HF183 were measured using the TaqMan HF183/BacR287 

assay (Green et al., 2014). For each batch of samples, concentrations of salmon testes 

DNA spiked during the extraction step (above) were analyzed using the Sketa22 assay in 

a separate sample processing control (SPC) tray. Prior to beginning the qPCR analysis, a 

qPCR master mix was created in a separate sterile lab space. In addition, a probe/primer 

mix was also prepared for addition to the master mix and stored (at -20°C for up to 30 

days) prior to preparing the master mix. A summary of the reagents used in the 

preparation of the probe/primer mix and the master mix for both the HF183 and Sketa22 

assay are included in Tables 4.1 and 4.2 below. 
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Table 4.1 
Volumes and concentrations of reagents included in the probe/primer mix for the 
HF183/BacR87 assay (HF183 Tray) and the Sketa22 assay (SPC tray).  

Reagent 
Stock 

Solution 

Primer/ probe mix for 
HF183/BacR87 
(40 reactions) 

Primer/probe mix for 
Sketa22 

(100 reactions) 
Forward primer 500µM 2µL 10µL 
Reverse primer 500µM 2.5µL 10µL 
6FAM Probe 100µM 1µL 4µL 
VIC Probe 100µM 1µL --- 
PCR grade water  74.4µL 576µL 

 

Table 4.2 
Volumes and concentrations of reagents included in the HF183/BacR87 assay (HF183 
Tray) and the Sketa22 assay (SPC tray). 

Reagent 
Reagent 

Concentration 

HF183/BacR87 
Reaction Mix Volume 

per Reaction 

Sketa22 Master 
Mix Volume per 

Reaction 
PCR Grade water --- --- 5.0µL 
Bovine Serum Albumin 
(BSA) 

0.2mg/mL 2.5µL 2.5µL 

TaqMan® 
Environmental Master 
Mix 

1 X 12.5µL 12.5µL 

Primer/probe mix (Table 
4.1) 

1µM/80nM 2µL 3.0µL 

Internal Amplification 
Control (IAC) Reference 
DNA 

--- 2µL --- 

Total Volume --- 19µL 23µL 
 

To prepare a 96-well plate for qPCR analysis using the TaqMan HF183/BacR287 

assay, a total of 19µL of the master mix was added per well prior to adding the DNA 

template (Table 4.2). Next 6µL of DNA template (sample or MEB DNA) was added to 

the wells (for a total reaction volume of 25µL per well). For each plate, three positive 

controls (containing 103 genomic copy per reaction (gc/reaction) standard reference 
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DNA) and three no-template controls (NTCs), where 6µL DNA-free water was added in 

place of DNA template, were also run.  

For each batch of samples, a separate sample processing control (SPC) plate was 

run to test for inhibition and monitor successful DNA extraction using salmon testes 

DNA (Sketa22 assay). In this separate 96-well tray, 23µL of master mix (Table 4.1) was 

added to each well. Next 2µL of DNA template (sample or MEB DNA) was added to the 

wells (for a total reaction volume of 25µL per well). For each plate, three NTC wells 

were included where 6µL DNA-free water was added in place of DNA template. 

Both plates were run in a LightCycler 96 (Roche Diagnostic, Mannheim, 

Germany) for 2 minutes at 95°C followed by 40 cycles of 5 seconds at 95°C and 30 

seconds at 60°C (Shanks et al., 2016). Results were measured as the cycle quantification 

(Cq) value, which is equal to the cycle during which the LightCycler detected the target 

in each well. Separate Cq results were measured for the HF183, internal amplification 

control (IAC), and Sketa22 targets. These results were imported into Microsoft Excel to 

complete quality assurance tests. Tests for quality assurance are from Shanks et al. (2016) 

and are described below. 

qPCR Quality Control Procedures 
 
All blanks including NTC and MEB sample wells were checked to be sure they 

were negative for HF183 concentrations. In addition, all NTC wells in the SPC tray were 

checked to be sure they were negative for Sketa22. If any blanks were positive for these 

targets, the corresponding plate or batch of samples would be rerun. Next, to check 

whether samples had concentrations of HF183 that were within the range of 
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quantification, the HF183 Cq results were compared to the lower limit of quantification 

(LLOQ) calculated using the master calibration curve. The LLOQ is defined as the 95% 

upper quantification limit and is calculated from the Cq value of the lowest standard (10 

gc/reaction) on the master curve (Shanks et al., 2016). If the sample HF183 Cq is greater 

than 95% of the Cq value for the lowest standard on the master curve, the sample was 

below the limit of quantification and was marked as a positive detect but could not be 

accurately quantified using the available calibration curve. Importantly, this did not 

impact any of the samples collected for this study. 

Results of the VIC-labeled internal amplification control (IAC) probe were used 

to measure concentrations of the IAC DNA, which was spiked into the master mix 

created for the HF183 tray to test for amplification interference. First, to determine 

whether the IAC results were acceptable, the standard deviation of the IAC Cq values 

from the NTCs was calculated. If the standard deviation was greater than 1.16, then the 

samples would be rerun (Shanks et al., 2016). If the IAC results were considered 

acceptable, then the IAC results of the sample wells were compared to the IAC results of 

the NTC wells to measure potential amplification interference. If sample well IAC Cq 

values were not within 3 standard deviations of the NTC wells, samples were diluted (1:5 

and 1:10) and rerun (Shanks et al., 2016). 

Next, the sample processing efficiency was determined by measuring the standard 

deviation of the Sketa22 Cq values for the NTC wells. If the standard deviation of these 

results were less than or equal to 0.62, then the SPC benchmark values would be 

considered proficient. If the standard deviation was greater than 0.62, then all samples in 
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the plate would be rerun. If the SPC benchmark values were proficient, then results from 

the SPC tray were also used to test for sample matrix interference (inhibition). For each 

batch of samples, an SPC acceptance threshold was calculated using Sketa22 Cq values 

from the MEBs (mean Cq value + 3 x standard deviations) as described in Shanks et al. 

(2016). If sample mean Cq values were below the acceptance threshold, the sample was 

designated as acceptable. If sample mean Cq values were above the acceptance threshold 

but below the value of the adjustment threshold described in Shanks et al. (2016) (mean 

Cq value + 3.3), test samples results were adjusted prior to quantification. If sample mean 

Cq values were above the adjustment thresholds, then the extracted DNA was diluted 1:5 

and rerun. 

qPCR Quantification 
 
For all samples that passed quality control checks, the concentrations of HF183 

were quantified by comparing Cq values from the HF183 (FAM-labeled probe) results to 

those from a pre-run master calibration curve. The master calibration curve was 

developed using standard HF183 DNA prepared at concentrations of 105 gc/reaction, 104 

gc/reaction, 103 gc/reaction, 102 gc/reaction, and 10 gc/reaction. Calibration curve plates 

were prepared using the same method as HF183 sample plates but 6µL of reference DNA 

was placed in each well instead of the sample DNA. Each standard was run in triplicate. 

Results were graphed to a linear model in Microsoft Excel and the slope and intercept 

were recorded. An acceptable calibration curve for analysis was defined as having an R2 

value >0.98 and an amplification efficiency (10-1/slope-1) of 0.9-1.10 (Shanks et al., 2016). 

The average slope and intercept from at least three calibration curves (or all curves that 
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were run within 6 months prior and passed quality control checks) were used for 

quantification.  

The concentration of HF183 in samples (gc/reaction or gc/6µL) was equal to the 

(mean sample Cq-master curve intercept)/master curve slope. Next, this concentration 

was converted to gc/mL of sample collected using the sample volume added to the DNA 

extraction (and the concentrated sample volume in the case of ultrafilter samples). All 

qPCR steps were completed at the WHAM lab at Temple University. Primer and probe 

sequences along with reference DNA sequences used are reported in Table 4.3 below. 

It is assumed there was some loss of HF183 during sample collection, storage, 

transport, and processing. For this reason, QMRA models often include a parameter to 

account for this loss. Percent analytic recovery may be quantified in recovery 

experiments that spike a known concentration of organisms into samples and measure 

concentrations before and after processing (e.g., Mull & Hill, 2012). However, due to a 

lack of recovery data available, models assumed 100% recovery, which will likely result 

in an underestimation of HF183 concentrations. Under this assumption, the mean analytic 

recovery (R, Fig. 4.1) was set to 1. 
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Table 4.3 
Primer and probe sequences, concentrations, and references for qPCR assays. 
DNA Target 
(Tray) 

Sequence 
Type/Purpose Sequences (5’-3’) Reference 

Human 
Bacteroides 
(HF183 
Tray) 

Forward Primer ATCATGAGTTCACATGTCCG (Green et al., 2014) 
Reverse Primer CTTCCTCTCAGAACCCCTATCC (Green et al., 2014) 
FAM-labeled 
probe for HF183 CTAATGGAACGCATCCC (Green et al., 2014) 
VIC-labeled 
probe for IAC AACACGCCGTTGCTACA (Green et al., 2014) 

Sketa22 
(SPC Tray) 

Forward Primer GGTTTCCGCAGCTGGG 

(Haugland et al., 
2010; Shanks et al., 
2016) 

Reverse Primer CCGAGCCGTCCTGGTC 

(Haugland et al., 
2010; Shanks et al., 
2016) 

FAM-labeled 
probe for 
Sketa22 AGTCGCAGGCGGCCACCGT 

(Haugland et al., 
2010; Shanks et al., 
2016) 

HF183 
Reference 
DNA 

For calibration 
curve and 
positive controls 

CGTCAGGTTTGTTTCGGTATTGA
GTATCGAAAATCTCACGGATTA
ACTCTTGTGTACGCTCTCGAGG
ACCAGCTAATGCATATAAATAA
GTTACGTGATGAGACCGGCGCA
CGGGTGAGTAACACGTATCCAA
CCTGCCGTCTACTCTTGGCCAGC
CTTCTGAAAGGAAGATTAATCC
AGGATGGGATCATGAGTTCACA
TGTCCGCATGATTAAAGGTATT
TTCCGGTAGACGATGGGGATGC
GTTCCATTAGCTCGAGATAGTA
GGCGGGGTAACGGCCCACCTAG
TCAACGATGGATAGGGGTTCTG
AGAGGAAGG 

(Shanks et al., 
2016) 

IAC 
Reference 
DNA 

IAC Spike DNA 

ATCGCGTCAGGTTTGTTTCGGTA
TTGAGCCTGCCGTCTCGTGCTCC
TCATCTCGAGGACCAGCTAATG
CATATAAATAAGTTACGTGATG
AATGCGACCGGCGCACGGGTGA
GTAACACGTATCCAACCTGCCG
TCTACTCTTGGCCAGCCTTCTGA
AAGGAAGATTAATCCAGGATGG
GATCATGAGTTCACATGTCCGC
ATGATTAAAGGTATTTTCCGGT
AGACGATGTGTAGCAACGGCGT
GTTATAGTAGGCGGGGTAACGG
CCCACCTAGTCAACGATGGATA
GGGGTTCTGAGAGGAAGG 

(Shanks et al., 
2016) 
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Calculation of Pathogen Concentrations 
 
Concentrations of HF183 measured during CSO-impacted and non-impacted 

conditions at each site were fit to probability distributions (described further below). 

Next, following procedures described in Boehm et al. (2015), HF183 concentrations in 

samples were divided by HF183 concentrations in sewage (HF183 concentrations in 

sewage were fit to a log10-normal distribution in Shanks et al., (2010), see Table 4.4) to 

get the fraction of sewage in the samples. The fraction of sewage in samples was then 

multiplied by the expected concentrations of pathogens in sewage (see Table 4.4). These 

concentrations were fit to log-uniform distributions in previous QMRAs to account for 

natural variability (Soller et al., 2010). Importantly, following methods from Boehm et al. 

(2015), when the lower range of pathogens are not available, the lower range is reported 

as -1 log gc/L (e.g., for E. coli 0157:H7 in Table 4.4). This method is more cost-effective 

than analyzing pathogen concentrations separately and more specific than relying on 

traditional bacterial indicators (Green et al., 2014; Shanks et al., 2010). 
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Table 4.4 
Inputs to QMRA Models. 
Input Distribution Units Source 
Exposure Assessment- Concentration of Pathogens  
HF183 Concentration In 
Sample 

Lognormal() gc/mL This study, Table 
4.6 

HF183 Concentration In 
Sewage 

Log10-Normal (5.212, 
0.566) 

gc/mL (Boehm et al., 2015; 
Shanks et al., 2010) 

E. coli in Sewage Log10-Uniform (-1, 3.3) cfu/L  (García‐Aljaro et 
al., 2005; Soller et 
al., 2010) 

Salmonella in Sewage Log10-Uniform (0.5, 3) cfu/L (Lemarchand & 
Lebaron, 2003; 
Soller et al., 2010) 

norovirus in Sewage Log10-Uniform (3, 6) gc/L (Haramoto et al., 
2006; Soller et al., 
2010) 

Giardia in Sewage Log10-Uniform (0.8, 4) cysts/L (Rose, 2005; Soller 
et al., 2010) 

Cryptosporidium in 
Sewage 

Log10-Uniform (-0.3, 2.6)  oocysts/L 
 

(Rose, 2005; Soller 
et al., 2010) 

Volume of water ingested per exposure activity 
Volume Ingested per 1 
hour swimming 

Log10-Normal (1.15, 0.55) ml/hr (Boehm et al., 2018; 
Dufour et al., 2017) 

Volume Ingested per 1 
hour wading/splashing 

Lognormal(1.31, 1.74) ml/hr (Dorevitch et al., 
2011) 

Volume Ingested per 1 
hour fishing 

Lognormal(1.28, 1.72) ml/hr (Dorevitch et al., 
2011) 

Duration of swimming 
exposures 

Exponential() Minutes This study, Table 
4.11 

Duration of wading 
exposures 

Exponential () Minutes This study, Table 
4.11 

Duration of fishing 
exposures 
 

Triangular() Minutes This study, Table 
4.11 

Dose Response Models 
E. coli dose-response Exact Beta-Poisson (α= 

0.248, β= 48.8) 
 (Teunis, Ogden, et 

al., 2008) 
Salmonella dose-
response 

Exponential (r=0.00752)  (Rose et al., 1995) 

norovirus dose-response 
1 
 

Exact Beta-Poisson (α= 
0.04, β= 0.055) 

 (Teunis, Moe, et al., 
2008) 
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Table 4.4 (continued) 
Input Distribution Units Source 
Dose Response Models 
norovirus dose-response 
2 

Exact Beta-Poisson (α= 
2.91, β= 2734) 

 (Schmidt, 2015) 

Giardia dose-response Exponential (r= 0.0199)  (Rose et al., 1991) 
Cryptosporidium dose-
response 

Exponential (r= 0.028)  (Messner et al., 
2001) 

Risk Characterization- Probability that infection leads to illness 
Probability of illness if 
infected with 
Salmonella 

Point estimate (0.2)  (U.S. EPA, 2010) 

Probability of illness if 
infected with norovirus 

Uniform (0.3, 0.8)  (Teunis, Moe, et al., 
2008) 

Probability of illness if 
infected with Giardia 

Uniform (0.2, 0.7)  (U.S. EPA, 2010) 

Probability of illness if 
infected with 
Cryptosporidium 

Uniform (0.2, 0.7)  (U.S. EPA, 2010) 

Number of individuals 
swimming per day per 
site 

Exponential()  This study, Table 
4.10 

Number of individuals 
wading per day per site 

Exponential ()  This study, Table 
4.10 

Number of individuals 
fishing per day per site 

Exponential ()  This study, Table 
4.10 
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Exposure Assessment 

The exposure assessment step of the QMRA framework utilizes estimated 

pathogen concentrations (C, Fig. 4.1) from the hazard identification step as well as data 

on the volume of water ingested per hour of activity (V, Fig. 4.1), and the duration of 

activities (D, Fig 4.1) to estimate the amount of pathogen ingested per event (or exposure 

per event Ee , Fig 4.1).  

Observational Data Collection 

To determine the types of recreational activities individuals engaged in at each 

site, observational data were collected in summer 2018 and 2019 at the same sites and at 

the same time when water samples were collected. Members of the research team who 

collected water samples and survey data (described in Chapter 3) also collected 

observational data while in the field. Observational data collected includes the total 

number of individuals observed recreating at or near the sites and the number of 

individuals making direct contact with the water body, as well as, specific information for 

each type of activity observed (i.e., including fishing, wading/playing, swimming, 

boating (motorboat, kayak, canoe, jet ski), and other activities). This includes information 

on the total number of individuals engaging in each activity, the duration of each 

individual exposure (in minutes), and the number of hand-to-water contacts and hand-to-

face contacts observed during the exposure. QMRA models were created separately for 

each type of recreational activity observed and for each study site. For each activity 

observed, data on the volume of water ingested per hour of activity (V, Fig 4.1) came 

from the literature (Table 4.4).  
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While data on the observed duration (in minutes) of activities was also collected, 

duration data collected through observations did not appear to accurately represent 

exposures. This is because in many cases, observations began after the activity began or 

the activity continued after observations ended. In addition, the research team’s presence 

likely influenced recreation behaviors, thereby impacting the observed duration data. For 

this reason, duration data recorded from in-person surveys (described in Chapter 3) that 

were collected at the same time as observational data were used in the QMRA models. 

These surveys were administered to adults recruited at or near the sampling sites to 

collect additional exposure information as well as demographic and other data. Surveys 

asked participants to report the average length of time they engaged in recreational 

activities. Unlike duration data collected from observations, duration data reported in the 

surveys were similar to those collected in a previous hidden camera study, which also 

collected recreation duration data at the same or similar sites in Philadelphia (Sunger et 

al., 2012).  

Dose-response 

Dose-response curves were selected based on the study methods, sample size, use 

in previously published QMRAs, assumptions for different distributions, and single-hit 

probabilities, or the likelihood that a single pathogen will cause infection (Teunis & 

Havelaar, 2000). Dose-response parameters were fit as point estimates into the QMRA 

models. For the exact beta-Poisson models, code that integrates the hypergeometric 

function into the @RISK software came from Schmidt et al. (2013). 
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Importantly, in the case of norovirus, there are significant differences in the 

assumptions used in the available dose-response models, which can result in very 

different risk estimates (Abel et al., 2017; Schmidt, 2015). For this reason, two different 

norovirus dose-response models were run side by side to explore the impact of these 

curves on the analysis. The first curve is a more conservative model from Teunis et al. 

(2008) which assumes there was aggregation of the viral particles in the inoculum used in 

the feeding study data. This model accounts for the fact that the “apparent dose” 

(measured using qPCR) may have been less than the actual number of viruses present and 

assumes no immunity among the study population. The second model from Schmidt 

(2015) accounts for immunity in the study population and by doing so, found that the best 

fit model suggests disaggregation of the viral particles. This results in a smaller risk of 

infection at low doses as compared to the Teunis et al. (2008) model (Abel et al., 2017, 

Table 4.4). Results using these two models are presented side by side to explore the 

impact of the norovirus dose response model on risk estimates. 

Risk Characterization 

Separate QMRA models were run for each activity observed at each site and 

using data collected during CSO-impacted and non-impacted conditions (outlined in 

Table 4.12 below). Results of these models calculated the individual risk of symptomatic 

illness after engaging in each of the observed activities at each site. In addition, the risk 

of illness expected from at least one of the five reference pathogens included in the model 

was equal to 1-(1-Π(number of illnesses estimated per pathogen)) (Boehm et al., 2015). 
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Risk is calculated under the assumption that exposure to each pathogen is independent of 

exposure to all other pathogens.  

In addition to models that estimate the individual risk of illness due to recreational 

exposure to CSO-impacted or non-impacted water at the study sites (Riskill|e, Fig. 4.1), 

additional models were developed to estimate the number of illnesses expected at these 

sites during the summer months (June-August, Casesseason, Fig. 4.1). The number of 

individuals observed engaging in each type of recreational activity per day was equal to 

the number of individuals observed per hour of observation, multiplied by 8 hours per 

day at each site. The number of CSO-impacted vs. non-impacted days at each site during 

the summer months was determined using the CSO and rain data provided by the 

Philadelphia Water Department. According to these data, there was an average of five 

CSO-impacted days per month at the Cobbs Creek site (ranging from 1-10 CSO-impacted 

days per month), six CSO-impacted days per month at the Tacony Creek site (ranging 

from 1-12), and six CSO-impacted days per month at the Delaware River site (ranging 

from 2-13). To improve comparability across sites, models assumed there were 15 CSO-

impacted days (average of 5 days per month) and 77 non-impacted days at these sites 

from June-August (Daysseason, Fig. 4.1).  

The total number of illnesses expected on CSO-impacted days were calculated by 

multiplying the individual risk of illness per activity per site under CSO-impacted 

conditions by the number of individuals engaging in that activity per day per site, and by 

the number of CSO-impacted days from June-August (15 days). Similarly, the total 

number of illnesses expected on non-impacted days were calculated by multiplying the 
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individual risk of illness per activity per site under non-impacted conditions by the 

number of individuals engaging in that activity per day per site and by the number of 

non-impacted days from June-August (77 days). The sum of these values are equal to the 

total number of illnesses expected from June-August at each site. 

Statistical Analyses 
 
Descriptive statistics related to water quality and observational data findings were 

calculated in R version 3.2.5. Wilcoxon rank tests were used to test for significant 

differences in concentrations of HF183 measured in samples collected using 

ultrafiltration and those collected as grab samples. In addition, Wilcoxon rank tests were 

also used to determine whether there were significant differences in the measured 

concentrations of total coliforms, E. coli, and HF183, as well as in the number of 

recreators observed at each site during CSO-impacted and non-impacted conditions. 

Fisher’s exact tests were used to determine whether there were significant differences in 

the reported duration of each activity from surveys collected across sites.  

QMRA models were developed using @RISK (Palisade). Concentrations of 

HF183 in samples were fit to probability distributions in R using maximum likelihood 

estimation in the fitdistrplus package. Data on the duration of each activity from survey 

data and the number of individuals engaging in each activity per day were fit to 

probability distributions using maximum likelihood estimation in @RISK. Once all 

probability distributions were defined for each input into the QMRA model, the risk 

estimates were calculated using Monte Carlo methods (Monte Carlo sampling, 10,000 

iterations) in @Risk.  
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Sensitivity Analyses 

Sensitivity analyses to determine which model input contributed the most to the 

outcome (using probability of infection as the outcome) were done using Spearman Rank 

Correlations between each input and output value. These calculations were done in the 

@Risk software. 

 
Results 

 
Water Quality Results 

 
A total of 69 samples were collected at study sites in 2017-2019. These include 24 

samples collected at the Cobbs Creek site, 20 at the Tacony Creek site, and 25 at the 

Delaware River site. Wilcoxon rank tests found non-significant differences in the 

concentrations of HF183 measured between samples collected using ultrafiltration and 

those collected as grab samples at each site (p>0.05), for this reason, results from samples 

collected using both methods were combined and analyzed together. 

 Total coliform, E. coli, and HF183 concentrations measured at each site during 

CSO-impacted and non-impacted conditions are summarized in Table 4.5 below. The 

highest median concentration of total coliforms and HF183 were observed during CSO-

impacted conditions at the Tacony Creek site (median concentration of 3.0x105 

cfu/100mL and 3.6x105 gc/100mL) respectively. The highest median concentration of E. 

coli was observed during CSO-impacted conditions at the Cobbs Creek site (median 

concentration of 2.03x104 cfu/100mL). 
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Table 4.5 
Median concentration and concentration range of fecal indicator organisms and HF183 measured at the three sites under 
CSO-impacted and non-impacted conditions. Bolded if significant. 

Indicator 
Organism 

Cobbs Creek Tacony Creek Delaware River 
CSO-

impacted 
(n=10) 

Non-
Impacted 
(n=14) 

p-
value 

CSO-
impacted 
(n=11) 

Non-
Impacted 

(n=9) 

p-
value 

CSO-
impacted 

(n=9) 

Non-
Impacted 
(n=16) 

p-
value 

Median 
(Range) 

Median 
(Range) 

Median 
(Range) 

Median 
(Range) 

Median 
(Range) 

Median 
(Range) 

Total 
Coliforms 
(cfu/100mL) 

8.5x104 

 

(1.7x104-
3.6x106) 

4.2x104 

 

(2.8x102-
9.7x105) 

0.66 3.0x105 

 

(2.1x105-
2.6x106) 

1.1x104 

 

(75-1.8x105) 

0.01 5.6x104 

 

(4.7x103-
5.0x105) 

1.8x104 

 

(1.7x103-
1.8x105) 

0.07 

E. coli 
(cfu/100mL) 

2.0x104 
 

(3.0x102- 
1.3x105) 

2.1x103 
 

(20-7.8x104) 
 

0.72 1.6x104 
 

(1.6x103- 
7.0x104) 

3.7x102 
 

(30-2.4x103) 

<0.01 1.3x103 
 

(2.0x102-
4.5x103) 

3.7x102 
 

(85-5.2x103) 

0.18 

HF183  
(gc/100mL) 

2.4x105 

 

(1.4x104-
5.8x105) 

5.0x104 

 

(1.3x103-
7.5x105) 

0.02 3.6x105 

 

(9.1x104-
2.4x107) 

4.4x104 

 

(5.5x103-
2.9x103) 

0.01 1.1x105 

 

(7.8x103-
7.5x105) 

2.0x104 

 

(1.4x103-
5.1x105) 

0.03 
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All but 6 samples (3 from the Delaware River, 2 from Cobbs Creek, and 1 from 

Tacony Creek) were above the Pennsylvania Department of Environmental Protection 

(PA DEP)’s regulations for total coliforms (5.0x103 cfu/100 mL) in recreational water 

(PA DEP, 2016; U.S. EPA, 2012). All six of these samples were collected during non-

impacted conditions. In addition, all but 14 samples (9 at the Delaware River, 3 at Tacony 

Creek, and 2 at Cobbs Creek) were above the PA DEP’s regulations for E. coli (410 

cfu/100 mL) in recreational water (PA DEP, 2016). Among the samples that were not 

above PA DEP’s regulations for E. coli, all but one (from the Delaware River site) were 

collected during non-impacted conditions. Importantly, because swimming is illegal at 

these sites, Pennsylvania state guidelines for recreational water do not apply and are used 

here only for comparison purposes. 

Previous research has used QMRA to establish an acceptable risk threshold for 

HF183 in recreational water based off of the U.S. EPA threshold of 30 illnesses per 1,000 

exposure events (Boehm et al., 2015; U.S. EPA, 2012). This threshold, based on a 45 

minute swimming exposure, is 4,200 gc/100mL (Boehm et al., 2015). Importantly, 

HF183 concentrations were measured above this threshold in all but two samples. Both 

samples that had concentrations of HF183 below 4,200 gc/100mL were taken during non-

impacted conditions, one at the Cobbs Creek site and one at the Delaware River site. 

Across all three sites, the median concentrations of total coliforms, E. coli, and 

HF183 were higher during CSO-impacted conditions than non-impacted conditions. 

However, Wilcoxon Rank tests only found significant differences in total coliform and E. 

coli concentrations during CSO-impacted and non-impacted conditions at the Tacony 
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Creek site (p=0.007 and p=0.0013 respectively). At all three sites, Wilcoxon Rank tests 

found significant differences in HF183 concentrations during CSO-impacted and non-

impacted conditions (p<0.05, Table 4.5). 

HF183 concentration data were fit to probability distributions for use in the 

QMRA models. Data were fit to separate distributions for each site and depending on 

whether samples were collected during CSO-impacted and non-impacted conditions. 

Using the fitdistrplus package in R, several distributions were explored including gamma, 

Weibull, lognormal, log10-normal, and the normal distribution. In almost all cases, the 

best fit (based on values of the Akaike's Information Criterion (AIC) (Akaike, 1998)) was 

observed when fitting log10-transformed data to a normal distribution. For this reason, all 

distributions were fit to a log10-normal distribution for use in the QMRA models. Model 

parameters including mean and standard deviation are summarized in Table 4.6 below. 

 
Table 4.6 
Model parameters fit to log10-normal distribution for concentrations of HF183 in 
samples under CSO-impacted and non-impacted conditions. 
Site Condition N Mean Standard Deviation 
Cobbs Creek CSO-impacted 10 3.231 0.476 

Non-impacted 14 2.667 0.618 
Tacony Creek CSO-impacted 9 3.641 0.427 

Non-impacted 11 2.732 0.577 
Delaware River CSO-impacted 9 3.058 0.573 

Non-impacted 16 2.508 0.645 
 

The parameters in Table 4.6, the concentration of HF183 in sewage, and the 

concentrations of the five reference pathogens in sewage (Table 4.4) were used to 

calculate the expected concentration of pathogens in samples (C, Fig 4.1). Pathogen 

concentrations were estimated separately for each site under CSO-impacted and non-
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impacted conditions. This calculation was done using Monte Carlo simulations (10,000 

simulations) in @Risk as reported in Table 4.7 below.  

 

 

Although pathogen concentrations were not measured in this study, 

concentrations of certain pathogens (including enterohemorrhagic E. coli (O157:H7), 

Salmonella, and norovirus) were measured in samples collected at the Cobbs Creek site 

and a site directly upstream of the Tacony Creek in 2016 (McGinnis et al., 2018). In the 

previous study, at least one (out of the 14 samples collected) were positive for 

enterohemorrhagic E. coli, Salmonella, and norovirus (Cryptosporidium and Giardia 

were not measured). While norovirus concentrations estimated in the table above are in 

genomic copies per L (gc/L) in the current study, Salmonella, and E. coli O157:H7 were 

measured in the previous study in gc/L (via qPCR) but in the current study are measured 

Table 4.7 
Estimated concentrations of each reference pathogen at each site during CSO-impacted 
and non-impacted conditions. 

Pathogen 

Cobbs Creek Tacony Creek Delaware River 
CSO-

impacted 
Mean 

(95% CI) 

Non-
Impacted 

Mean 
(95% CI) 

CSO-
impacted 

Mean 
(95% CI) 

Non-
Impacted 

Mean 
(95% CI) 

CSO-
impacted 

Mean 
(95% CI) 

Non-
Impacted 

Mean 
(95% CI) 

E. coli 
(cfu/L) 

8.6 
(7.1x10-4-

31.3) 

4.1 
(1.5x10-4-

10.7) 

15.7 
(1.8x10-3-

62.8) 

2.6 
(1.4x10-4-

8.1) 

6.9 
(4.2x10-4-

23.8) 

2.5 
(9.1x10-5-

6.9) 
Salmonella 
(cfu/L) 

6.8 
(1.2x10-2-

28.4) 

3.1 
(2.5x10-3-

9.8) 

13.0 
(2.9x10-2-

58.0) 

1.9 
(2.3x10-3-

7.3) 

5.4 
(6.8x10-3-

21.5) 

1.8 
(1.4x10-3-

6.5) 
norovirus 
(gc/L) 

5.6x103 
(4.6-

2.3x104) 

2.4x103 
(0.99-

8.4x103) 

1.1x104 
(12.1-

4.7x104) 

1.7x103 
(9.1x10-1-
5.6 x103) 

4.6x103 
(2.7-1.7 

x104) 

1.6x103 
(5.5x10-1-
5.3x103) 

Giardia 
(cysts/L) 

51.9 
(3.0x10-2-

224.6) 

25.2 
(6.3x10-3-

83.6) 

98.9 
(8.0x10-2-
4.6 x102) 

15.4 
(6.2x10-3-

57.0) 

40.9 
(1.8x10-2-
1.7x102) 

14.6 
(3.7x10-3-

50.9) 
Cryptosporidium 
(oocysts/L) 

2.2 
(2.3x10-3-

9.5) 

0.9 
(4.8x10-4-

1.2) 

4.3 
(5.9x10-3-

19.1) 

0.6 
(4.8x10-4-

2.5) 

1.8 
(1.4x10-3-

7.2) 

0.6 
(2.8x10-4-

2.2) 
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in colony forming units per L (cfu/L) (due to the use of culture-based methods used for 

detecting these concentrations in human sewage, García‐Aljaro et al., 2005; Lemarchand 

& Lebaron, 2003; Soller et al., 2010).While there is no available data, to our knowledge, 

to clearly convert E. coli O157:H7 concentrations from cfu to gc, data published in Corsi 

et al. (2016), suggests that measurements of 100gc/L of Salmonella is equivalent to 0.2 

cfu/L. Using this conversion, the range of Salmonella estimated in Table 4.7 would 

correspond to 900-6,500gc/L. For this reason, pathogen concentrations estimated in this 

study are higher than what was measured during pilot data collection which found 

concentrations of (73gc/L for norovirus, 4.7gc/L for enterohemorrhagic E. coli, and 

<0.01-4gc/L for Salmonella). However, these previous estimates were impacted by 

inhibition which can reduce the potential recovery of pathogens in environmental 

samples (McGinnis et al., 2018) 

Observational Data Results 

In summer 2018, data were collected for an average of 94 minutes per day for 22 

days. In summer 2019, data were collected for an average of 103 minutes per day for a 

total of 39 days. Across both summers, observational data were collected for a total of 96 

hours and 8 minutes across 61 days (33 hours and 46 minutes during CSO-impacted and 

59 hours and 16 minutes during non-impacted conditions). Importantly, in some cases 

(n=11 days across both summers), the end time of data collection was not recorded and 

could not be determined from other data recorded on the field sheet. In these instances, it 

was estimated that data were recorded for 1 hour (this only affected the value of the total 

number of hours data were collected; to capture the average hours dates where the end 
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time was not recorded were excluded). Photographs taken of recreational activities 

observed at the study sites are included in Appendix F. 

Number of Recreators Observed 
 
The number of observation days, total observation time, and number of 

individuals observed making contact with the water through recreation per day is 

summarized in Table 4.8. The total number of recreators per day was calculated by 

multiplying the number observed per hour of observation by 8 hours per day (the 

estimated time of day when recreation occurs).  

Wilcoxon rank tests were used to determine whether there were significant 

differences in the number of individuals observed recreating at each site (number of 

recreators per hour of observation) during CSO-impacted and non-impacted conditions 

and during week or weekend days. Wilcoxon rank tests found no significant differences 

between the total number of recreators observed during CSO-impacted and non-impacted 

conditions at any site or between the total number of recreators observed across sites.  

 

Table 4.8 
Summary of observational data recorded per site from 2018-2019. 

Site 
Name Conditions 

Number of 
Observation 

Days 

Total Observation 
Time 

(hours:minutes) 

Number of People 
Observed Per day1 

Min Median Max 
Cobbs 
Creek 

CSO-impacted 6 09:03 0 11 212 
Non-impacted 10 15:26 0 0 14 

Tacony 
Creek 

CSO-impacted 9 09:24 0 0 30 
Non-impacted 12 25:34 0 18 39 

Delaware 
River 

CSO-impacted 6 15:19 0 4 17 
Non-impacted 18 19:08 0 0 37 

1Only includes individuals making direct contact with the creek through swimming, 
wading/playing, or fishing. 
2 Outlier removed where 35 individuals were observed fishing over an 83 minute period 
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In addition, no significant differences were found when comparing data collected 

during weekdays and weekend days. This finding contrasts with results from a hidden 

camera study that collected recreation data at the same or similar sites in Philadelphia and 

found significantly more individuals recreating on weekends (Sunger et al., 2012). This 

may be due to a lack of staff availability on weekends (total weekend days where data 

were collected=9, total of 13 hours and 41 minutes of data collection). 

Types and Frequency of Activities Observed 
 
Swimming exposures (defined as head-under exposures) were only observed at 

the Tacony Creek site. Wading/playing (defined as direct hand/foot contact with the 

water but no head-under exposure) and fishing exposures were observed at all three sites. 

At the Cobbs Creek site, the most frequently observed activity was wading (observed on 

n=5 days, total individuals observed=11), followed by fishing (observed on n=2 days, 

total individuals observed=37, including an outlier where 35 individuals were reported 

fishing at one time due to a Boy Scout event at the park). At the Tacony Creek site, the 

most frequently observed activity was also wading (observed on n=10 days, total 

individuals observed=36), followed by swimming (observed on n=7 days, total 

individuals observed=40), and fishing (observed on n=1 day, total individuals 

observed=1). At the Delaware River site, the most frequently observed activity was 

fishing (observed on n=10 days, total individuals observed=29), followed by wading 

(observed on n=5 days, total individuals observed=15). Data on the number of 

individuals observed engaging in each activity per day at each site from June-August are 

summarized in Table 4.9. 
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Table 4.9  
Summary of the number of individuals observed engaging in each activity per day at 
each site from June-August 2018-2019. 

Site 
Name 

Swimming Wading/Playing Fishing 

Days 
Behavior 
Observed 

Individuals 
Observed per 

Day 
Days 

Behavior 
Observed 

Individuals 
Observed per 

Day 
Days 

Behavior 
Observed 

Individuals 
Observed per 

Day 
Mode Range Mode Range Mode Range 

Cobbs 
Creek 

0 (0%) 0 0-0 5 (31%) 0 0-21 1 (13%) 0 0-61 

Tacony 
Creek 

7 (33%) 0 0-21 10 (48%) 0 0-39 1 (5%) 0 0-4 

Delawar
e River 

0 (0%) 0 0-0 5 (21%) 0 0-8 10 (42%) 0 0-28 

1Outlier due to Boy Scout fishing event at the site removed.  

 

To predict the number of expected cases of illness from June-August at each site 

(Casesseason, Fig. 4.1), data on the number of individuals engaging in each observed 

activity per day at each site (Popexp, Fig. 4.1) were fit to probability distributions in 

@Risk. The fit of discrete distributions including the geometric, negative binomial, 

discrete uniform, and Poisson distributions were assessed using AIC values. Distributions 

were fit separately for each activity observed at each site. In all cases, the geometric 

distribution resulted in the best fit to the data (detailed summary of distribution fit process 

is in Appendix G). The distribution parameters used in the QMRA models are 

summarized in Table 4.10 below. Importantly, the Cobbs Creek outlier was removed 

before fitting distributions.  
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Table 4.10 
Parameters for geometric distributions fit to the number of individuals exposed per 
day. Distributions fit in @RISK. 
Site Swimming Wading/Playing Fishing 
Cobbs Creek NA 0.21333 0.71429 
Tacony Creek 0.08400 0.09546 0.82609 
Delaware River NA 0.28235 0.10909 

 

Other reactional activities that were observed at the Cobbs Creek site that were 

not included in the QMRA models were playing with dog(s) (observed on n=5 days, total 

of n=9 individuals) and skipping rocks (observed on n=4 days, total of 4 individuals). 

Other activities that were observed at the Tacony Creek site were playing with dog(s) 

(observed on n=2 days, total of n=11 individuals) and skipping rocks (observed on n=1 

day, total of 4 individuals). Other activities that were observed at the Delaware River site 

included playing with dog(s) (observed on n=3 days, total of n=6 individuals), skipping 

rocks (observed on n=4 days, total of n=21 individuals), boating (observed on n=25 days, 

in most cases could not see the number of individuals exposed), and jet skiing (observed 

on n=6 days, total of n=15 individuals). While these activities may also result in some 

risk of exposure to pathogens, there is no data available around potential ingestion rates 

while playing with a dog (after that dog entered the water) or while skipping rocks. 

Although data on ingestion rates per hour of activity are available for boating and jet 

skiing, it was decided to exclude these from the analysis. This is because all water 

samples were taken at the shoreline and are therefore, are expected to have different 

concentrations of sewage markers and pathogens than they would if samples were taken 

in areas where the water is deep enough for these activities to occur (i.e., near the center 

of the Delaware River). 
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Duration of Recreational Activities 
 
As described in the methods section above, data on the duration of each activity 

(D, Fig. 4.1) was taken from in-person survey data collected at the study sites (described 

in detail in Chapter 3). Fisher exact tests did not find significant differences in the 

duration of each activity reported by participants across the three sites. In addition, 

because survey data asked about the average duration of all past exposures, these data 

could not determine whether there were differences in the duration of these activities 

during CSO-impacted and non-impacted conditions. For this reason, duration data 

collected from participants across all three sites were combined into one dataset and fit to 

probability distributions in @Risk. The fit of continuous distributions including the 

triangular, exponential, uniform, and normal distributions were assessed using AIC 

values. The best fit distribution and distribution parameters for the duration of each 

activity are summarized in Table 4.11 below (details on distribution fit statistics are 

provided in Appendix G). 

 
Table 4.11 
Distribution and parameters for the duration of each activity reported by survey 
participants (data combined across all three sites, reported in minutes). 
Exposure Type Distribution 
Swimming Exponential(r=35.625) Shift +25.54) 
Wading Exponential (r= 30.625) Shift +6.1719 
Fishing Uniform (3.333, 136.670) 
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Final Risk Calculations 

QMRA models were created for each activity observed at each site during both 

CSO-impacted and non-impacted conditions. In total this included 28 models to estimate 

the probability of illness due to a single exposure or the total number of illnesses 

expected per day. These models are outlined in Table 4.12 below. 

 

Table 4.12 
Structure of the QMRA models created in this study. 
Site Activity CSO Conditions QMRA Outcome 
Cobbs 
Creek 

Wading CSO-impacted Probability of illness per exposure 
Number of illnesses expected 

Non-impacted Probability of illness per exposure 
Number of illnesses expected 

Fishing CSO-impacted Probability of illness per exposure 
Number of illnesses expected 

Non-impacted Probability of illness per exposure 
Number of illnesses expected 

Tacony 
Creek 

Swimming CSO-impacted Probability of illness per exposure 
Number of illnesses expected 

Non-impacted Probability of illness per exposure 
Number of illnesses expected 

Wading CSO-impacted Probability of illness per exposure 
Number of illnesses expected 

Non-impacted Probability of illness per exposure 
Number of illnesses expected 

Fishing CSO-impacted Probability of illness per exposure 
Number of illnesses expected 

Non-impacted Probability of illness per exposure 
Number of illnesses expected 

Delaware 
River 

Wading CSO-impacted Probability of illness per exposure 
Number of illnesses expected 

Non-impacted Probability of illness per exposure 
Number of illnesses expected 

Fishing CSO-impacted Probability of illness per exposure 
Number of illnesses expected 

Non-impacted Probability of illness per exposure 
Number of illnesses expected 
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Probability of Illness due to a Single Exposure 

The probability of illness due to each of the five reference pathogens following a 

single exposure at each site during CSO-impacted and non-impacted conditions (Riskill|e , 

Fig.4.1) are summarized in Fig. 4.2, 4.4, and 4.6 below. In addition, the risk of illness due 

to any of the five reference pathogens during CSO-impacted and non-impacted 

conditions are included in Fig. 4.3, 4.5, and 4.7. In all models, norovirus presented the 

largest risk of illness which is expected due to its high concentration in sewage and high 

infectivity (Abel et al., 2017; Schmidt, 2015). In addition, there was an approximate 1-

log10 difference in the calculated risk using the two norovirus dose-response curves. 

 

 

 

 

 

 
Figure 4.2. Probability of illness from each pathogen due to a single wading or fishing 
exposure at the Cobbs Creek site. Note: Model 1= Teunis et al. (2008), Model 2= 
Schmidt (2015), Line indicates U.S. EPA acceptable risk threshold of 3.0x10-2. 
 

Wading     Fishing 
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Figure 4.3. Probability of illness from any of the five reference pathogens due to a single 
wading or fishing exposure at the Cobbs Creek site. Note: Model 1= Teunis et al. (2008), 
Model 2= Schmidt (2015), Line indicates U.S. EPA acceptable risk threshold of 3.0x10-2. 
 
 
 

 
 

 
Figure 4.4. Probability of illness from each pathogen due to a single swimming, wading, 
or fishing exposure at the Tacony Creek site. Note: Model 1= Teunis et al. (2008), Model 
2= Schmidt (2015), Line indicates U.S. EPA acceptable risk threshold of 3.0x10-2. 

Wading    Fishing 

Swimming   Wading   Fishing 
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Figure 4.5. Probability of illness from any of the five reference pathogens due to a single 
swimming, wading, or fishing exposure at the Tacony Creek site. Note: Model 1= Teunis 
et al. (2008), Model 2= Schmidt (2015), Line indicates U.S. EPA acceptable risk 
threshold of 3.0x10-2. 
 
 

 
Figure 4.6. Probability of illness from each pathogen due to a single wading or fishing 
exposure at the Delaware River site. Note: Model 1= Teunis et al. (2008), Model 2= 
Schmidt (2015), Line indicates U.S. EPA acceptable risk threshold of 3.0x10-2. 

Swimming   Wading   Fishing 

Wading         Fishing 
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Figure 4.7 Probability of illness from any of the five reference pathogens due to a single 
wading or fishing exposure at the Delaware River site. Note: Model 1= Teunis et al. 
(2008), Model 2= Schmidt (2015), Line indicates U.S. EPA acceptable risk threshold of 
3.0x10-2. 
 
 

The scenario with the highest estimated risk of illness was a swimming exposure 

at the Tacony Creek site during CSO-impacted conditions (estimated mean risk of 0.24 

using the Teunis et al. (2008) model (norovirus model 1) and estimated mean risk of 

7.58x10-2 using the Schmidt (2015) model (norovirus model 2) from all pathogens 

combined). The scenario with the smallest estimated risk of illness was a wading 

exposure at the Delaware River site during non-impacted conditions (estimated mean risk 

of 8.28x10-2 using the Teunis et al., (2008) model (norovirus model 1) and 5.564x10-3 

using the Schmidt (2015) model (norovirus model 2)). While fishing results in a smaller 

volume of water ingested per hour of exposure than wading (Table 4.4), the duration 

recorded for fishing exposures was much larger than that for wading exposures (Table 

4.11), resulting in increased risk estimates in Figures 4.2-4.7.  

Wading      Fishing 
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The U.S. EPA defines an “acceptable risk” threshold for recreational exposure to 

environmental waters as 30 illnesses per 1,000 exposed or an individual risk of illness of 

3.0x10-2 (U.S. EPA, 2012). A horizontal line in Figures 4.2-4.7 indicates this risk 

threshold. Across all three sites, all exposures resulted in a mean risk of illness from any 

pathogen above the U.S. EPA threshold when using the Teunis et al., (2008) model 

(norovirus model 1). When using the Schmidt (2015) model (norovirus model 2), 

swimming exposures at the Tacony Creek site resulted in a mean risk of illness above this 

threshold. For all exposure scenarios, except for wading in non-impacted waters using 

norovirus model 2 (at all three sites), the 95% confidence interval contained this risk 

threshold. 

Because concentrations of HF183 were higher in samples collected during CSO-

impacted conditions (Table 4.6 above), across all sites and activities, the risk of illness 

was also higher during CSO-impacted conditions. Significant differences in the 

probability of illness during CSO-impacted and non-impacted conditions were not found 

in this study due to the high degree of uncertainty around the risk estimates (large 

confidence intervals). However, results do suggest that swimming, wading, and fishing in 

all three water bodies may present a health risk and that this risk is likely to be higher 

within 24 hours of a CSO event. 

Total Number of Illnesses Expected During the Summer Months 

Probability distributions using the parameters displayed in Table 4.10 above were 

used to estimate the number of individuals exposed (number engaging in each activity 

from June 1-August 31) at each site (Popexp, Fig.4.1). These values along with the 
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number of CSO-impacted and non-impacted days expected from June-August (Daysseason, 

Fig. 4.1), and the individual risk of illness per activity per site under CSO-impacted and 

non-impacted conditions (Riskill|e, Fig. 4.1.), were then used to calculate the total number 

of illnesses expected due to each activity at each site from June-August. As above, these 

values were calculated separately using the Teunis et al. (2008) (model 1) and Schmidt 

(2015) (model 2) dose-response curves for norovirus. These values are presented in 

Tables 4.13-4.15. 

 

 
 
 
 
 
 
 
 
 

Table 4.13 
Number of total illnesses expected due to E. coli, Salmonella, norovirus, 
Cryptosporidium, or Giardia per CSO-impacted and non-impacted day and from June-
August at Cobbs Creek. 95% PI= 95% Probability Interval. 

Norovirus 
Model Used Unit of Time 

Wading Fishing 
Mean 

(95% PI) 
Mean 

(95% PI) 

Norovirus 
model 1 

Per one CSO-impacted day 
0.47 

(0-2.04) 
6.4x10-2 

(0-0.39) 

Per one non-impacted day 
0.34 

(0-1.67) 
5.0x10-2 

(0-0.31) 
Total Cases per Season (mean 
is rounded to the nearest case) 

33 
(0-159.19) 

5 
(0-29.72) 

Norovirus 
model 2 

Per one CSO-impacted day 
5.0x10-2 

(0-0.18) 
1.1x10-2 

(0-2.3x10-2) 

Per one non-impacted day 
2.6x10-2 

(0-7.1x10-2) 
9.0x10-3 

(0-7.1x10-3) 
Total Cases per Season (mean 
is rounded to the nearest case) 

3 
(0-8.17) 

<1 
(0-0.89) 
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Table 4.14 
Number of total illnesses expected due to E. coli, Salmonella, norovirus, 
Cryptosporidium, or Giardia per CSO-impacted and non-impacted day and from June-
August at Tacony Creek. 95% PI= 95% Probability Interval. 

Norovirus 
Model Used Unit of Time 

Swimming Wading Fishing 
Mean 

(95% PI) 
Mean 

(95% PI) 
Mean 

(95% PI) 

Norovirus 
model 1 

Per one CSO-impacted 
day 

2.61 
(0-9.53) 

1.52 
(0-6.38) 

3.86x10-2 
(0-0.30) 

Per one non-impacted 
day 

1.74 
(0-7.04) 

0.96 
(0-4.58) 

2.8x10-2 
(0-0.22) 

Total Cases per 
Season (mean is 
rounded to the nearest 
case) 

173 
(0-685.03) 

97 
(0-448.36) 

3 
(0-21.44) 

Norovirus 
model 2 

Per one CSO-impacted 
day 

0.80 

(0-4.12) 
0.25 

(0-1.33) 
2.77x10-2 

(0-0.22) 
Per one non-impacted 
day 

0.29 
(0-1.34) 

8.31x10-2 
(0-0.23) 

6.19x10-3 
(0-3.06x10-2) 

Total Cases per 
Season (mean is 
rounded to the nearest 
case) 

34 
(0-164.98) 

10 
(0-37.66) 

1 
(0-5.66) 

Table 4.15 
Number of total illnesses expected due to E. coli, Salmonella, norovirus, 
Cryptosporidium, or Giardia per CSO-impacted and non-impacted day and from June-
August at Delaware River. 95% PI= 95% Probability Interval. 

Norovirus 
Model Used Unit of Time 

Wading Fishing 
Mean 

(95% PI) 
Mean 

(95% PI) 

Norovirus 
model 1 

Per one CSO-impacted day 
0.31 

(0-1.44) 
1.03 

(0-4.39) 

Per one non-impacted day 
0.21 

(0-1.17) 
0.83 

(0-4.11) 
Total Cases per Season (mean 
is rounded to the nearest case) 

21 
(0-111.69) 

79 
(0-382.32) 

Norovirus 
model 2 

Per one CSO-impacted day 
2.42x10-2 

(0-9.39x10-2) 
0.17 

(0-0.51) 

Per one non-impacted day 
1.47x10-2 

(0-3.65x10-2) 
0.13 

(0-0.23) 
Total Cases per Season (mean 
is rounded to the nearest case) 

1 
(0-4.22) 

13 
(0-25.36) 
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Model results suggest that from June-August, the expected mean number of total 

illnesses from the recreation activities included in these models are 38 (using norovirus 

model 1) and 3 (using norovirus model 2) at the Cobbs Creek site. At the Tacony Creek 

site, the mean number of total illnesses during the summer months are 273 using 

norovirus model 1, and 45 using norovirus model 2. Finally, at the Delaware River site, 

the mean number of total illnesses expected during the summer months are 100 using 

norovirus model 1 and 14 using norovirus model 2. 

Sensitivity Analyses 

Sensitivity analyses were done by calculating the Spearman Rank correlations 

between model inputs and model results in @Risk. Results of the sensitivity analyses 

were used to determine which model inputs had the largest impact on the resulting risk 

estimates. The three model inputs that had the largest impact on each of the individual 

risk of illness estimates are summarized in Appendix H. 

For the majority of scenarios, the concentration of the pathogen in sewage had the 

largest impact on the probability of illness per exposure estimates for E. coli O157:H7, 

Salmonella, Giardia, and Cryptosporidium (Appendix H). For models that calculated the 

individual risk of illness for norovirus, the model inputs with the largest impact on results 

were the volume of water ingested per hour of activity and the concentration of HF183 in 

samples.  

 

 

 



 

113 
 

Discussion 

Results of the QMRA models found that the estimated risk of illness due to 

recreational exposures at all three sites may exceed the U.S. EPA’s acceptable risk 

threshold of 30 illnesses per 1,000 exposed under both CSO-impacted and non-impacted 

conditions. The highest risk of illness was due to a swimming exposure at the Tacony 

Creek site during CSO-impacted conditions (mean risk of illness was 0.24 using the 

Teunis et al. (2008) model and 7.57x10-2 using the Schmidt (2015) model). Although the 

mean risk of illness was higher under CSO-impacted conditions, there were no significant 

differences between the estimated risk of illness calculated under CSO-impacted and 

non-impacted conditions due to high degrees of uncertainty in the models. 

Previous epidemiologic studies have found associations between GI illness and 

concentrations of indicator organisms (including E. coli, enterococci, and others) in both 

marine and freshwater bodies (Cabelli et al., 1979; Dorevitch et al., 2015; Wade et al., 

2003; Wade et al., 2010). These studies have consistently found positive associations 

between concentrations of these indicators and the risk of illness due to recreational 

activities, although these risk estimates differ across studies. This may be in part due to 

differences in geographical location, study design (e.g., cohort, cross-sectional, etc.), the 

choice of a control group (swimming vs. non-swimming control group), which indicator 

organism they used, and how this indicator was measured (Wade et al., 2003). While few 

of these studies have used HF183 as the indicator of interest, one epidemiologic study 

linked concentrations of fecal Bacteroidales spp. (Bacteroides is a genus of the order 
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Bacteroidales) measured using qPCR and rates of AGI among beachgoers along a marine 

beach in Mississippi (Wade et al., 2010). 

While epidemiologic studies are able to measure risk directly by counting the 

number of cases of illness or infection, QMRAs are more reliant on data assumptions and 

literature data (e.g., for dose-response models) to estimate disease risk. Despite this, risk 

estimates quantified using QMRA have high agreement with risk estimates from 

epidemiologic studies (Burch, 2018; Soller et al., 2017). Previous QMRAs have 

estimated the risk of illness due to recreational exposure to natural surface water bodies 

through swimming, wading, fishing, etc. (Abia et al., 2016; McBride et al., 2013). This 

includes studies that were done along CSO-impacted waterbodies. For example, one 

study measured concentrations of pathogens in CSO discharges and found even after 

considering dilution (after CSO discharges are introduced into surface water), the risk of 

illness for recreators is above the EPA risk threshold (McBride et al., 2013). However, 

other studies have found a risk of illness due to recreational exposure to CSO-impacted 

sites below the 30 illnesses per 1,000 exposed threshold (e.g., 19 illnesses per 1,000 

exposed in Norway, Eregno et al., 2016). The heterogeneity of these risk estimates in the 

literature, demonstrates the importance of considering site-specific differences when 

discussing the relationships between CSOs, rainfall, and disease risk. 

Generally, the risk estimates calculated in this study were similar to those 

calculated in a previous QMRA done at the same or similar sites in Philadelphia (Sunger 

& Haas, 2015). The mean risk of illness recorded due to at least one of the five reference 

pathogens in the current study ranged from 82-189 illnesses per 1,000 exposed using 
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norovirus model 1 and 8-76 illnesses per 1,000 exposed using norovirus model 2. In the 

previously published QMRA, the risk of illness ranged from 0.07-52 illnesses per 1,000 

users per day (using data reported at the Cobbs Creek, Tacony Creek, and Delaware 

River sites used in their study, Sunger & Haas, 2015).  

However, unlike the previous QMRA that did not find a risk of illness above the 

U.S. EPA threshold at the Delaware River site, this study found that when using the 

Teunis et al. (2008) dose-response model, the risk of illness at the Delaware River site 

was above the U.S. EPA acceptable risk threshold. This discrepancy is likely due to the 

different methods used for quantifying risk. In the Sunger and Haas (2015) study, risk 

was based on enterococci concentrations. Enterococci is an indicator organism (similar to 

total coliforms and E. coli) that is quantified using membrane filtration methods (Sunger 

& Haas, 2015). Sunger and Haas (2015) used data from previous epidemiologic studies 

that investigated the relationships between enterococci concentrations and risk of GI 

illness due to recreational exposures to fit an exponential dose-response model for 

enterococci (Sunger & Haas, 2015). By doing so, they did not infer concentrations of 

pathogens, but instead relied on indicator organism concentrations directly to estimate 

risk. Compared to HF183, enterococci is less specific to human sources and may enter the 

environment via animal reservoirs (Green et al., 2014; Wang et al., 2010). For this 

reason, when compared to the Sunger and Haas (2015) study, the risk estimates in this 

study are more likely to represent exposure to human fecal sources (i.e., human sewage 

from CSOs) alone which are known to present a larger health risk than exposure to 

animal fecal contamination (Soller et al., 2010).  
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While all but two samples had HF183 concentrations above the 4,200gc/100mL 

threshold, which was determined to correspond with the U.S. EPA acceptable risk 

threshold of 30 illnesses per 1,000 exposed (Boehm et al., 2015), some mean risk 

estimates calculated in this study were not above this threshold (for wading during non-

impacted conditions). This is likely due to the fact that the 4,200 gc/100mL threshold was 

developed using a QMRA that was based on a 45 minute swimming exposure. Because 

the majority of exposures observed in this study were wading or fishing exposures, which 

result in smaller volumes of water ingested per hour of activity, a higher concentration of 

HF183 would be expected to correspond to a risk estimate of 30 illnesses per 1,000 

exposed for these activities. For this reason, these findings demonstrate that one 

concentration threshold for “acceptable risk” cannot be applied to all recreational 

exposures. 

Implications 

Because CSOs increase the risk of illness due to recreational exposures, efforts to 

reduce CSOs by managing stormwater may also reduce disease risk to recreators. The 

Philadelphia Water Department designed their Green City, Clean Waters plan to improve 

stormwater management in the city (The Philadelphia Water Department, 2012). This 

plan includes investments into strategies that are designed to reduce urban stormwater 

runoff, thereby preventing CSOs from occurring. A key strategy to reduce urban 

stormwater runoff is to integrate green stormwater infrastructure (GSI), such as tree 

trenches, rain gardens, etc., to absorb stormwater and prevent it from entering the 

combined sewer systems (The Philadelphia Water Department, 2012). Results of this 
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study support that in addition to improving surface water quality in Philadelphia, the 

effective integration of GSI into communities may also reduce the incidence of 

waterborne disease by directly reducing pathogen concentrations in areas used for 

recreation. Previous research has found that costs of AGI due to water recreation can 

range from $1,220-$1,676 per 1,000 individuals exposed due to the costs of medications, 

healthcare/utilization of health services, and lost productivity (DeFlorio-Barker et al., 

2017). For this reason, GSI may provide some additional cost benefit due to reduction in 

AGI risk to recreators. 

In addition, results from the present study highlight the importance of the 

norovirus dose-response model selection in QMRA (Abel et al., 2017). Because 

norovirus may contribute to the majority of the risk following exposure to waters 

impacted by human fecal contamination, as demonstrated by this study and others (e.g., 

Boehm et al., 2015; McBride et al., 2013), estimates of risk due to norovirus are 

particularly important. In this study, a large (1-log10) difference in risk estimates were 

calculated using the two different norovirus dose-response models. Discrepancies in the 

available dose-response models for norovirus are in part due to differences in the 

researcher’s approaches for dealing with potential aggregation of the viral particles 

(which was unmeasured in the human feeding study data that informed the models) as 

well as due to a lack of data around risk of illness at low doses (Abel et al., 2017; 

Schmidt, 2015). In addition, there is a lack of data around the decay of norovirus in 

environmental waters, as there are currently no available methods for culturing norovirus 

(Boehm et al., 2018). Despite this, epidemiologic studies have linked norovirus infections 
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with swimming exposures (e.g., at a marine beach in Puerto Rico, Wade et al., 2018). For 

this reason, recreational exposures may be an important exposure route for infectious 

norovirus, although more research is required to better estimate this risk. 

Comparison with Reportable Disease Data 

Among the five reference pathogens included in this study, Salmonella, 

Cryptosporidium, and Giardia are defined as “routinely notifiable.” For this reason, 

confirmed, probable, or suspect cases of salmonellosis, cryptosporidiosis, and giardiasis 

are reported to the Philadelphia Department of Public Health (PDPH) by health-care 

providers, hospitals, or laboratories. However, because this reporting system is passive, 

available data is likely incomplete. According to the Centers for Disease Control and 

Prevention (CDC), completeness of the available data can depend on the disease itself, 

the availability of diagnostic facilities, control measures in effect, public awareness 

around a specific disease, and the resources and priorities of the officials responsible for 

reporting and conducting surveillance (CDC, 2020).  

Data on the monthly incidence of these diseases in Philadelphia were provided by 

the PDPH from 2014-2018 (for analyses in Chapter 5). During the June-August summer 

months, the number of salmonellosis cases reported to the PDPH were 86 in 2017 and 98 

in 2018, the number of cryptosporidiosis cases were 14 in 2017 and 8 in 2018, and the 

number of giardiasis cases were 22 in 2017 and 14 in 2018.  

To account for under-diagnosis and under-reporting, multipliers were developed 

using reportable disease and outbreak data for each of these illnesses in Scallan et al., 

(2011). Scallan et al., (2011) also provides estimates for the proportion of cases for each 
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illness that are expected to be foodborne or travel-related. For salmonellosis, the under-

reporting multiplier is 1.0 and the under-diagnosis multiplier is 29.3. For 

cryptosporidiosis, the under-reporting multiplier is 1.3 and the under-diagnosis multiplier 

is 98.6. For giardiasis, the under-reporting multiplier is 1.0 and the under-diagnosis 

multiplier is 46.3.  

According to Scallan et al., (2011), 11% of all salmonellosis cases in the United 

States are expected to be travel-related. Among the 89% that are domestically acquired, 

94% of salmonellosis cases are expected to be foodborne. For cryptosporidiosis, 9% of 

all cases in the United States are expected to be travel-related. Among the 91% that are 

domestically acquired, 8% are expected to be foodborne. Finally, 8% of all 

giardiasis cases in the United States are expected to be travel-related. Of the 92% that are 

domestically acquired, 7% are expected to be foodborne (Scallan et al., 2011). 

Using the multipliers for under-diagnosis and under-reporting from Scallan et al., 

(2011) as well as the number of disease cases reported to the PDPH, the total number of 

expected cases of salmonellosis in Philadelphia during June-August summer months are 

2,520 in 2017 and 2,871 in 2018. Among these, 135 in 2017 and 153 in 2018 are 

expected to be from waterborne or other (i.e., any non-foodborne) exposures. The 

expected total number of cases of cryptosporidiosis in Philadelphia during June-August 

summer months are 1,380 in 2017 and 789 in 2018; among these 1,155 in 2017 and 661 

in 2018 are expected to be from waterborne or other exposures. Finally, the expected total 

number of cases of giardiasis in Philadelphia during June-August summer months are 
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1,324 in 2017 and 843 in 2018; among these 1,133 in 2017 and 721 in 2018 are expected 

to be from waterborne or other non-foodborne exposures.  

The total number of cases of illness per exposure per site for each of the three 

reportable diseases under CSO-impacted and non-impacted conditions are summarized in 

Tables 5.19-5.21. below. As above, to estimate the total number of cases of each illness 

during the June-August swimming season, models estimated there were 15 CSO-

impacted days (average of 5 days per month) and 77 non-impacted days at these sites 

from June-August).

Table 4.16 
Expected illnesses per season due to each of the three potentially waterborne 
reportable diseases at Cobbs Creek. 95% PI= 95% Probability Interval. 

Reportable 
Disease Unit of Time 

Wading Fishing 
Mean 

(95% PI) 
Mean 

(95% PI) 
Salmonellosis Per one CSO-impacted day 6.05x10-4 

(0-2.77x10-4) 
5.02x10-5 

(0-4.66x10-4 ) 
Per one non-impacted day 1.09x10-4 

(0-1.95x10-4) 
1.59x10-5 

(0-3.53x10-4) 
Total Cases per Season  1.75x10-2 

(0-1.92x10-2) 
1.98x10-3 

(0-3.41x10-2) 
Cryptosporidiosis Per one CSO-impacted day 5.62x10-4 

(0-1.22x10-3) 
8.09x10-5 

(0-9.61x10-4) 
Per one non-impacted day 2.05x10-4 

(0-3.94x10-4) 
2.56x10-5 

(0-7.40x10-4) 
Total Cases per Season  2.42x10-2 

(0-4.86x10-2) 
3.18x10-3 

(0-7.14x10-2) 
Giardiasis Per one CSO-impacted day 1.06x10-2 

(0-2.39x10-2) 
1.76x10-3 

(0-2.99x10-3) 

Per one non-impacted day 4.66x10-3 

(0-7.80x10-3) 
5.64x10-4 

(0-2.02x10-3) 
Total Cases per Season  0.52 

(0-0.96) 
6.98x10-2 
(0-0.20) 
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Table 4.17 
Expected illnesses per season due to each of the three potentially waterborne 
reportable diseases at Tacony Creek. 95% PI= 95% Probability Interval. 

Reportable 
Disease Unit of Time 

Swimming Wading Fishing 
Mean 

(95% PI) 
Mean 

(95% PI) 
Mean 

(95% PI) 
Salmonellosis Per one CSO-

impacted day 
6.93x10-3 

(0-2.04x10-2) 
2.45x10-3 

(0-3.85x10-3) 
2.67x10-4 

(0-3.82x10-5) 
Per one non-
impacted day 

1.60x10-3 
(0-3.42x10-3) 

5.92x10-4 
(0-6.01x10-4) 

5.37x10-6 
(0-1.57x10-4) 

Total Cases 
per Season 

0.23 
(0-0.57) 

8.23x10-2 
(0-0.10) 

4.42x10-3 
(0-1.27x10-2) 

Cryptosporidiosis Per one CSO-
impacted day 

1.29x10-2 
(0-3.82x10-2) 

3.92x10-3 
(0-7.94x10-3) 

6.56x10-5 
(0-8.85x10-4) 

Per one non-
impacted day 

3.28x10-3 
(0-6.32x10-3) 

7.29x10-4 
(0-1.21x10-3) 

8.84x10-6 
(0-5.42x10-4) 

Total Cases 
per Season  

0.45 
(0-1.06) 

0.11 
(0-0.21) 

1.66x10-3 
(0-5.50x10-2) 

Giardiasis Per one CSO-
impacted day 

0.17 
(0-0.71) 

6.07x10-2 
(0-0.15) 

1.57x10-3 
(0-2.12x10-3) 

Per one non-
impacted day 

4.43x10-2 
(0-0.12) 

1.49x10-2 
(0-2.44x10-2) 

2.18x10-4 
(0-8.85x10-4) 

Total Cases 
per Season 

5.96 
(0-19.89) 

2.06 
(0-4.13) 

4.03x10-2 

(0-9.99x10-2) 
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Table 4.18 
Expected illnesses per season due to each of the three potentially waterborne 
reportable diseases at the Delaware River. 95% PI= 95% Probability Interval. 

Reportable 
Disease Unit of Time 

Wading Fishing 
Mean 

(95% PI) 
Mean 

(95% PI) 
Salmonellosis Per one CSO-impacted day 1.61x10-4  

(0-3.07x10-4) 
1.82x10-3  

(0-8.21x10-3) 
Per one non-impacted day 5.83x10-5   

(0-9.77x10-5) 
6.13x10-4  

(0-6.23x10-3) 
Total Cases per Season  6.90x10-3   

(0-1.21x10-2) 
7.45 x10-2  

(0-0.60) 
Cryptosporidiosis Per one CSO-impacted day 3.12x10-4 

 (0-6.05x10-4) 
2.91x10-3  

(0-1.74x10-2) 
Per one non-impacted day 1.06x10-4  

(0-1.90x10-4) 
8.81x10-4  

(0-1.32x10-2) 
Total Cases per Season  1.28x10-2   

(0-1.1x10-2) 
0.11  

(0-1.28) 
Giardiasis Per one CSO-impacted day 6.23x10-3  

(0-2.37x10-2) 
1.74x10-2  

(0-2.91x10-2)  

Per one non-impacted day 2.52x10-3  

(0-3.67x10-3) 
2.27x10-2  

(0-3.47x10-2) 
Total Cases per Season  0.29 

(0-0.64) 
2.01  

(0-3.11) 
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Based on the tables above, the mean number of cases of salmonellosis expected 

for all recreational activities observed across all three sites was less than 1 with 1.95x10-2 

expected at Cobbs Creek, 0.32 at Tacony Creek, and 1.44x10-2 illnesses expected at the 

Delaware River. The mean number of cases of cryptosporidiosis for all recreational 

activities observed across all three sites was also less than 1, with 2.74x10-2 expected 

illnesses at Cobbs Creek, 0.56 at Tacony Creek, and 0.12 at the Delaware River. Finally, 

the mean number of cases of giardiasis for all recreational activities observed across all 

three sites was 11, with 0.58 expected illnesses at Cobbs Creek, 8.06 at Tacony Creek, 

and 2.30 at the Delaware River.  

The number of cases expected to occur at the three study sites due to recreational 

exposures represent a small percentage (0-1.5%) of the total number of cases of each of 

these illnesses estimated to have occurred in Philadelphia from June-August 2017 and 

2018. However, it is not currently known how many other sites there are in Philadelphia 

where recreational exposures occur and to what degree other types of exposures (e.g., 

boating, playing with dog(s) etc.) that were observed at these sites contribute to risk 

estimates. For this reason, it is important to identify other sites in Philadelphia where 

recreational exposures are frequent and to monitor the frequency of different types of 

recreational behaviors at these sites in order to better understand the burden of disease 

due to recreational activities along CSO-impacted waters. 

Strengths 

Strengths of this analysis include the use of the HF183 marker for human 

Bacteroides which is highly specific to human sources and has been found to correlate 
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with CSOs (Green et al., 2014; McGinnis et al., 2018). Laboratory methods used in this 

study are the latest methods under development by the U.S. EPA and follow rigorous 

quality control standards as outlined in Shanks et al., (2016). This protocol has been 

tested in labs across the United States and has consistently out-performed other markers 

of human sewage (Layton et al., 2013). By using these methods, it is very likely that the 

risk estimates presented in this study are from human sources of fecal waste, which are 

known to present a higher risk of illness than animal sources (Soller et al., 2010).  

In addition, compared to epidemiologic methods, QMRA models, like those used 

in this analysis, are not impacted by symptom recall bias, issues around participant 

recruitment and control selection, or loss to follow-up. QMRA models have been 

validated in past studies using epidemiologic studies, highlighting the utility of QMRA 

for estimating risk, particularly in situations when disease estimates are difficult to 

determine using epidemiologic methods (Burch, 2018). Further, QMRA models allow for 

an estimation of risk under a variety of different scenarios (different recreation activities 

or different contamination levels). For this reason, this tool may be used to understand 

how levels of risk may differ due to different exposure scenarios and “test” interventions 

(through scenarios) which is not possible using traditional epidemiologic methods. 

However, the QMRA model results for this study are predictive and no data is available 

for validation of model results. 

Limitations 

While HF183 is a more specific marker to human sources than other traditional 

indicators or other qPCR-detectable human sewage markers (Green et al., 2014), using 
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this indicator to estimate the concentrations of pathogens in samples is still less accurate 

than estimating concentrations of the pathogens directly. While some studies have found 

relationships between HF183 and pathogens (e.g., Boehm et al., 2009; Schriewer et al., 

2010), others have failed to find these relationships (e.g., Fremaux et al., 2009; Staley et 

al., 2012). Additionally, previous studies have found no relationships between higher 

concentrations of HF183 and increased rates of AGI among those recreating along 

beaches along the Great Lakes (Dick & Field, 2004; Napier et al., 2017) and California 

(Colford et al., 2007). Despite this, the assumption that HF183 concentrations were 

indicative of the presence of pathogens at these sites is supported by preliminary data 

collected at the Cobbs Creek site and a site directly upstream of the Tacony Creek site 

(McGinnis et al., 2018). In this previous study, significant correlations were found 

between HF183 and recent CSOs. In addition, of the 6 pathogens that were measured in 

this previous study (adenovirus, enterovirus, norovirus, Campylobacter, 

enterohemorrhagic E. coli, and Salmonella), norovirus (measured at a concentration of 73 

gc/L), enterohemorrhagic E. coli (measured at a concentration of 4.7 gc/L), and 

Salmonella (measured at a concentration of <0.01-4 gc/L), were found despite a small 

sample size (n=14). These results suggest that although these pathogens were not 

measured directly in the present study, it is likely that they were present in at least some 

samples.  

Another limitation of this study is the use of qPCR methods for detecting 

concentrations of HF183. Previous research has suggested that qPCR recovery may be 

lower following rain events (Hata et al., 2014). For this reason, concentrations of HF183 
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measured under CSO-impacted conditions may have been lower than expected due to the 

presence of qPCR inhibitors in the reaction matrix. This may have biased the risk of 

illness during CSO-impacted conditions downwards. In addition, this study did not 

integrate data on the recovery of HF183 for either ultrafiltration or grab sample methods. 

During sample collection, it is likely for there to be some loss of HF183 due to transport, 

filtering procedures, etc. (Mull & Hill, 2012). While the degree to which this impacted 

the results of the study is unknown, assuming 100% recovery likely resulted in measured 

concentrations of HF183 that were lower than actual concentrations, which may also 

cause the measured risk estimates to be biased downwards. 

Results that found a risk of illness above the U.S. EPA’s acceptable risk threshold 

under non-impacted conditions suggest that CSOs can affect water quality for more than 

24 hours after an overflow event, however, this study did not consider HF183 or 

pathogen survivability or decay in the estimates. Previous research has found that HF183 

may be detectable in the environment for up to 4-10 days (Kreader, 1998; Walters & 

Field, 2009). Although environmental factors such as temperature, sun exposure, water 

flow rate and others can impact the persistence and survivability of HF183 and pathogens 

in the environment, in general, HF183 has a faster decay rate in environmental waters 

than any of the reference pathogens used in this study (Boehm et al., 2018; Kreader, 

1998; Maraccini et al., 2016; Murphy, 2017; Pachepsky et al., 2014; Sinton et al., 1999; 

Walters & Field, 2009). For this reason, the presence of HF183 in the environment more 

than 24 hours after a CSO event likely indicates that the risk of illness also can persist for 

more than 24 hours after a CSO (Boehm et al., 2018). Additionally, models that account 
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for the decay rates of HF183 and pathogens will increase the expected concentrations of 

pathogens in samples based on these differential decay rates, resulting in even higher 

estimates of risk (Boehm et al., 2018). While it is clear that decay rates should be 

considered in the determination of acceptable risk thresholds, in this study, the decision 

not the account for the differences in decay rates between HF183 and pathogens, does not 

impact the overall interpretation that a risk of illness may persist more than 24 hours after 

a CSO event. 

Results of the sensitivity analyses suggest that the parameters with the most 

influence on risk estimates were the estimated concentration of the reference pathogens in 

sewage or the volume of water ingested during one hour of recreation. Estimating 

concentrations of pathogens in human sewage is difficult due to the episodic nature of 

these pathogens and differences in survivability for each pathogen (Soller et al., 2010; 

U.S. EPA, 2010). In this study, the concentrations of the reference pathogens in sewage 

were not measured locally but were pulled from previous studies that collected samples 

from treatment plants in Europe (García‐Aljaro et al., 2005; Lemarchand & Lebaron, 

2003), Japan (Haramoto et al., 2006; Katayama et al., 2008), and across the United States 

(Florida, California, and Arizona) (Rose, 2005). Due to expected spatial differences in 

pathogen abundance, these concentrations may not be representative of the expected 

concentrations of these pathogens in sewage in Philadelphia.  

Similarly, data on the volume of water ingested during recreational activities and 

the dose-response parameters were collected under very specific circumstances, which 

may not be representative of the conditions expected in Philadelphia. In fact, there is a 
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large amount of uncertainty around the volume of water ingested during recreation due to 

differences by age, gender, and site-specific characteristics such as water depth and water 

quality (Dorevitch et al., 2011; Dufour et al., 2017). For this reason, results may have 

been impacted by this uncertainty in the available ingestion data.  

Further, despite the fact that a large number of children were observed recreating 

at the sites, the dose-response curves that were used in this study measured the risk of 

illness for healthy adults who have more mature immune systems and therefore, may 

have a lower risk of illness than children. In addition, models presented in this paper did 

not consider the fact that children have a higher rate of accidental ingestion of water 

during recreational activities, and spend a greater amount of time in the water than adults 

(Arnold et al., 2016; Dorevitch et al., 2011; Dufour et al., 2017). For this reason, the risk 

of illness in children may be higher than the risk presented in this paper. 

Another limitation of this study is that it did not consider the potential for non-

human sources of pathogens to impact risk results and did not account for seasonality. At 

each study site, animals such as dogs, geese, ducks, and deer were seen at or near the 

study sites. While these animals may be reservoirs for some of the pathogens used in the 

QMRA models, the sites selected in this analysis were those that were heavily impacted 

by CSOs and for this reason, it is expected that human sources were the largest 

contributors to pathogen concentrations at these sites (Soller et al., 2010). Similarly, 

stormwater runoff can directly impact water quality and introduce microbiological 

(including pathogens) contamination from roads, sidewalks, or other surfaces into natural 
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water bodies (Murphy et al., 2017; U.S. EPA, 2004). Despite this, it in unknown how 

runoff may have contributed to the measured concentrations of HF183 in these samples. 

In addition, this study only collected data around exposures that occur during the 

summer but does not account for seasonality of the pathogens in the environment (or in 

sewage). The decision not to account for seasonality was made due to the variability in 

seasonal distributions of pathogens in the environment in the literature (with some studies 

finding opposing seasonal trends, Addiss et al., 1992; Bondo et al., 2016; Haramoto et al., 

2006) as well as a lack of data availability of seasonality of pathogens in sewage or CSO 

discharges.  

 

Conclusions 

Results from the QMRA models presented herein supports existing research that 

exposure to CSO-impacted water via recreational activities can present a significant 

health risk. In addition, results found that this potential health risk might persist for more 

than 24 hours after a CSO event. Because results are highly reliant on model assumptions 

as well as on the choice of dose-response curves for norovirus (the key driver of disease 

risk), more research around dose-response relationships for norovirus as well as research 

that accounts for differential indicator/pathogen decay rates may provide better estimates 

of the true risk of illness due to recreational exposure to CSO-impacted water.  

Despite the fact that swimming in Philadelphia’s creeks and rivers is illegal, 

recreational exposure to these waterbodies still occurs (including through swimming). 

For this reason, results of this analysis demonstrate the importance of considering other 
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strategies to prevent exposure to contaminated waterways in Philadelphia. In addition, 

results demonstrate the importance of considering this exposure pathway when 

investigating AGI incidence in Philadelphia. 
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CHAPTER 5 

UNDERSTANDING RELATIONSHIPS BETWEEN PRECIPITATION AND 

POTENTIALLY WATERBORNE REPORTABLE DISEASE INCIDENCE IN 

PENNSYLVANIA 

 
Introduction 

Precipitation is a known driver of waterborne disease globally (Cann et al., 2013; 

Guzman Herrador et al., 2016). Precipitation contributes to the transport of pathogens in 

the environment by mobilizing pathogens shed from human or animal waste into local 

waterbodies through runoff, resuspending pathogens into water bodies that were settled in 

soils or sediments, and increasing surface water infiltration into groundwater sources 

(Levy et al., 2016). Exposure to contaminated groundwater or surface water can occur 

from drinking water or recreational exposures (Levy et al., 2016). Further, contaminated 

irrigation water can lead to potential foodborne exposures (Levy et al., 2016). 

Other climate-related factors, such as temperature, may also play a role in the 

relationship between rainfall and waterborne disease by impacting pathogen survival and 

replication rates in the environment (Carlton et al., 2016; Murphy, 2017). Temperature 

can impact pathogen survival and growth in the environment and can alter the dynamics, 

behaviors, and movement of human and animal hosts. Temperature has also been found 

to increase waterborne disease incidence as well as the risk of acute gastrointestinal 

illness (AGI), and hospitalizations for AGI, which is a common outcome of waterborne 

disease (Levy et al., 2016). Importantly, localized environmental factors such as slope, 

vegetation, impervious surface coverage, the presence of different animal hosts, etc. can 
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also impact these relationships (Atherholt et al., 1998; Levy et al., 2016; Sterk et al., 

2013). 

One of the key pathways by which rainfall can introduce pathogens or other types 

of contamination into water supplies is through stormwater runoff. Runoff can cause 

waste from roads and sidewalks to be transported into water bodies used as drinking 

water sources or for recreation. In cities with combined sewer systems, stormwater can 

increase the frequency of combined sewer overflows (CSOs), which are known sources 

of pathogens in local surface water bodies (U.S. EPA, 2004). For this reason, areas with 

combined sewer systems may be particularly vulnerable to the impacts of precipitation 

events on local water quality (Levy et al., 2016; Patz et al., 2008). One study that 

investigated these relationships in Massachusetts found that the associations between the 

number of emergency room visits for gastrointestinal illness and heavy precipitation 

events were stronger in areas where CSOs occurred along drinking water sources (Jagai 

et al., 2015). However, there are currently few other studies that have investigated the 

impact of CSOs on the association between precipitation and waterborne disease 

incidence.  

Several previous studies have used Poisson or negative binomial regression to 

measure associations between precipitation and waterborne disease counts, diarrhea 

incidence, ER or clinic visits for gastrointestinal illness, or telephone calls to nurse advice 

lines relating to gastrointestinal illness (Britton et al., 2010; Carlton et al., 2016; Drayna 

et al., 2010; Grjibovski et al., 2014; Harper et al., 2011; Tornevi et al., 2013; White et al., 

2009). While many of these studies have found positive associations between 
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precipitation, temperature, and disease incidence or healthcare utilization related to 

gastrointestinal illness, other studies have found no associations (Guzman Herrador et al., 

2016). 

Global climate change is expected to increase both the frequency and severity of 

extreme climate events including rainfall (Hirabayashi et al., 2013; The 

Intergovernmental Panel on Climate Change (IPCC), 2012). For this reason, many have 

hypothesized that in some areas, global climate change may also increase the incidence of 

waterborne disease (Hirabayashi et al., 2013; Patz et al., 2000; IPCC, 2012). 

Understanding the associations between weather and disease is an important step to better 

predict the impact of global climate change on public health, which has been named a 

public health priority (Patz et al., 2000). While several studies have associated rainfall 

and temperature with waterborne disease incidence, few have investigated how CSOs 

may modify this relationship. Further, Pennsylvania has the largest number of combined 

sewer outfalls in the United States (Pennsylvania Department of Environmental 

Protection (PA DEP), 2008). Despite this, no studies have assessed the relationship 

between rainfall and potentially waterborne reportable disease cases in Pennsylvania. 

 The purpose of this study is to measure the relationships between precipitation 

events, temperature, and potentially waterborne reportable disease incidence in 

Pennsylvania. These diseases include salmonellosis, campylobacteriosis, 

cryptosporidiosis, and giardiasis. In addition, this study will also examine the impacts of 

CSOs on these relationships.  
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Methods 

Data Sources 

Reportable Disease Cases 

Reportable disease data include the number of cases of campylobacteriosis, 

salmonellosis, cryptosporidiosis, and giardiasis reported to either the Pennsylvania 

Department of Health or the Philadelphia Department of Public Health per patient zip 

code per month from January 2014-December 2018 for a total of 5 years (60 months) of 

data. Data from Philadelphia County are reported to the Philadelphia Department of 

Public Health and data from all other counties in Pennsylvania are reported to the 

Pennsylvania Department of Health. Reportable disease data were received following 

completed data use agreements. Both data requests were designated as exempt from 

institutional review board approval as only aggregated and deidentified data were 

included. Reportable disease data included all confirmed, probable, or suspect cases, 

following the Centers for Disease Control and Prevention (CDC)’s appropriate case-

definition (CDC, 2020). 

 Zip codes recorded in the dataset were from the patient’s home address at the time 

the illness was reported. In order to spatially categorize the zip code-level data, zip codes 

provided in the reportable disease data were recoded to the corresponding zip code 

tabulation area (ZCTA) as defined by the United States Census Bureau (U.S. Census 

Bureau) (U.S. Census Bureau, 2018). ZCTAs are areal representations of United States 

Postal Service zip code areas and in most cases, correspond with these zip codes. When a 

disease case was reported in a zip code that did not match a corresponding ZCTA, the 
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ZCTA was identified and recoded manually using an online Uniform Data System (UDS) 

Mapper conversion tool (John Snow, Inc. (JSI), 2020). ZCTAs were also matched to a 

county using the U.S. Census Bureau’s online ZCTA to county relationship file in order 

to assess county-level impacts on the analyses (U.S. Census Bureau, 2018). 

Monthly Precipitation and Temperature Data 

Data on the total monthly precipitation (including rain and melted snow) as well 

as on the average, minimum, and maximum monthly temperature per ZCTA in 

Pennsylvania were retrieved from the online Parameter-elevation Relationships on 

Independent Slopes Model (PRISM) dataset created by Northwest Alliance for 

Computational Science & Engineering (NACSE), based at Oregon State University 

(NACSE, 2020). These data were created using both historical climate and elevation data 

collected from weather stations located across the United States to create a continuous-

area dataset for historical weather variables using climatologically-aided interpolation 

(Daly et al., 2008). These data can be used to gather weather data in areas where weather 

stations are not present and provide robust estimates in areas with few surrounding 

weather stations (Daly et al., 2008). PRISM data were retrieved at the centroid of each 

ZCTA for each month from January 2014-December 2018 in December 2019 (NACSE, 

2020). The latitude and longitude of each ZCTA centroid were identified in ArcMap 

version 10.7.1 using the U.S. Census ZCTA 2010 shapefile (U.S. Census Bureau, 2010). 

Number of Rain Days per Month 

 In addition to the PRISM data, weather data were also gathered from the National 

Oceanic and Atmospheric Administration (NOAA) online database (National Centers for 
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Environmental Information & National Oceanic and Atmospheric Administration, 2020). 

These data were used to gather information on the number of rain days (days with at least 

0.1inch or 2.54mm of precipitation recorded) per month, which was available in the 

NOAA dataset but not in the PRISM dataset. In contrast to the PRISM data, which 

creates a spatially continuous dataset using both climate and elevation data, NOAA data 

is only available by weather station. For this reason, data on the number of rain days per 

month from January 2014-December 2018 were downloaded from all weather stations 

located in Pennsylvania as well as the surrounding states (New York, New Jersey, Ohio, 

West Virginia, Delaware, and Maryland).  

Each monthly weather station dataset was imported into ArcMap version 10.7.1 

and the inverse distance weighting (IDW) tool was used to interpolate the point data into 

a continuous raster data file. IDW interpolates values by calculating a weighted average 

of the surrounding weather stations within a defined search radius (Shepard, 1968). IDW 

was done to estimate values in areas where weather station data were not available and to 

account for data from multiple weather stations. IDW creates a raster or continuous data 

file across the state. Because the stations that were available to provide weather data 

changed each month, separate data files were retrieved for each month included in the 

analysis. To calculate the number of rain days per month in each ZCTA, the interpolated 

raster data were averaged across each ZCTA area using the spatial statistics tool in 

ArcMap. 
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Locations of Combined Sewer Outfalls 

 Data on the locations of combined sewer outfalls in Pennsylvania were retrieved 

from the United States Environmental Protection Agency (U.S. EPA)’s website (U.S. 

EPA, Region 3, 2012). Data were provided for all of U.S. EPA’s mid-Atlantic region 

(region 3), which includes the state of Pennsylvania, and contains the point location for 

each outfall in the region. Locations of all outfalls in Pennsylvania were selected from 

this data set and imported into ArcMap version 10.7.1.  

 To account for the fact that individuals living within one ZCTA may be impacted 

by other outfalls located in neighboring or nearby ZCTAs, 5km circular buffers were 

created around the centroid of each ZCTA. The total number of outfalls that were located 

both within the 5km circular buffer and within the ZCTA area, were determined using the 

spatial statistics tool in ArcMap. In addition, another variable that measured whether or 

not a ZCTA contained an outfall within its area or within the 5km buffer area were also 

created in R. Additional variables that counted the number of outfalls within the ZCTA 

area alone or within both the ZCTA area and within a 10km circular buffer around the 

ZCTA centroid were also created in ArcMap in order to conduct additional sensitivity 

analyses to determine the impact of selecting the 5km buffer distance on the analysis. 

Demographic and Economic Covariates 

 In order to improve comparisons made between ZCTA-level populations, 

demographic and economic variables that may impact the incidence of waterborne 

disease, or the rates of disease reporting, were gathered from the 2017 American 

Community Survey (ACS) 5-year estimates accessed via the American Fact Finder 
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website run by the United States Census Bureau (U.S. Census Bureau) (U.S. Census 

Bureau, 2019). Variables retrieved that may impact the incidence of the four reportable 

diseases included in this study include the total population, median age, percent white 

population, percent Hispanic population, and the percentage of the population living 

below the poverty line in each ZCTA.  

Data Management 

In some cases, zip codes included in the reportable disease data sets were not 

from within Pennsylvania or no zip code was provided (e.g., for homeless individuals). 

These cases were removed from the analysis (included 28 out of the 48,138 cases 

reported). In addition, among the 1,793 ZCTAs in Pennsylvania, 14 had a total 

population of 0 according to 2017 5-year ACS estimates. These ZCTAs were also 

removed from the analyses. 

Before analyses, data were checked for the presence of missing data or for 

outliers. The median age variable from the 2017 ACS 5-year estimates had some missing 

data (missing for n=14 out of 1,779 ZCTAs, or 7% of all cases). Because the percentage 

of cases with missing data is less than 10%, analyses that account for missing data are 

likely to produce unbiased results (Bennett, 2001). For this reason, prior to analysis, 

multiple imputation was done using the other ACS variables included in the model along 

with the proportion of the population under the age of 5, under the age of 18, and over the 

age of 65 variables with the “mice” package in R (Van Buuren et al., 2007). The 

relationships between the variables used for MI and the median age variable were 

examined prior to conducting MI and after MI, density plots and convergence plots were 
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examined to determine whether the imputation was successful and the imputed data were 

plausible. These analyses are summarized in Appendix D. All analyses were done 

pooling results from the 5 imputed datasets. Further, in the reportable disease data, one 

outlier was found where there were 43 salmonellosis cases reported in one month. This 

outlier was removed from the analyses. 

Statistical Analysis 

Descriptive statistics were done in R version 3.5.2. To assess potential spatial 

autocorrelation, global Moran’s I was calculated for the total number of cases of each 

disease as well as for the combined total cases of all diseases reported in 2014-2018 per 

ZCTA in ArcMap. Moran's I is a weighted correlation coefficient, based on spatial 

proximity of ZCTAs. Values of Moran’s I range from 1 to -1 and a large positive or 

negative Moran’s I indicates nearby areas are highly similar (or dissimilar), whereas 

Moran's I near 0 indicates no spatial association in the data (Moran, 1950).  

Mixed-effects negative binomial regression models with an offset for total 

population were used to determine the impact of precipitation (either as total monthly 

precipitation or the number of days with rainfall of more than 2.54mm per month) on the 

number of disease cases reported per month. Negative binomial models were selected 

after comparing AIC values between these models and Poisson regression models and to 

account for overdispersion. Models included a random intercept for county to account for 

spatial clustering and control for unmeasured county-level variables (e.g., differences in 

the data retrieved from the Philadelphia Department of Public Health and the 

Pennsylvania Department of Health).  
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Initial models investigated associations between weather variables (temperature 

and precipitation) and the incidence of campylobacteriosis, salmonellosis, 

cryptosporidiosis, and giardiasis cases as well as with the total number of cases of all four 

conditions combined. Results determined whether including the maximum monthly 

temperature, minimum monthly temperature, or average monthly temperature variable 

resulted in a better fit and explained a larger amount of the variance in reportable disease 

incidence. Based on these findings, maximum monthly temperature was determined to 

improve model fit (based on lower AIC vales) and had a stronger association with the 

outcome variables. For this reason, all models controlled for maximum monthly 

temperature. 

Initial analyses also looked at the impact of including a variable for year and 

season in the models. These analyses did not find that year had a significant relationship 

with reported disease cases for any illness or with reported cases from all illnesses 

combined. However, season, which was controlled for as dummy variables in the model, 

did have a significant impact on the reported disease cases for any illnesses or for all 

illnesses combined. Following previous studies, the months of December, January, and 

February were coded as “Winter,” March, April, and May were coded as “Spring,” June, 

July, and August were coded as “Summer,” and September, October, and November were 

coded as “Fall” (Curriero et al., 2001; Jagai et al., 2015). For this reason, all models 

included dummy variables or stratified by season but did not account for year. 

Next, models were run to account for demographic and economic variables that 

may impact rates of waterborne disease or disease reporting. Demographic and economic 
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covariates were not considered to be confounding variables because they were not the 

cause of the exposure variable (precipitation). However, in ecological studies, it is 

common to control for population-level covariates to improve comparisons made 

between populations (Greenland, 2001). For this reason, separate models were run that 

controlled for the proportion white population, proportion Hispanic population, 

proportion of the population in poverty, and median age per ZCTA from the 2017 5-year 

ACS data estimates. 

Because both children and the elderly are considered to be more vulnerable to 

waterborne disease than the general population (Reynolds, 2000), models explored the 

impact of different age variables on the analyses. These included the proportion of the 

population over 65, the proportion of the population under 5, the proportion of the 

population under 18, and median age. After examining AIC values and relationships 

between these age variables and reportable disease incidence, it was determined that the 

median age variable explained the largest amount of variance in reportable disease data 

and resulted in better model fit than the other age variables considered. 

Lagged relationships between precipitation and waterborne disease incidence may 

exist due to the time it takes for pathogens to move through the environment, pathogen 

incubation periods, and time it takes to seek care after an illness begins (Bi et al., 2008; 

Egorov et al., 2003). However, these lagged relationships can differ between locations 

and vary based on the route of exposure and individual host characteristics (Bush et al., 

2014; Drayna et al., 2010; Egorov et al., 2003; Naumova et al., 2005). To address 

potential lagged relationships between monthly weather data and reportable disease 
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cases, associations between the total monthly precipitation and the total number of rain 

days (days with at least 2.54 mm of rain) from the previous month were also explored.  

Finally, to determine whether the relationships between precipitation and 

reportable disease incidence were impacted by the presence of combined sewer outfalls, 

additional analyses were done which included an interaction term between the total 

number of outfalls within 5km of the ZCTA or within the ZCTA area and the 

precipitation variables. In addition, stratified analyses were done among ZCTAs with and 

without any outfalls located either inside the ZCTA area or inside the 5km buffer to 

further explore these relationships.  

Sensitivity Analyses 

Sensitivity analyses were done to explore the impact of model assumptions on the 

results. First, the primary models used a random intercept for county to account for 

unmeasured county-level variables in order to account for spatial autocorrelation between 

neighboring ZCTAs and for the fact that Philadelphia county data came from a different 

source (Philadelphia Department of Public Health) than other counties in Pennsylvania 

(Pennsylvania Department of Health), which may have some impact on reportable 

disease data. However, integrating a random intercept for the ZCTA would account for 

temporal autocorrelation from repeated sampling and account for unmeasured covariates 

at the ZCTA-level. To determine whether including a random intercept for ZCTA in 

place of county would impact model results, models were run with the random intercept 

for ZCTA and compared with results that included a random intercept for county. 
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 Additional analyses were done that used different measures of the number of 

outfalls per ZCTA. These include models that quantified the number of outfalls within 

the ZCTA area (not including any buffers around the centroid) and models that summed 

the total number of outfalls within the ZCTA area and the number of outfalls within 

10km of the ZCTA centroid. Results of these models were compared with those that 

investigated the impact of the total number of outfalls within the ZCTA area or within 

5km of the centroid. 

 

Results 

Descriptive Statistics 

In total there are approximately 12.8 million residents currently living in 

Pennsylvania according to the 2017 ACS 5-year estimates. Overall the population of 

Pennsylvania is approximately 81% White and 93% non-Hispanic. The median age in the 

state of Pennsylvania is 40.7. There are a total of 1,793 ZCTAs in Pennsylvania. Among 

these, 14 had a total population of 0 according to 2017 5-year ACS estimates. These 

ZCTAs were removed from the analysis for a total of 1,779 ZCTAs remaining.  

Reportable Disease Cases 
 

From 2014-2018, there were a total of 12,499 cases of campylobacteriosis, 7,015 

cases of salmonellosis, 2,045 cases of cryptosporidiosis, and 3,238 cases of giardiasis 

reported from these ZCTAs to either the Pennsylvania Department of Health or the 

Philadelphia Department of Public Health between December 2014 and January 2018. 

The total number of disease cases reported from 2014-2018 for each month in 
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Pennsylvania is displayed in Figure 5.1. These plots show seasonal peaks for each of the 

four pathogens. The two bacterial diseases (campylobacteriosis and salmonellosis) appear 

to peak in the summer months (June-August), while the protozoan pathogens 

(cryptosporidiosis and giardiasis) appear to have a less obvious seasonal trend with 

smaller peaks in the late summer and early fall.  

 

 

Figure 5.1. Total number of cases of each disease reported per month from 2014-2018 in 
Pennsylvania. 

 

The spatial distribution of reported disease cases (per 10,000 population per 

ZCTA) are displayed in Figures 5.2-5.5 below and the total number of cases of any of the 

four illnesses (per 10,000 population per ZCTA) are displayed in Figure 5.6. Cut points 

in Figures 5.2-5.6 were selected manually for better data visualization. In these figures, 
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rates of campylobacteriosis (Figure 5.2) and rates of cryptosporidiosis (Figure 5.4) appear 

to be higher in the center of the state (more rural areas). However, reported rates of 

salmonellosis, giardiasis, and all diseases combined appear to be more evenly distributed 

around the state.  

 

Figure 5.2. Spatial distribution of reported cases of campylobacteriosis per 10,000 
population per ZCTA in Pennsylvania (from 2014-2018). 
 
 

 
 
Figure 5.3. Spatial distribution of reported cases of salmonellosis per 10,000 population 
per ZCTA in Pennsylvania (from 2014-2018). 
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Figure 5.4. Spatial distribution of reported cases of cryptosporidiosis per 10,000 
population per ZCTA in Pennsylvania (from 2014-2018). 

 

 

Figure 5.5. Spatial distribution of reported cases of giardiasis per 10,000 population per 
ZCTA in Pennsylvania (from 2014-2018). 

 

 
Figure 5.6. Spatial distribution of the total number of cases of campylobacteriosis, 
salmonellosis, cryptosporidiosis, and giardiasis per 10,000 population per ZCTA in 
Pennsylvania (from 2014-2018). 
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For all four diseases, as well as the combined data, total rates of illnesses per 

10,000 population reported from 2014-2018 showed significant spatial autocorrelation 

based on values of global Moran’s I at the ZCTA level. Among all four pathogens, 

campylobacteriosis had the highest degree of spatial autocorrelation (Moran’s I= 0.499), 

followed by giardiasis (Moran’s I=0.308), salmonellosis (Moran’s I= 0.232) and 

cryptosporidiosis (Moran’s I=0.153). Significant values of Moran’s I (as reported in 

Table 5.1 below) indicate that ZCTAs with higher rates of disease were more likely to be 

located near other ZCTAs with higher rates of disease. This means that the ZCTA-level 

data violate the independence assumption.  

 
Table 5.1 
Moran’s I values for all cases of each pathogen reported in Pennsylvania from 2014-
2018 at the ZCTA-level. 
Reportable Disease Moran’s I P-value 
Campylobacteriosis 0.499 0.01 
Salmonellosis 0.232 0.01 
Cryptosporidiosis 0.153 0.01 
Giardiasis 0.308 0.01 
All combined 0.232 0.01 

 

Weather and Demographic Covariates 
 

The median total precipitation per month per ZCTA from 2014-2018 was 9.5cm 

and ranged from 0.3-47.0cm. In addition, there was a median of 7.2 days per month per 

ZCTA with at least 2.54mm of rainfall recorded, ranging from 0.2-21.6 days. The median 

maximum daily temperature per month was 18.7℃ and ranged from -5.5-33.9℃. 

Additional descriptive statistics for the demographic and economic variables included in 

the model are summarized in Table 5.2 below.  
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Table 5.2 
Descriptive statistics for demographic and economic covariates per ZCTA. 
Covariates Median Range 
Total Population 3,698 3.0-72,376 
Percent White 96% 2.4-100% 
Percent Hispanic 1.7% 0-100% 
Percent in Poverty 10.1%  0-75% 
Median Age 43.4 6.2-88.5 

 

Combined Sewer Outfalls 
 
 There are a total of 1,747 combined sewer outfalls in Pennsylvania, as displayed 

in Figure 5.7 below. Generally, these outfalls tend to be clustered around urban areas 

such as around Philadelphia and Allegheny counties, however, other areas of 

Pennsylvania are also impacted by combined sewer outfalls. The median number of 

combined sewer outfalls within 5km of the ZCTA centroid (or within the ZCTA area) 

was 0 and ranged from 0-145. 

 

 

Figure 5.7. Spatial distribution of combined sewer outfalls in Pennsylvania. Number of 
outfalls per ZCTA defined using inverse distance weighting. 
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Relationships Between Weather Variables and Reportable Disease Incidence 

Initial models measured the associations between weather variables (total 

cumulative precipitation, number of rain days with at least 2.45mm of precipitation, and 

maximum daily temperature per month) and total reported cases of each illness per 

month. The precipitation variables (total cumulative precipitation and number of rain 

days) were run in separate models. Models controlled for season as a categorical variable 

and included a random intercept for county but did not control for other demographic or 

economic covariates. Results of these models are presented in Tables 5.3 and 5.4 below. 

Significant associations were observed between total monthly precipitation (cm 

per month) and total counts of campylobacteriosis, salmonellosis, and all illnesses 

combined in Table 5.3. An additional 1cm of rainfall per month was associated with a 1% 

increase in the incidence of campylobacteriosis, salmonellosis, and all illnesses combined 

(IRR: 1.01, 95% CI: 1.00-1.01, for all three illnesses). Significant relationships were also 

observed with maximum daily temperature per month and total cases of 

campylobacteriosis, salmonellosis, cryptosporidiosis, and all illnesses combined per 

month. In these models, every 1℃ increase in the daily maximum temperature per month 

was associated with a 1% increase in campylobacteriosis incidence (IRR: 1.01, 95% CI: 

1.00-1.01), a 3% increase in salmonellosis incidence (IRR: 1.03, 95% CI: 1.03-1.04), a 

2% increase in cryptosporidiosis incidence (IRR: 1.02, 95% CI: 1.01, 1.03), and a 2% 

increase in the incidence of all illnesses combined (IRR: 1.02, 95% CI: 1.01, 1.02).  
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Table 5.3 
Associations between total monthly precipitation (cm) and reportable disease incidence. IRR=Incidence Rate Ratio, 95% CI= 
95% Confidence interval.1 

Covariates 

Campylobacteriosis 
IRR  

(95% CI) 

Salmonellosis 
IRR  

(95% CI) 

Cryptosporidiosis 
IRR  

(95% CI) 

Giardiasis 
IRR  

(95% CI) 

Total Illnesses 
IRR 

(95% CI) 
Total precipitation (cm)  1.01 (1.00, 1.01) 1.01 (1.00, 1.01) 1.00 (0.99, 1.01) 0.99 (0.96, 1.02) 1.01 (1.00, 1.01) 
Maximum daily 
temperature (°C) 

1.01 (1.00, 1.01) 1.03 (1.03, 1.04) 1.02 (1.01, 1.03) 0.99 (0.96, 1.02) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.99 (0.92-1.08) 1.00 (0.89, 1.12) 0.86 (0.70, 1.04) 1.24 (0.74, 2.10) 0.98 (0.92, 1.04) 
Summer 1.61 (1.43-1.81) 1.37 (1.18, 1.61) 1.25 (0.95, 1.64) 3.07 (1.38, 6.85) 1.50 (1.37, 1.64) 
Fall 1.13 (1.03, 1.23) 1.23 (1.09, 1.39) 1.34 (1.09, 1.65) 2.52 (1.38, 4.59) 1.22 (1.14, 1.31) 

1Estimates where IRR=1.01 and 95% CI: (1.00, 1.01) are significant at p<0.05. 
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Table 5.4 
Associations between the number of rain days and reportable disease incidence. IRR=Incidence Rate Ratio, 95% CI= 95% 
Confidence interval.1 

Covariates 

Campylobacteriosis 
IRR (95% CI) 

Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR  

(95% CI) 

Giardiasis 
IRR  

(95% CI) 

Total Illnesses 
IRR 

(95% CI) 
Number of rain days  1.01 (1.00, 1.02) 1.01 (0.99, 1.02) 1.03 (1.01, 1.05) 1.02 (0.95, 1.10) 1.01 (1.00, 1.02) 
Maximum daily 
temperature (°C) 

1.01 (1.00, 1.01) 1.03 (1.03, 1.04) 1.02 (1.01, 1.03) 0.98 (0.95, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.99 (0.91, 1.07) 0.82 (0.76, 0.89) 0.86 (0.71, 1.05) 1.27 (0.75, 2.16) 0.97 (0.02, 1.04) 
Summer 1.62 (1.44, 1.83) 1.38 (1.18, 1.62) 1.26 (0.96, 1.66) 3.10 (1.38, 7.00) 1.51 (1.37, 1.65) 
Fall 1.11 (1.01, 1.21) 1.22 (1.08, 1.37) 1.33 (1.06, 1.67) 2.55 (1.52, 4.25) 1.20 (1.13, 1.27) 

1 Estimates where IRR=1.01 and 95% CI(1.00, 1.01) or 95% CI: (1.00, 1.02) are significant at p<0.05. 
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Significant relationships were also observed between the number of rain days per 

month and total cases of campylobacteriosis, cryptosporidiosis, and all illnesses 

combined (Table 5.4). Each additional rain day per month was associated with a 1% 

increase in the incidence of campylobacteriosis (IRR: 1.01, 95% CI: 1.00-1.02), a 3% 

increase in the incidence of cryptosporidiosis (IRR: 1.03, 95% CI: 1.01-1.05), and a 1% 

increase in the incidence of all illnesses combined (IRR: 1.01, 95% CI: 1.00-1.02). In 

both Table 5.3 and Table 5.4, significant positive relationships were observed between 

maximum daily temperature per month and the incidence of campylobacteriosis, 

salmonellosis, cryptosporidiosis, and all illnesses combined, but not giardiasis. 

Accounting for Demographic Covariates 
 

Tables 5.5 and 5.6 include results of the same analyses as above but controlling 

for demographic and economic covariates that may impact reportable disease incidence 

or disease reporting. After controlling for demographic and economic covariates, the 

observed relationships between total precipitation and maximum daily temperature per 

month and monthly incidence of campylobacteriosis became nonsignificant (Table 5.5). 

The same relationships were observed between the total precipitation per month, the daily 

maximum temperature per month, and the incidence rates of other reportable diseases 

(Table 5.5). 

Similarly, after controlling for demographic and economic covariates, the 

observed associations between the number of rain days and maximum daily temperature 

per month with monthly incidence of campylobacteriosis were nonsignificant and the 

associations with monthly incidence of salmonellosis were significant (IRR: 1.01, 95% 
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CI: 1.00, 1.02, Table 5.6.) The same relationships were observed between the total 

precipitation per month, daily maximum temperature per month, and other disease rates 

(Table 5.3). 

Results in both Tables 5.5 and 5.6 show that rates of campylobacteriosis, 

salmonellosis, cryptosporidiosis, and giardiasis were all significantly associated with the 

percent white population per ZCTA. In all cases, a higher percentage white population 

per ZCTA resulted in higher reportable disease incidence. Similarly, the incidence of all 

four diseases were also significantly associated with median age per ZCTA, with a higher 

median age resulting in higher rates of each illness reported. The incidence of all 

diseases, except for giardiasis, were also significantly related to the percent Hispanic 

population, with a higher percentage Hispanic population per ZCTA resulting in a higher 

disease incidence. Additional relationships were also observed between the percentage of 

the population in poverty and reportable disease incidence. For campylobacteriosis 

(Table 5.6 only) and salmonellosis (both Tables 5.5 and 5.6), a higher percentage of the 

population in poverty resulted in a lower disease incidence (IRR: 0.51, 95% CI: 0.35, 

0.74 for campylobacteriosis in Table 5.6 only, and IRR: 0.29, 95% CI: 0.18, 0.49 for 

salmonellosis in Tables 5.5 and 5.6). For giardiasis a higher percentage of the population 

resulted in a higher disease incidence (IRR: 3.62, 95% CI: 1.09, 12.04, in Table 5.5 only). 

For all diseases combined, all demographic and economic covariates were significantly 

related to rates of illness reported in both Tables 5.5 and 5.6. 
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Table 5.5 
Associations between total monthly precipitation (cm) and reportable disease incidence, controlling for season and demographic 
and economic covariates. IRR=Incidence Rate Ratio, 95% CI= 95% Confidence interval.1 

Covariates 
Campylobacteriosis 

IRR (95% CI) 
Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Total precipitation (cm) 1.01 (0.99, 1.00) 1.01 (1.00, 1.01) 1.00 (0.99, 1.01) 0.99 (0.97,1.01) 1.01 (1.00, 1.01) 
Maximum daily 
temperature (°C) 

1.01 (1.00, 1.03) 1.03 (1.03, 1.04) 1.02 (1.02, 1.03) 0.99 (0.97, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.92, 1.05) 0.85 (0.70, 1.04) 0.85 (0.72, 1.01) 1.18 (0.84, 1.67) 0.97 (0.92, 1.02) 
Summer 1.55 (1.41, 1.70) 1.24 (0.95, 1.63) 1.24 (0.99, 1.56) 2.62 (1.56, 4.39) 1.47 (1.36, 1.58) 
Fall 1.11 (1.03, 1.19) 1.33 (1.09, 1.64) 1.33 (1.12, 1.58) 2.19 (1.51, 3.19) 1.20 (1.14, 1.27) 

Percent White 
Population 

5.97 (4.24, 8.40) 1.84 (1.38, 2.46) 1.90 (1.21, 2.99) 3.58 (1.68, 7.63) 2.13 (1.83, 2.47) 

Percent Hispanic 
Population 

2.96 (1.55, 5.66) 1.48 (1.02, 2.15) 2.00 (1.01, 3.62) 0.30 (0.07, 1.21) 2.07 (1.71, 2.51) 

Percent of the 
Population Living in 
Poverty 

1.35 (0.73, 2.52) 0.29 (0.18, 0.49) 0.63 (0.27, 1.51) 3.62 (1.09, 12.04) 0.44 (0.34, 0.59) 

Median Age 1.02 (1.01, 1.03) 1.01 (1.00, 1.01) 1.03 (1.01, 1.04) 1.03 (1.01, 1.05) 1.02 (1.01, 1.02) 
1Estimates where IRR=1.01 and 95% CI: (1.00, 1.01) are significant at p<0.05. 
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Table 5.6 
Associations between the number of rain days (above 2.54 mm) and reportable disease incidence, controlling for season and 
demographic and economic covariates. IRR=Incidence Rate Ratio, 95% CI= 95% Confidence interval.1 

Covariates 
Campylobacteriosis 

IRR (95% CI) 
Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Number of rain days 1.01 (1.00, 1.02) 1.01 (1.00, 1.02) 1.03 (1.01, 1.05) 1.02 (0.97, 1.06) 1.01 (1.00, 1.02) 
Maximum daily 
temperature (°C) 

1.01 (1.00, 1.03) 1.03 (1.03, 1.04) 1.02 (1.01, 1.03) 0.99 (0.97, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.92, 1.05) 0.96 (0.87, 1.05) 0.86 (0.73, 1.01) 1.19 (0.84, 1.69) 0.96 (0.92, 1.02) 
Summer 1.60 (1.45, 1.76) 1.32 (1.16, 1.50) 1.25 (1.00, 1.57) 2.57 (1.52, 4.36) 1.48 (1.37, 1.59) 
Fall 1.10 (1.02, 1.18) 1.17 (1.05, 1.29) 1.32 (1.12, 1.57) 2.18 (1.49, 3.19) 1.19 (1.12, 1.25) 

Percent White 
Population 2.76 (2.26, 3.36) 1.84 (1.38, 2.46) 1.88 (1.20, 2.96) 3.34 (1.50, 7.42) 2.12 (1.83, 2.47) 

Percent Hispanic 
Population 

2.64 (2.10, 3.33) 1.48 (1.02, 2.15) 1.99 (1.10, 3.61) 0.32 (0.08, 1.38) 2.06 (1.70, 2.50) 

Percent of the 
Population Living in 
Poverty 

0.51 (0.35, 0.74) 0.29 (0.18, 0.48) 0.63 (0.26, 1.49) 2.85 (0.73, 11.06) 0.44 (0.34, 0.59) 

Median Age 1.02 (1.01, 1.03) 1.01 (1.00, 1.01) 1.03 (1.02, 1.04) 1.03 (1.01, 1.04) 1.02 (1.02, 1.02) 
1Estimates where IRR=1.01 and 95% CI: (1.00, 1.01) or 95% CI: (1.00, 1.02) or 95% CI: (1.00, 1.03) are significant at p<0.05. 
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Lagged Relationships 
  
 Additional analyses were done to assess whether precipitation variables (total 

rainfall and number of rain days) from the previous month impacted reportable disease 

incidence. In order to assess these potential lagged relationships, variables for the total 

amount of precipitation and the number of rain days from the previous month were 

included in the models. Results are presented in Table 5.7 and 5.8 below. 

Significant associations were found between the total monthly precipitation from 

the previous month and the incidence of campylobacteriosis and salmonellosis (IRR: 

1.01, 95% CI: 1.00, 1.01 for both), but not cryptosporidiosis and giardiasis (Table 5.7). 

Accounting for lagged relationships did not significantly impact any of the observed 

relationships between total precipitation from the current month and reportable disease 

incidence (95% CIs overlapped). However, after accounting for the total precipitation 

from the previous month, associations between total precipitation from the current month 

and campylobacteriosis were significant (IRR: 1.01, 95% CI: 1.00, 1.01). 

No significant associations were observed between the total number of rain days 

from the previous month and the incidence of any of the four reportable diseases as well 

as with the total illnesses combined (Table 5.8). However, after accounting for the total 

number of rain days from the previous month, associations between the number of rain 

days from the current month and campylobacteriosis were significant (IRR: 1.01, 95% 

CI: 1.00, 1.02). Because accounting for lagged relationships did not significantly impact 

the interpretation of the model results, all further analyses were done using data from the 

current month only, rather than accounting for lagged relationships. 
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Table 5.7 
Associations between total monthly precipitation (cm) from current and previous month and reportable disease incidence 
controlling for season and demographic and economic covariates. IRR=Incidence Rate Ratio, 95% CI= 95% Confidence interval.1 
 Campylobacteriosis 

IRR (95% CI) 
Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Total precipitation (cm) 1.01 (1.00, 1.01) 1.00 (1.00, 1.01) 1.00 (0.99, 1.00) 0.99 (0.97, 1.01) 1.00 (1.00, 1.01) 
Total precipitation (cm) 
1 month prior 

1.01 (1.00, 1.01) 1.01 (1.00, 1.01) 1.01 (0.99, 1.02) 1.01 (0.99, 1.03) 1.01 (1.01, 1.01) 

Maximum recorded 
daily temperature (°C) 

1.01 (1.01, 1.01) 1.03 (1.03, 1.04) 1.02 (1.02, 1.03) 0.99 (0.97, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.92, 1.05) 0.95 (0.87, 1.05) 0.85 (0.72, 1.00) 1.17 (0.84, 1.61) 0.96 (0.91, 1.01) 
Summer 1.54 (1.39, 1.70) 1.27 (1.11, 1.45) 1.20 (0.96, 1.51) 2.40 (1.48, 3.90) 1.42 (1.31, 1.53) 
Fall 1.10 (1.02, 1.18) 1.16 (1.05, 1.29) 1.31 (1.11, 1.56) 2.07 (1.46, 2.94) 1.18 (1.12, 1.25) 

Percent White 
Population 

2.76 (2.26, 3.37) 1.84 (1.38, 2.45) 1.90 (1.21, 2.99) 3.57 (1.76, 7.23) 2.12 (1.83, 2.47) 

Percent Hispanic 
Population 

2.65 (2.11, 3.34) 1.48 (1.02, 2.15) 2.00 (1.10, 3.63) 0.29 (0.08, 1.07) 2.07 (1.71, 2.52) 

Percent of the 
Population Living in 
Poverty 

0.51 (0.35, 0.74) 0.29 (0.18, 0.48) 0.63 (0.27, 1.51) 3.98 (1.30, 12.21) 0.44 (0.33, 0.58) 

Median Age 1.02 (1.02, 1.03) 1.01 (1.00, 1.01) 1.03 (1.02, 1.04) 1.03 (1.01, 1.04) 1.02 (1.02, 1.02) 
1Estimates where IRR=1.01 and 95% CI: (1.00, 1.01) or 95% CI: (1.00, 1.02) are significant at p<0.05. 
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Table 5.8 
Associations between the number of rain days from the current and previous month and reportable disease incidence, controlling 
for season and demographic and economic covariates. IRR=Incidence Rate Ratio, 95% CI= 95% Confidence interval. 1 
 Campylobacteriosis 

IRR (95% CI) 
Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Number of rain days 1.01 (1.00, 1.02) 1.01 (1.00, 1.02) 1.03 (1.01, 1.05) 1.01 (0.96, 1.06) 1.01 (1.00, 1.02) 
Number of rain days 1 
month prior 

1.00 (0.99, 1.01) 1.01 (0.99, 1.02) 1.01 (0.98, 1.03) 1.02 (0.97, 1.07) 1.00 (0.99, 1.01) 

Maximum recorded 
daily temperature (°C) 

1.01 (1.01, 1.01) 1.03 (1.03, 1.04) 1.02 (1.01, 1.03) 0.99 (0.97, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.9288, 1.05) 0.95 (0.87, 1.05) 0.86 (0.73, 1.01) 1.15 (0.82, 1.63) 0.96 (0.91, 1.02) 
Summer 1.60 (1.45, 1.76) 1.31 (1.15, 1.50) 1.25 (1.00, 1.57) 2.38 (1.42, 3.99) 1.47 (1.37, 1.59) 
Fall 1.10 (1.02, 1.19) 1.16 (1.06, 1.28) 1.31 (1.10, 1.56) 2.03 (1.39, 2.96) 1.18 (1.12, 1.25) 

Percent White 
Population 

2.76 (2.26, 3.36) 1.84 (1.38, 2.46) 1.8 (1.20, 2.95) 2.92 (1.26, 6.76) 2.12 (1.83, 2.47) 

Percent Hispanic 
Population 

2.64 (2.10, 3.33) 1.48 (1.02, 2.15) 1.99 (1.10, 3.60) 0.40 (0.09, 1.72) 2.06 (1.70, 2.50) 

Percent of the 
Population Living in 
Poverty 

0.51 (0.34, 0.74) 0.29 (0.18, 0.48) 0.63 (0.26, 1.49) 1.71 (0.47, 6.22) 0.44 (0.34, 0.59) 

Median Age 1.02 (1.02, 1.03) 1.01 (0.99, 1.01) 1.03 (1.02, 1.04) 1.03 (1.01, 1.04) 1.02 (1.01, 1.02) 
1 Estimates where IRR=1.01 and 95% CI: (1.00, 1.02) are significant at p<0.05. 
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Seasonality 

Due to the seasonal trends observed in Figure 5.1 as well as in Tables 5.3-5.8, 

additional analyses that stratified by season were conducted. Results of models that 

examined relationships between total precipitation, maximum daily temperature, and 

reportable disease incidence per month are displayed in Figures 5.8 & 5.9 below. In 

addition, results of models that examined relationships between total number of rain days, 

maximum daily temperature, and reportable disease incidence per month are displayed in 

Figures 5.10 & 5.11 below. These models control for demographic and economic 

covariates and include a random intercept for county. 

 

 

Figure 5.8. Associations between total monthly precipitation and reportable disease 
incidence per month, stratifying by season. IRR= Incidence Rate Ratio. Error bars 
indicate 95% confidence interval. 
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Figure 5.9. Associations between total monthly precipitation and reportable disease 
incidence per month, stratifying by season. IRR= Incidence Rate Ratio. Error bars 
indicate 95% confidence interval. 
 
 
 
 

 
 
Figure 5.10. Associations between the number of rain days and reportable disease 
incidence per month, stratifying by season. IRR= Incidence Rate Ratio. Error bars 
indicate 95% confidence interval. 
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Figure 5.11. Associations between the maximum daily temperature and reportable disease 
incidence per month, stratifying by season. IRR= Incidence Rate Ratio. Error bars 
indicate 95% confidence interval. 
 
 

During the spring months, every 1cm increase in rainfall was associated with a 

2% increase in campylobacteriosis incidence (IRR:1.02 95% CI:1.01, 1.03) and a 2% 

increase in the incidence of all four illnesses combined (IRR: 1.02, 95% CI: 1.01, 1.02, 

Figure 5.8). During the summer months, every 1cm increase in rainfall was associated 

with a 1% increase in campylobacteriosis incidence (IRR: 1.01, 95% CI: 1.01, 1.02), a 

1% increase in salmonellosis incidence (IRR: 1.01, 95% CI: 1.00, 1.01), and a 1% 

increase in all four illnesses combined (IRR: 1.01, 95% CI: 1.00, 1.01). No significant 

relationships were observed between total monthly rainfall and disease incidence during 

the fall or winter months. 

 In addition, during the summer months, every additional rain day was associated 

with a 4% increase in salmonellosis incidence (IRR: 1.04, 95% CI: 1.02, 1.06), a 9% 

increase in cryptosporidiosis incidence (IRR: 1.09, 95% CI: 1.05, 1.12), a 6% increase in 
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giardiasis incidence (IRR: 1.06, 95% CI: 1.03, 1.08), and a 3% increase in all four 

illnesses combined (IRR: 1.03, 95% CI: 1.02, 1.04). During the fall months, every 

additional rain day was associated with a 1% increase in the incidence of all four illnesses 

combined (IRR: 1.01, 95% CI: 1.00, 1.03, Figure 5.10). These trends highlight the impact 

of seasonality on the relationships between precipitation and reportable disease cases. 

 Relationships with temperature also differed by season. In the first model, 

accounting for total monthly rainfall, during the spring months, every 1℃ increase in the 

maximum daily temperature per month was associated with a 1% increase in 

campylobacteriosis (IRR: 1.01, 95% CI: 1.00, 1.02), a 3% increase in salmonellosis (IRR: 

1.03, 95% CI: 1.02, 1.04), and a 1% increase in the incidence of all four illnesses 

combined (IRR: 1.01, 95% CI: 1.01, 1.02). During the summer months, every 1℃ 

increase in the maximum daily temperature per month was associated with a 5% increase 

in campylobacteriosis (IRR: 1.05, 95% CI: 1.03, 1.07), a 7% increase in salmonellosis 

(IRR: 1.07, 95% CI: 1.04, 1.09), a 9% increase in cryptosporidiosis (IRR: 1.09, 95% CI: 

1.04, 1.14), and a 6% increase in all four illnesses combined (IRR: 1.06, 95% CI: 1.04, 

1.08). During the fall months, every 1℃ increase in the maximum daily temperature per 

month was associated with a 3% increase in salmonellosis (IRR: 1.03, 95% CI: 1.02, 

1.04), a 4% increase in cryptosporidiosis (IRR: 1.04, 95% CI: 1.03, 1.06), and a 2% 

increase in all four illnesses combined (IRR: 1.02, 95% CI: 1.01, 1.02). Finally, during 

the winter months every 1℃ increase in the maximum daily temperature per month was 

associated with a 1% increase in the campylobacteriosis (IRR: 1.01, 95% CI: 1.00, 1.02), 

a 4% increase in salmonellosis (IRR: 1.04 95% CI: 1.02, 1.06), and a 2% increase in all 
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four illnesses combined (IRR: 1.02, 95% CI: 1.01, 1.03, Figure 5.10). No significant 

relationships were observed between maximum daily temperature per month and 

incidence of giardiasis. Similar results were also observed in the model including the 

number of rain days per month stratified by season (Figure 5.11). 

Relationships with Combined Sewer Overflows 
 

Models that assessed the impact of combined sewer systems on these 

relationships included an interaction term between the number of outfalls in the ZCTA or 

within 5km of the ZCTA centroid and either the total monthly precipitation or the number 

of rain days per month. Results of these models are summarized in Tables 5.9 and 5.10 

below. 

For all illnesses in Tables 5.9 and 5.10, no significant interaction was observed 

between the number of combined sewer outfalls that were contained in or were within 

5km of the ZCTA and either total precipitation per month or the number of rain days per 

month. In addition, no significant relationships were found between the number of 

outfalls within 5km of the ZCTA and reportable disease incidence. These results suggest 

that the number of outfalls within 5km of the ZCTA is not an effect modifier of the 

relationship between precipitation and reportable disease incidence. 
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Table 5.9 
Associations between total monthly precipitation and reportable disease incidence, including an interaction term with 
number of outfalls within 5km of the ZCTA. IRR=Incidence Rate Ratio, 95% CI= 95% Confidence interval.1 
 Campylobacteriosis 

IRR (95% CI) 
Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Total precipitation (cm) 1.01 (1.01, 1.01) 1.01 (1.00, 1.01) 1.00 (1.00, 1.01) 0.99 (0.97, 1.01) 1.01 (1.01, 1.01) 
Number of combined 
sewer outfalls within 5km  

1.00 (1.00, 1.00) 1.00 (0.99, 1.00) 1.00 (0.99, 1.01) 0.99 (0.98, 1.00) 1.00 (1.00, 1.00) 

Total monthly 
precipitation* Number of 
combined sewer outfalls 
within 5km 

1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 

Maximum recorded daily 
temperature (°C) 

1.01 (1.00, 1.01) 1.03 (1.03, 1.04) 1.02 (1.01, 1.04) 0.99 (0.97, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.92, 1.05) 0.95 (0.87, 1.05) 0.85 (0.72, 1.00) 1.16 (0.81, 1.66) 0.96 (0.92, 1.02) 
Summer 1.57 (1.43, 1.74) 1.30 (1.14, 1.48) 1.23 (0.98, 1.55) 2.52 (2.34, 2.72) 1.46 (1.35, 1.57) 
Fall 1.11 (1.03, 1.19) 1.18 (1.07, 1.30) 1.33 (1.12, 1.57) 1.20 (1.13, 1.27) 1.20 (1.13, 1.27) 

Percent White Population 2.41 (1.97, 2.95) 1.24 (0.91, 1.69) 1.42 (0.91, 2.23) 2.49 (1.01, 6.13) 1.74 (1.49, 2.03) 
Percent Hispanic 
Population 

2.15 (1.69, 2.73) 0.88 (0.59, 1.32) 1.20 (0.65, 2.23) 0.24 (0.05, 1.15) 1.55 (1.26, 1.89) 

Percent of the Population 
Living in Poverty 

0.61 (0.41, 0.89) 0.42 (0.25, 0.69) 1.06 (0.44, 2.54) 3.26 (0.82, 
12.99) 

0.56 (0.42, 0.74) 

Median Age 1.02 (1.02, 1.03) 1.00 (1.00, 1.01) 1.02 (1.01, 1.03) 1.03 (1.01, 1.04) 1.02 (1.01, 1.02) 
1Estimates where IRR=1.01 and 95% CI: (1.00, 1.01) are significant at p<0.05. 

 
  



 

 

165

 

Table 5.10 
Associations between number of rain days and reportable disease incidence, including an interaction term with number of outfalls 
within 5km of the ZCTA. IRR=Incidence Rate Ratio, 95% CI= 95% Confidence interval.1 
 Campylobacteriosis 

IRR (95% CI) 
Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Number of rain days 1.01 (1.01, 1.02) 1.02 (1.01, 1.03) 1.04 (1.02, 1.06) 1.03 (0.99, 1.08) 1.02 (1.01, 1.02) 
Number of combined 
sewer outfalls within 5km 

1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (0.99, 1.01) 1.01 (0.99, 1.02) 1.00 (1.00, 1.00) 

Number of rain days * 
Number of combined 
sewer outfalls within 5km 

1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 

Maximum recorded daily 
temperature (°C) 

1.01 (1.01, 1.01) 1.03 (1.03, 1.04) 1.02 (1.01, 1.03) 0.99 (0.97, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.91, 1.05) 0.95 (0.87, 1.05) 0.86 (0.73, 1.01) 1.19 (0.83, 1.69) 0.96 (0.91, 1.01) 
Summer 1.59 (1.49, 1.70) 1.31 (1.15, 1.49) 1.25 (0.99, 1.57) 2.54 (1.50, 4.33) 1.47 (1.36, 1.59) 
Fall 1.09 (1.02, 1.18) 1.16 (1.05, 1.29) 1.32 (1.11, 1.56) 2.19 (1.49, 3.22) 1.18 (1.12, 1.25) 

Percent White Population 2.41 (1.97, 2.95) 1.26 (0.93, 1.71) 1.41 (0.90, 2.22) 2.54 (1.07, 6.08) 1.75 (1.50, 2.04) 
Percent Hispanic 
Population 

2.15 (1.68, 2.73) 0.89 (0.59, 1.32) 1.24 (0.67, 2.29) 0.22 (0.05, 0.99) 1.55 (1.27, 1.89) 

Percent of the Population 
Living in Poverty 

0.61 (0.41, 0.89) 0.42 (0.25, 0.69) 1.01 (0.42, 2.41) 3.65 (1.05, 
12.72) 

0.56 (0.42, 0.74) 

Median Age 1.02 (1.02, 1.03) 1.00 (1.00, 1.01) 1.02 (1.01, 1.03) 1.03 (1.01, 1.05) 1.02 (1.01, 1.02) 
1Estimates where IRR=1.01 and 95% CI: (1.00, 1.02) are significant at p<0.05. 
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To further explore the impact of combined sewer outfalls on the relationships 

between precipitation and reportable disease incidence, analyses were also done that 

stratify by whether or not there were any combined sewer outfalls located in the ZCTA or 

within 5km of the ZCTA centroid and by season. In total, among the 1,779 ZCTAs in 

Pennsylvania, 466 or about 26% contained a combined sewer outfall within 5km. 

Relationships between total monthly precipitation, number of rain days, and reportable 

disease incidence stratified by season and by whether or not there was any CSO in the 

ZCTA or within 5km of the ZCTA centroid are displayed in Figures 5.12 and 5.13. 

 

 

Figure 5.12. Associations between total monthly precipitation (cm) and reportable disease 
incidence, stratified by whether or not there was a combined sewer outfall within 5km 
and by season. IRR=Incidence Rate Ratio. 
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Figure 5.13. Associations between number of rain days per month and reportable disease 
incidence, stratified by whether or not there was a combined sewer outfall within 5km 
and by season. IRR=Incidence Rate Ratio. 

 

No significant differences were observed between either total precipitation or 

number of rain days per month and reportable disease incidence across any season when 

comparing ZCTAs that contained or were within 5km of a combined sewer outfall to 

those that were not (Figures 5.12 & 5.13). However, in Figure 5.12, significant 

relationships were observed between campylobacteriosis and total monthly precipitation 

in spring (in both CSO-impacted ZCTAs IRR: 1.01, 95% CI: 1.01-1.02, and non-

impacted ZCTAs IRR: 1.01, 95% CI: 1.00-1.02), and summer (non-impacted ZCTAs 

only IRR: 1.02, 95% CI: 1.01, 1.02). In addition, significant relationships were also 

observed between total monthly precipitation and all illnesses combined in spring (both 

CSO-impacted ZCTAs, IRR: 1.02, 95% CI: 1.00, 1.03, and non-impacted ZCTAs, IRR: 

1.02, 95% CI: 1.01, 1.02), and in summer (non-impacted ZCTAs only, IRR: 1.01, 95% 
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CI: 1.01, 1.02). No significant relationships were observed in Figure 5.9 for other seasons 

and illnesses. 

In Figure 5.13, after stratifying by whether or not there was at least one outfall 

contained in or located within 5km of the ZCTA centroid, significant relationships were 

observed between the number of rain days and salmonellosis in summer (in both CSO-

impacted IRR: 1.04, 95% CI: 1.01, 1.07 and non-impacted ZCTAs, IRR: 1.04, 95% CI: 

1.02,1.06), cryptosporidiosis in summer (in both CSO-impacted IRR: 1.09, 95% CI: 1.03, 

1.16 and non-impacted ZCTAs, IRR: 1.08, 95% CI: 1.05, 1.12), and all illnesses 

combined in summer (in both CSO-impacted IRR: 1.03, 95% CI: 1.01, 1.05 and non-

impacted ZCTAs, IRR: 1.03, 95% CI: 1.02, 1.04) and fall (non-impacted ZCTAs only, 

(IRR: 1.03, 95% CI: 1.01, 1.04). These results further demonstrate the impact of 

seasonality on these relationships, but do not indicate that the presence of outfalls in or 

near the ZCTA modify these associations. 

Sensitivity Analyses 

 To investigate the impact of the decision to include a random intercept for county 

in the model, additional models were run that included a random intercept for ZCTA 

instead of county. These results are summarized in Tables 5.11 and 5.12. In addition, in 

order to determine the impact of the decision to examine the number of combined sewer 

outfalls within the ZCTA area or within a 5km radius of the ZCTA centroid on model 

results, analyses were also done including an interaction term for the number of outfalls 

within the ZCTA area alone as well as for the number of outfalls within the ZCTA area 

or within a 10km radius of the centroid. These results are included in Tables 5.13-5.16.
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Table 5.11 
Associations between total monthly precipitation and reportable disease incidence, including a random intercept for ZCTA. 
IRR=Incidence Rate Ratio, 95% CI= 95% Confidence interval.1 

 Campylobacteriosis 
IRR (95% CI) 

Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Total precipitation (cm) 1.01 (1.00, 1.01) 1.01 (1.00, 1.01) 1.00 (0.99, 1.01) 1.00 (0.99, 1.00) 1.01 (1.00, 1.01) 
Maximum recorded daily 
temperature (°C) 

1.01 (1.00, 1.01) 1.03 (1.03, 1.04) 1.02 (1.01, 1.03) 1.00 (0.99, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.91, 1.06) 0.98 (0.89, 1.07) 0.86 (0.73, 1.02) 1.03 (0.91, 1.16) 0.97 (0.92, 1.02) 
Summer 1.55 (1.38, 1.73) 1.35 (1.19, 1.53) 1.27 (1.01 1.59) 1.50 (1.26, 1.78) 1.44 (1.35, 1.55) 
Fall 1.11 (1.02, 1.20) 1.21 (1.09, 1.33) 1.34 (1.13, 1.59) 1.48 (1.30, 1.67) 1.19 (1.13, 1.26) 

Percent White Population 5.98 (4.24, 8.42) 9.49 (6.51, 13.84) 4.73 (2.73, 8.18) 2.61 (1.74, 3.92) 4.93 (3.76, 6.47) 
Percent Hispanic 
Population 

2.96 (1.55, 5.65) 1.68 (0.86, 3.27) 0.55 (0.19, 1.57) 0.19 (0.09, 0.43) 1.38 (0.82, 2.32) 

Percent of the Population 
Living in Poverty 

1.35 (0.72, 2.52) 0.51 (0.26, 1.00) 6.49 (2.24, 18.78) 7.29 (3.31, 16.05) 1.44 (0.89, 2.32) 

Median Age 1.02 (1.01, 1.03) 1.02 (1.01, 1.03) 1.03 (1.02, 1.04) 1.03 (1.02, 1.04) 1.02 (1.01, 1.03) 
1Estimates where IRR=1.01 and 95% CI: (1.00, 1.01) are significant at p<0.05. 
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Table 5.12  
Associations between number of rain days and reportable disease incidence, including a random intercept for ZCTA. IRR=Incidence Rate 
Ratio, 95% CI= 95% Confidence interval.1 

 Campylobacteriosis 
IRR (95% CI) 

Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Number of rain days 1.01 (1.00, 1.02) 1.01 (1.00, 1.02) 1.03 (1.01, 1.05) 1.01 (0.99, 1.03) 1.01 (1.00, 1.02) 
Maximum recorded daily 
temperature (°C) 

1.01 (1.01, 1.01) 1.03 (1.03, 1.04) 1.02 (1.01, 1.03) 1.00 (0.99, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.92, 1.05) 0.98 (0.89, 1.07) 0.87 (0.74, 1.02) 1.03 (0.91, 1.16) 0.97 (0.92, 1.01) 
Summer 1.56 (1.42, 1.71) 1.36 (1.19, 1.54) 1.28 (1.02, 1.60) 1.50 (0.26, 1.79) 1.45 (1.35, 1.56) 
Fall 1.09 (1.02, 1.17) 1.19 (1.08, 1.31) 1.33 (1.13, 1.58) 1.47 (1.30, 1.67) 1.18 (1.12, 1.24) 

Percent White Population 5.93 (4.21, 8.35) 9.35 (6.41, 13.64) 4.51 (2.60, 7.80) 2.56 (1.70, 3.84) 4.88 (3.72, 6.40) 
Percent Hispanic 
Population 

3.04 (1.59, 5.80) 1.75 (0.90, 3.41) 0.59 (0.21, 1.68) 0.20 (0.09, 0.44) 1.41 (0.84, 2.38) 

Percent of the Population 
Living in Poverty 

1.33 (0.71, 2.47) 0.48 (0.25, 0.95) 5.77 (1.99, 16.74) 6.89 (3.13, 15.18) 1.40 (0.87, 2.26) 

Median Age 1.02 (1.01, 1.03) 1.02 (1.01, 1.03) 1.03 (1.02, 1.04) 1.03 (1.01, 1.04) 1.02 (1.01, 1.03) 
1Estimates where RR=1.01 and 95% CI: (1.00, 1.02) or 95% CI: (1.00, 1.03) are significant at p<0.05. 
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Table 5.13 
Associations between total monthly precipitation and reportable disease incidence, including an interaction term with number of outfalls 
within each ZCTA area and a random intercept for county. IRR=Incidence Rate Ratio, 95% CI= 95% Confidence interval.1 

 Campylobacteriosis 
IRR (95% CI) 

Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Total precipitation (cm) 1.01 (1.01, 1.01) 1.01 (1.00, 1.01) 1.00 (0.99, 1.01) 0.99 (0.97, 1.01) 1.01 (1.00, 1.01) 
Number of combined sewer 
outfalls per ZCTA  

0.97 (0.97, 0.98) 0.99 (0.98, 1.00) 1.00 (0.98, 1.01) 0.98 (0.94, 1.01) 0.98 (0.97, 0.99) 

Total monthly precipitation* 
Number of combined sewer 
outfalls per ZCTAs 

1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 

Maximum recorded daily 
temperature (°C) 

1.01 (1.01, 1.01) 1.03 (1.03, 1.04) 1.03 (1.02, 1.03) 0.99 (0.97, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.92, 1.05) 0.96 (0.87, 1.05) 0.85 (0.72, 1.00) 1.16 (0.82, 1.65) 0.96 (0.92, 1.02) 
Summer 1.57 (1.42, 1.73) 1.30 (1.14, 1.48) 1.23 (0.98, 1.55) 2.55 (1.51, 4.28) 1.45 (1.35, 1.57) 
Fall 1.11 (1.03, 1.19) 1.18 (1.07, 1.30) 1.33 (1.12, 1.57) 2.16 (1.48, 3.16) 1.20 (1.13, 1.27) 

Percent White Population 2.29 (1.88, 2.78) 1.48 (1.10, 1.98) 1.69 (1.09, 2.64) 2.99 (1.36, 6.55) 1.77 (1.52, 2.05) 
Percent Hispanic Population 1.82 (1.44, 2.30) 1.16 (0.79, 1.68) 1.48 (0.81, 2.70) 0.24 (0.06, 1.01) 1.53 (1.26, 1.86) 
Percent of the Population 
Living in Poverty 

0.82 (0.56, 1.19) 0.40 (0.24, 0.66) 0.97 (0.41, 2.29) 4.19 (1.25, 14.04) 0.66 (0.50, 0.87) 

Median Age 1.02 (1.02, 1.02) 1.01 (1.00, 1.01) 1.02 (1.01, 1.03) 1.03 (1.01, 1.05) 1.02 (1.01, 1.02) 
1Estimates where IRR=1.01 and 95% CI: (1.00, 1.01) are significant at p<0.05. 
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Table 5.14 
Associations between number of rain days and reportable disease incidence, including an interaction term with number of outfalls within 
each ZCTA area and a random intercept for county. IRR=Incidence Rate Ratio, 95% CI= 95% Confidence interval.1 

 Campylobacteriosis 
IRR (95% CI) 

Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Number of rain days 1.01 (1.00, 1.02) 1.02 (1.00, 1.03) 1.03 (1.01, 1.05) 1.03 (0.99, 1.08) 1.01 (1.01, 1.02) 
Number of combined sewer 
outfalls per ZCTA  

0.97 (0.96, 0.98) 0.99 (0.98, 1.01) 1.00 (0.98, 1.02) 1.02 (0.96, 1.08) 0.98 (0.97, 0.99) 

Number of rain days * 
Number of combined sewer 
outfalls per ZCTAs 

1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 0.99 (0.99, 1.00) 1.00 (1.00, 1.00) 

Maximum recorded daily 
temperature (°C) 

1.01 (1.01, 1.01) 1.03 (1.03, 1.04) 1.02 (1.01, 1.03) 0.99 (0.97, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.91, 1.05) 0.95 (0.87, 1.05) 0.86 (0.73, 1.01) 1.18 (0.83, 1.67) 0.96 (0.91, 1.01) 
Summer 1.58 (1.44, 1.75) 1.31 (1.15, 1. 49

) 
1.25 (0.99, 1.56) 2.50 (1.49, 4.20) 1.46 (1.36, 1.58) 

Fall 1.09 (1.02, 1.18) 1.16 (1.05, 1.29) 1.32 (1.11, 1.56) 2.16 (1.48, 3.15) 1.18 (1.12, 1.25) 
Percent White Population 2.29 (1.88, 2.78) 1.49 (1.12, 2.00) 1.68 (1.08, 2.62) 2.82 (1. 29, 6.20) 1.77 (1.52, 2.05) 
Percent Hispanic Population 1.82 (1.44, 2.29) 1.16 (0.80, 1.69) 1.51 (0.83, 2.75) 0.24 (0.06, 1.02) 1.53 (1.26, 1.86) 
Percent of the Population 
Living in Poverty 

0.82 (0.56, 1.20) 0.40 (0.24, 0.66) 0.94 (0.40, 2.23) 3.75 (1.11, 12.69) 0.66 (0.50, 0.87) 

Median Age 1.02 (1.02, 1.02) 1.01 (1.00, 1.01) 1.02 (1.01, 1.03) 1.03 (1.01, 1.04) 1.02 (1.01, 1.02) 
1Estimates where IRR=1.01 and 95% CI: (1.00, 1.02) are significant at p<0.05. 
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Table 5.15 
Associations between total monthly precipitation and reportable disease incidence, including an interaction term with number of outfalls 
within 10km of the ZCTA and a random intercept for county. IRR=Incidence Rate Ratio, 95% CI= 95% Confidence interval.1 

 Campylobacteriosis 
IRR (95% CI) 

Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Total precipitation (cm) 1.01 (1.01, 1.01) 1.01 (1.00, 1.01) 1.01 (0.99, 1.01) 0.99 (0.97, 1.01) 1.01 (1.01, 1.01) 
Number of combined sewer 
outfalls within 10km  

1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (0.99, 1.00) 1.00 (1.00, 1.00) 

Total monthly precipitation* 
Number of combined sewer 
outfalls within 10km 

1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 

Maximum recorded daily 
temperature (°C) 

1.01 (1.00, 1.01) 1.03 (1.03, 1.04) 1.02 (1.02, 1.04) 0.99 (0.98, 1.02) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.92, 1.05) 0.96 (0.87, 1.05) 0.85 (0.72, 1.00) 1.14 (0.81, 1.60) 0.97 (0.92, 1.02) 
Summer 1.58 (1.43, 1.74) 1.31 (1.15, 1.49) 1.23 (0.98, 1.55) 2.36 (1.42, 3.93) 1.46 (1.36, 1.58) 
Fall 1.11 (1.04, 1.20) 1.18 (1.07, 1.30) 1.32 (1.12, 1.57) 2.05 (1.42, 2.97) 1.20 (1.13, 1.27) 

Percent White Population 2.71 (2.22, 3.32) 1.70 (1.25, 2.30) 1.46 (0.93, 2.29) 2.50 (1.02, 6.11) 2.04 (1.75, 2.38) 
Percent Hispanic Population 2.58 (2.04, 3.28) 1.33 (0.90, 1.97) 1.26 (0.68, 2.32) 0.32 (0.07, 1.43) 1.94 (1.59, 2.36) 
Percent of the Population 
Living in Poverty 

0.52 (0.35, 0.76) 0.31 (0.19, 0.52) 1.03 (0.43, 2.45) 2.02 (0.57, 7.21) 0.47 (0.35, 0.62) 

Median Age 1.02 (1.02, 1.03) 1.01 (1.00, 1.01) 1.02 (1.01, 1.03) 1.03 (1.01, 1.04) 1.02 (1.01, 1.02) 
1Estimates where IRR=1.01 and 95% CI: (1.00, 1.01) are significant at p<0.05. 
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Table 5.16 
Associations between number of rain days and reportable disease incidence, including an interaction term with number of outfalls within 
10km of the ZCTA and a random intercept for county. IRR=Incidence Rate Ratio, 95% CI= 95% Confidence interval.1 

 Campylobacteriosis 
IRR (95% CI) 

Salmonellosis 
IRR (95% CI) 

Cryptosporidiosis 
IRR (95% CI) 

Giardiasis 
IRR (95% CI) 

Total Illnesses 
IRR (95% CI) 

Number of rain days 1.01 (1.00, 1.02) 1.02 (1.01, 1.03) 1.04 (1.02, 1.06) 1.03 (0.98, 1.08) 1.02 (1.01, 1.02) 
Number of combined sewer 
outfalls within 10km 

1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.01) 1.00 (1.00, 1.00) 

Number of rain days * 
Number of combined sewer 
outfalls within 10km 

1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 1.00 (1.00, 1.00) 

Maximum recorded daily 
temperature (°C) 

1.01 (1.01, 1.01) 1.03 (1.03, 1.04) 1.02 (1.01, 1.03) 0.99 (0.97, 1.01) 1.02 (1.01, 1.02) 

Season Winter 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 1.00 (reference) 
Spring 0.98 (0.92, 1.05) 0.95 (0.87, 1.05) 0.86 (0.73, 1.01) 1.15 (0.82, 1.62) 0.96 (0.91, 1.02) 
Summer 1.59 (1.45, 1.76) 1.32 (1.15, 1.50) 1.25 (0.99, 1.56) 2.36 (1.42, 3.91) 1.48 (1.37, 1.59) 
Fall 1.10 (1.02, 1.18) 1.17 (1.05, 1.29) 1.32 (1.11, 1.56) 2.08 (1.44, 3.00) 1.19 (1.12, 1.25) 

Percent White Population 2.71 (2.22, 3.32) 1.71 (1.26, 2.32) 1.45 (0.92, 2.29) 2.48 (1.02, 6.04) 2.04 (1.75, 2.38) 
Percent Hispanic Population 2.58 (2.03, 3.27) 1.33 (0.90, 1.97) 1.28 (0.70, 2.36) 0.33 (0.08, 1.45) 1.94 (1.59, 2.36) 
Percent of the Population 
Living in Poverty 

0.52 (0.35, 0.76) 0.32 (0.19, 0.52) 0.98 (0.41, 2.34) 1.86 (0.52, 6.64) 0.47 (0.35, 0.62) 

Median Age 1.02 (1.02, 1.03) 1.01 (0.99, 1.01) 1.02 (1.01, 1.03) 1.03 (1.01, 1.04) 1.02 (1.01, 1.02) 
1Estimates where IRR=1.01 and 95% CI: (1.00, 1.02) are significant at p<0.05. 
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Associations between both total monthly rainfall and number of rain days per 

month and campylobacteriosis incidence are significant in Tables 5.11 and 5.12 (IRR= 

1.01, 95% CI: 1.00, 1.01 and IRR=1.01, 95% CI: 1.00,1.02, respectively) which include a 

random intercept for ZCTA but were not significant in Tables 5.5 and 5.6 which include 

a random intercept for county. Similarly, associations between the maximum daily 

temperature per month and campylobacteriosis incidence are significant in Tables 5.11 

and 5.12 but not in Tables 5.5 and 5.6 (IRR= 1.01, 95% CI: 1.00, 1.01, and IRR=1.01, 

95% CI: 1.01, 1.01). However, all other relationships between precipitation and 

temperature variables and reportable disease incidence remained the same. 

 When comparing models that accounted for the number of outfalls within the 

ZCTA (Tables 5.13 and 5.14) to those accounting for the number of outfalls within the 

ZCTA or within a 5km radius (Tables 5.9 and 5.10), associations between precipitation 

variables and reportable disease incidence did not change. Similarly, when comparing 

models that accounted for the number of outfalls within the ZCTA or within a 10km 

radius of the ZCTA (Tables 5.15 and 5.16) to those accounting for the number of outfalls 

within the ZCTA or within a 5km radius (Tables 5.9 and 5.10), associations between 

precipitation variables and reportable disease still remained the same.  

 

Discussion 
 
 Results of this analysis found positive associations between precipitation and 

monthly incidence of campylobacteriosis, salmonellosis, cryptosporidiosis, and giardiasis 

in Pennsylvania, with an increase in total monthly precipitation and in the number of rain 
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days per month associated with an increase in disease incidence. In addition, results 

found positive associations between temperature and monthly incidence of 

campylobacteriosis, salmonellosis, and cryptosporidiosis, with higher monthly maximum 

daily temperatures associated with higher disease incidence. However, no relationships 

were found between temperature and giardiasis incidence. These findings were impacted 

by season, with stronger associations observed during the summer months.  

 The associations between waterborne disease and precipitation variables differed 

for each of the four illnesses included in the study. Campylobacteriosis was the most 

frequently reported illness of the four included in this study in Pennsylvania from 2014-

2018. Incidence of campylobacteriosis was associated with precipitation variables and 

temperature during the spring and summer months. Previous research has found that 

relationships between precipitation and campylobacteriosis differ by geographic location 

(Bi et al., 2008; Lal, Ikeda, et al., 2013). However, in general, Campylobacter spp. do not 

survive well in dry conditions, therefore rainfall may contribute to the survival of these 

organisms in the environment (Patrick et al., 2004). In addition, in North America, 

campylobacteriosis is expected to peak during the summer months, which is supported in 

this study (Lal et al., 2012). 

 Salmonellosis was the only illness that was significantly associated with both total 

rainfall and the number of rain days per month after controlling for demographic and 

economic covariates and before stratifying by season. After stratifying by season, 

associations between precipitation and salmonellosis were only observed during the 

summer months. Other studies have also found positive associations between rainfall, 
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temperature, and salmonellosis (Britton et al., 2010; Grjibovski et al., 2014). Because 

Salmonella spp. are thermophilic, pathogen multiplication may be impacted by 

temperature, particularly during the summer months (Altizer et al., 2006; Eisenberg et al., 

2007; Lal et al., 2012). This is supported by this study which found consistent positive 

associations between salmonellosis and maximum daily temperature per month across all 

seasons. 

 Cryptosporidiosis was the least frequently reported of the four illnesses in 

Pennsylvania from 2014-2018. Relationships between total rainfall days and incidence of 

cryptosporidiosis were observed prior to stratifying by season. In addition, after 

stratifying by season, associations with precipitation were only significant during the 

summer months, while associations with temperature were observed during the summer 

and fall months. The summertime peak in cryptosporidiosis observed in this study agrees 

with previous research that found that cryptosporidiosis had a late summer peak in North 

America (Lal et al., 2012). While recreation in natural waterways may be one important 

exposure route that can explain this seasonal trend, exposure to cryptosporidium may also 

occur during recreation in community or private pools, as cryptosporidium oocysts have 

been shown to be resistant to chlorine (Carpenter et al., 1999). Positive associations 

between precipitation and cryptosporidiosis incidence have also been found in previous 

studies, including studies that have investigated cryptosporidiosis outbreaks (Curriero et 

al., 2001; Hu et al., 2007; Lake et al., 2005).  

 Finally, giardiasis was only associated with the total number of rainfall days per 

month during the summer months. No significant associations were observed between 



 

178 
 

total precipitation per month or maximum daily temperature per month and incidence of 

giardiasis. Previous studies have found mixed results when assessing relationships 

between weather and giardiasis incidence (Jagai et al., 2009; Lal, Baker, et al., 2013). 

Despite this, results from this study are supported by previous research that found that 

giardiasis incidence showed a summertime peak in North America (Lal et al., 2012). 

Impact of Lagged Relationships 
 
In this study, significant relationships were found between the total monthly 

precipitation from the previous month and the incidence of the two bacterial pathogens 

(campylobacteriosis and salmonellosis, IRR: 1.01, 95% CI: 1.00, 1.01 for both), but not 

with the incidence of cryptosporidiosis and giardiasis. In addition, no significant 

associations were observed between the total number of rain days from the previous 

month and the incidence of any of the four reportable diseases as well as with the total 

illnesses combined. While this may suggest that lagged relationships with precipitation 

do not impact cryptosporidiosis or giardiasis incidence in Pennsylvania (and has only a 

small impact on the incidence of campylobacteriosis and salmonellosis), this may also be 

due to the fact that monthly data may not be sensitive enough to uncover lagged 

relationships that exist with precipitation that occurred days or weeks prior to the time the 

disease was reported. For this reason, research that investigates these relationships on a 

weekly or daily level may be better able to understand these relationships. 

Relationship with CSOs 

When analyzing the impact of combined sewer outfalls on the observed 

relationships between precipitation and reportable disease incidence in Pennsylvania, 
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results determined that the number of outfalls within the ZCTA or within 5km to the 

ZCTA centroid did not impact this relationship. After stratifying by whether or not a 

ZCTA contained or was within 5km of an outfall, there were some differences observed. 

For example, relationships between the number of rain days and incidence of 

campylobacteriosis per month were only significant among ZCTAs that contained or 

were within 5km of a combined sewer outfall. While these results may suggest that the 

presence of sewer outfalls may play some role in the relationships between precipitation 

and incidence of campylobacteriosis in Pennsylvania, more research is needed in order to 

better understand these relationships.  

Implications 

Results of this analysis have implications for understanding the potential impact 

of global climate change on disease incidence in Pennsylvania. By the middle of the 21st 

century, Pennsylvania is projected to be approximately 3℃ warmer and annual 

precipitation is expected to increase by 8% (Shortle et al., 2015). This is expected to 

cause more surface runoff, sewer overflows, and resuspension of pathogens in river 

sediments, all of which increase the likelihood of waterborne disease (Shortle et al., 

2015). Results of this study found that every 1cm increase in rainfall per month is 

expected to increase the incidence of potentially waterborne reportable diseases by 1-2% 

and every additional rain day per month is expected to increase the incidence of potential 

waterborne reportable diseases by 1-9%, depending on the disease and the pathogen. In 

addition, because these illnesses are likely to go unreported (Scallan et al., 2011), 
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increases in precipitation may have a more substantial impacts on the overall number of 

cases in the community.  

These findings are also similar to what has been found in previous research that 

also examined relationships between precipitation and the incidence of potentially 

waterborne reportable enteric diseases. For example, Soneja et al., (2016) found a 3% 

increase in the incidence of campylobacteriosis in Maryland following a one-day increase 

in the number of extreme precipitation events per month and Lee et al., (2019) found a 

5% increase in the incidence of salmonellosis following extreme rain events in Georgia. 

While these studies used different exposure variables in the analysis (extreme rain events 

rather than cumulative rainfall and rain days), they suggest that in areas across the United 

States, increased precipitation is likely to result in increased in waterborne reportable 

disease incidence.  

Results of this study found that the two bacterial illnesses (salmonellosis and 

campylobacteriosis) had stronger relationships with precipitation than the protozoan 

pathogens (cryptosporidiosis and giardiasis). Specifically, no relationships were observed 

between total monthly precipitation and the incidence of either protozoan disease while 

relationships were observed between total monthly precipitation and bacterial disease 

incidence during the spring and summer months. In fact, protozoan disease incidence was 

only associated with the number of rain days (days with >2.54mm of rainfall) per month 

instead of the total monthly rainfall. Compared to protozoan pathogens, bacterial 

pathogens are more sensitive to changes in heat, moisture, oxygen, light, and nutrients 

(Griffiths & Park, 1990; Lal et al., 2012). Bacterial pathogens were reported more 
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frequently in Pennsylvania from 2014-2018 (and therefore had more variability in the 

data (i.e., fewer months with zero cases reported), which may explain these differences. 

However, this finding suggests that even though all four illnesses may occur due to 

waterborne exposures, the relationship between disease incidence and precipitation may 

differ across taxa, which may have important implications for future research 

investigating these relationships. 

Analyses that accounted for season found that the relationships between 

precipitation, temperature, and reportable disease incidence were highest during the 

summer months. Understanding seasonality of infectious diseases is important for 

selecting effective control strategies. Exposures that occur during the summer months 

(i.e., swimming) may be different than those that occur during the winter months, 

especially in Pennsylvania which has a temperate climate. For this reason, it is important 

to consider seasonality when both estimating these relationships and determining 

methods to reduce the potential impact of rainfall on waterborne disease. 

Strengths 

 While many studies have measured these relationships in communities or 

geographic areas around the world, few studies have investigated these relationships in 

Pennsylvania. Among the research that has been done in Pennsylvania, results have been 

mixed. For example, one study found that rainfall increases concentrations of Giardia 

and Cryptosporidium in the Delaware River (near the Philadelphia area) after rainfall 

events (Atherholt et al., 1998). However, another study, also done in Philadelphia, found 

that while weekly incidence of campylobacteriosis was associated with relative humidity 
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and temperature, it was not associated with weekly precipitation (White et al., 2009). 

Importantly, White et al. (2009) notes that this relationship may be due to the urban, 

rather than rural environment as well as due to underreporting (White et al., 2009). By 

investigating the entire state of Pennsylvania rather than just focusing on the Philadelphia 

area, this study includes a mix of both rural and urban areas and fills an important 

literature gap in the understanding of these relationships in the state of Pennsylvania as a 

whole.  

 Aside from providing novel findings on the relationships between precipitation 

and reportable disease incidence in Pennsylvania, there are several key additional 

strengths to this analysis. First, unlike many previous studies that have investigated 

relationships with extreme or “heavy” rainfall events (Cann et al., 2013; Curriero et al., 

2001; Jiang et al., 2015), this study considers the two precipitation variables: total rainfall 

per month, and the number of “rain days” with at least 2.54mm of rain. This decision was 

made to account for the fact that, in some areas, CSOs may occur after even small rain 

events (e.g., Philadelphia) which may adversely impact local waterways. For this reason, 

this study considered smaller rainfall events as an exposure variable in the analysis to 

capture these occurrences. While this may have limited this study’s ability to uncover 

potential relationships between extreme rainfall and reportable disease incidence, it 

allows for a better understanding of the impact of smaller and more frequent rainfall 

events on disease cases.  

 An additional reason for considering total precipitation and number of rain days in 

this analysis rather than extreme weather events is that extreme weather events typically 
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occur at a very local scale (Guzman Herrador et al., 2016). Aggregating rainfall data at 

the centroid of each ZCTA or averaging across the ZCTA area, as were done in this 

analysis, reduces the study’s ability to account for very localized rainfall patterns.  

While many previous studies have measured associations between precipitation at 

the county-level and disease incidence, this study collected disease incidence and weather 

data at the ZCTA-level. The choice of geographical unit of analysis is important when 

developing models that investigate these relationships, as it is possible to find 

associations at one geographic scale but not at another (Gotway & Young, 2002). By 

using a small geographic scale (ZCTA), this study is better able to assess local variation 

in weather variables and disease incidence. This association is important due to the fact 

that weather variables can vary locally. However, it may not accurately reflect human 

behavior as it is very possible for an individual to become ill due to exposure to 

contaminated waters in a different ZCTA than where their illness was reported (Arsenault 

et al., 2013). 

Limitations 

 One of the key limitations of this analysis is the reliance on reportable disease 

data as the outcome, which tends to underestimate the incidence of disease due to under-

reporting and under-diagnosis (Scallan et al., 2011; Wheeler et al., 1999). For all four 

pathogens included in this study, the most common outcome is acute gastrointestinal 

illness which is likely to be self-limiting in healthy adults. For this reason, many 

individuals may not seek care and many cases are likely to go unreported. Scallan et al. 

(2011) developed multipliers to account for under-reporting and under-diagnosis of 



 

184 
 

reportable diseases that may be foodborne. In that study, the under-reporting multipliers 

for campylobacteriosis, salmonellosis, cryptosporidiosis, and giardiasis ranged from 1.0-

1.3, and the under-diagnosis multipliers ranged from 29.3-46.3, suggesting that the actual 

number of cases in the community is likely to be much higher than what is included in 

the dataset used in this analysis. However, because under-reporting is not likely to be 

correlated with season or weather-related variables, under-reporting was expected to be 

consistent across the study period. For this reason, the observed relationships should not 

be affected by under-reporting of disease counts, or may be biased towards the null. In 

addition, other research has concluded that passive surveillance data is able to provide 

valuable information on both temporal variation as well as geographic factors impacting 

disease incidence (e.g., for cryptosporidiosis, Naumova et al., 2000). 

 Another limitation is examining these relationships per month. Many studies have 

used monthly reportable disease data due to the scarcity in reported cases available (e.g., 

Grjibovski et al., 2014; Soneja et al., 2016). However, monthly data may not be sensitive 

enough to detect fine-grained relationships at the day or week-level. For this reason, 

relying on monthly data likely diluted any observed relationships in the model, biasing 

results towards the null. 

Further, by selecting total monthly precipitation and total number of rain days per 

month as the exposure variables of interest, this study does not account for the fact that 

relationships between precipitation and waterborne disease incidence may be non-linear. 

For example, some studies have noted that dry periods prior to rainfall events can further 

impact these relationships due to a “first flush” phenomenon which occurs when 
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pollutants accumulate in the environment during dry periods and get dislodged during 

rainfall events (Levy et al., 2016). Previous studies have incorporated antecedent rainfall 

into their analysis and have found that observed relationships between rainfall and 

waterborne disease incidence may be modified by preceding dry periods (Carlton et al., 

2014; Lee et al., 2019; Levy et al., 2016). 

 

Conclusions 

 Results of this study found positive associations between precipitation and the 

incidence of campylobacteriosis, salmonellosis, cryptosporidiosis, and giardiasis in 

Pennsylvania. In addition, this study found positive associations between temperature and 

the incidence of campylobacteriosis, salmonellosis, and cryptosporidiosis. The findings 

of this study highlight the importance of considering season when assessing relationships 

between precipitation and waterborne disease. In addition, this study provides novel 

evidence of these relationships in Pennsylvania and supports previous research that has 

suggested that increases in precipitation due to global climate change in future years may 

also impact waterborne disease incidence in Pennsylvania. 
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CHAPTER 6 

DISCUSSION 

 
This dissertation sought to examine the relationships between rainfall, combined 

sewer overflows, recreation, and waterborne disease in Philadelphia and Pennsylvania. 

The aims of this dissertation were 1) to identify demographic and economic 

characteristics of populations that are more likely to be affected by combined sewer 

overflow (CSO)-impacted waters in Philadelphia, 2) to quantify the risk of acute 

gastrointestinal illness (AGI) due to recreational exposure to CSO-impacted and non-

impacted waters in Philadelphia and 3) to assess the relationships between precipitation 

and potentially waterborne reportable diseases in Pennsylvania. 

 

Aim 1: Identify Demographic and Economic Characteristics of Populations that are more 

likely to be Affected by CSO-impacted waters in Philadelphia 

Chapter 3 addressed aim 1 of this dissertation. Results of the analysis determined 

that the majority of survey participants who were recreating at or near CSO-impacted 

waterbodies lived nearby the sites (based on their reported zip codes) and found that on 

average, participants walked 1,400m to get there (95% CI: 800-1,600m). In addition, 

populations in Philadelphia that reside within reported walking distances to CSO-

impacted waterways are more likely to be minorities (non-white and/or Hispanic) and to 

live below the poverty line compared to those living in neighborhoods within the same 

distances to non-impacted water bodies. This chapter highlights a potential environmental 

justice issue which is currently understudied in the literature. 
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As part of the environmental justice movement, many studies have sought to 

identify inequities in the distribution of environmental hazards in communities (Taylor et 

al., 2007), while other studies have measured inequitable access to environmental 

amenities such as to parks, green spaces, or urban tree canopy which can promote healthy 

behaviors, reduce stress, encourage physical activity, and improve the overall well-being 

of the surrounding community (Floyd & Johnson, 2002; Jennings et al., 2012; Schwarz et 

al., 2015). Because recreational activities in natural waterways can have health benefits 

(Haeffner et al., 2017), some researchers may classify sites that were included in this 

study (parks that contained a natural waterbody) as environmental amenities. However, 

because exposure to contaminated waterways, particularly those impacted by CSOs, can 

lead to exposure to waterborne pathogens, results of this chapter underline the importance 

of considering the quality of parks and waterways when assessing their potential impact 

on the surrounding community.  

Findings that determined that survey participants, who recreate at or near the 

survey sites, are likely to live near these sites may have implications for local utilities or 

public health authorities who are interested in educating the public about the potential 

health risks. This finding suggests that targeting community members in the 

neighborhoods surrounding CSO-impacted water bodies that are used for recreation, may 

be an effective strategy to reduce disease risk. For example, daycares or schools around 

these sites may be areas to target education campaigns that encourage individuals and 

families to utilize public pools rather than the creeks and rivers. However, because 

surveys were only done among adults, it is unclear whether children or those under the 
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age of 18 who were observed recreating without an adult present also lived in 

surrounding neighborhoods. 

Further, results that determined that areas around CSO-impacted sites had larger 

minority or lower-income populations, also has implications for potential prevention 

strategies. For example, in some areas around Philadelphia, or at recreation sites in other 

cities that are impacted by CSOs, cities have used signs to attempt to discourage 

swimming and reduce exposures. However, in many cases, signs may be written in 

English even in areas surrounded by majority Hispanic/Latinx and potentially Spanish-

speaking populations. Therefore, identifying populations or communities that are more 

likely to be affected by CSO-impacted waters is important for developing effective 

strategies to educate the public about potential health risks. 

 

Aim 2: Quantify the Risk of Acute Gastrointestinal Illness (AGI) due to Recreational 

Exposure to CSO-impacted and Non-impacted Waters in Philadelphia 

Chapter 4 addressed aim 2 of this dissertation. In this chapter, QMRA models 

found that the estimated risk of illness due to recreational exposures at the three sites in 

Philadelphia may exceed the U.S. EPA’s acceptable risk threshold of 30 illnesses per 

1,000 exposed under both CSO-impacted and non-impacted conditions. These findings 

provide evidence that recreating in CSO-impacted waters presents a health risk, even for 

exposures that are typically considered “low risk” such as fishing and wading. 

Water sampling done at three sites in Philadelphia found that concentrations of 

HF183, an indicator for human fecal pollution, was higher within 24 hours of a CSO (or 
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2.54mm of rainfall). In fact, compared to non-impacted days, the risk of illness during 

CSO-impacted days was 0.6-7.6% higher, depending on the site, norovirus dose-response 

curve, and exposure type (i.e., swimming, wading, or fishing exposures). While health 

risks persisted for more than 24 hours after a CSO, these findings provide additional 

evidence that recent overflow events directly impact surface water quality and can 

present a health risk to recreators.  

In addition to calculating the individual risk of illness due to a single exposure, 

this study also calculated the number of illnesses expected to occur at each of these sites 

during the June-August summer months when data were collected. While the number of 

cases expected to occur due to recreational exposures at the three sites represent a small 

percentage (0-1.5%) of the total number of cases of each of these illnesses estimated to 

have occurred in Philadelphia from June-August 2017 and 2018, it is not currently known 

how many other sites there are in Philadelphia where recreational exposures occur and to 

what degree other types of exposures (e.g., boating, playing with dog etc.) that were 

observed at these sites contribute to risk estimates. Therefore, in order to better 

understand the burden of waterborne disease acquired due to recreational exposure to 

CSO-impacted water in Philadelphia, it is important for future researchers to continue to 

identify sites where recreational exposures (particularly high risk, i.e., swimming 

exposures) occur. 

Results of this study agree with previous research that determined that norovirus 

is responsible for the majority of the risk of illness in the QMRA models. In addition, 

results found that the choice of the norovirus dose-response model had a significant 
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impact on model results (1-log10 difference in risk estimates calculated using the two 

different norovirus dose-response models). For this reason, future research should 

carefully consider which norovirus dose-response model is the best fit for the 

assumptions of the model or use multiple dose-response models for norovirus. 

Despite the fact that primary contact recreation (i.e., activities where the ingestion 

of small quantities of water is likely to occur) in Philadelphia’s creeks and rivers is 

illegal, observational data collected in chapter 4 suggest that recreational exposures to 

these waterbodies still occur (including through swimming). In addition, results of the 

QMRA models determined that even for exposures that are considered “low risk” (i.e., 

fishing and wading) the health risk to recreators can still be above the U.S. EPA 

acceptable risk threshold. For this reason, results of this analysis demonstrate the 

importance of considering other strategies to prevent exposure to contaminated 

waterways in Philadelphia and highlight the potential importance of this exposure 

pathway when investigating drivers of AGI in Philadelphia. 

Because CSOs increase the risk of illness due to recreational exposure, efforts to 

reduce CSOs by managing stormwater may also reduce disease risk to recreators. The 

Philadelphia Water Department designed their Green City, Clean Waters plan to improve 

stormwater management in the city (The Philadelphia Water Department, 2012). This 

plan includes investments into strategies that are designed to reduce urban stormwater 

runoff, thereby preventing CSOs from occurring. A key strategy to reduce urban 

stormwater runoff is to integrate green stormwater infrastructure (GSI), such as tree 

trenches, rain gardens, etc., to absorb stormwater and prevent it from entering the 
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combined sewer systems (The Philadelphia Water Department, 2012). Results of this 

study support that in addition to improving surface water quality in Philadelphia, the 

effective integration of GSI into communities may also reduce the incidence of 

waterborne disease in Philadelphia by directly reducing pathogen concentrations in areas 

used for recreation. Previous research has found that costs of AGI due to water recreation 

can range from $1,220-$1,676  per 1,000 individuals exposed due to the costs of 

medications, healthcare/utilization of health services, and lost productivity (DeFlorio-

Barker et al., 2017). For this reason, GSI may provide some additional cost benefit due to 

reduction in AGI risk to recreators. 

 

Aim 3: Assess the Relationships between Precipitation and Potentially Waterborne 

Reportable Diseases in Pennsylvania 

Chapter 5 addressed aim 3 of this dissertation. This chapter found positive 

associations between precipitation and monthly incidence of campylobacteriosis, 

salmonellosis, cryptosporidiosis, and giardiasis in Pennsylvania. In addition, results 

found positive associations between temperature and monthly incidence of 

campylobacteriosis, salmonellosis, and cryptosporidiosis but not giardiasis. These 

findings were impacted by season, with the strongest relationships observed during the 

summer months. 

Results of this analysis has implications for understanding the potential impact of 

global climate change on disease incidence in Pennsylvania. In Pennsylvania, projected 

increases in precipitation and temperature in future years are expected to impact water 
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quality (Shortle et al., 2015). By the middle of the 21st century Pennsylvania is projected 

to be approximately 3℃ warmer on average and annual precipitation is expected to 

increase by 8% (Shortle et al., 2015). This is expected to cause more surface runoff, 

sewer overflows, and resuspension of pathogens in river sediments, all of which increase 

the likelihood of waterborne disease (Shortle et al., 2015).  

Results of chapter 5 found that every 1cm increase in rainfall per month is 

expected to increase the incidence of potentially waterborne reportable diseases by 1-2% 

depending on the season and the pathogen. While this may include only a small increase 

in the number of cases that are reported to the state and local health departments, because 

these illnesses are likely to go unreported, these increases in rainfall may have more 

substantial impacts on the overall number of cases in the community. For example, 

norovirus, which contributed the most to the risk estimates presented in chapter 4 is not a 

reportable disease and therefore was not included in the chapter 5 analysis. However, the 

number of norovirus cases that occur due to contaminated water supplies would be 

expected to increase due to these projected increases in rainfall (and possibly 

temperature) in Pennsylvania (Rohayem, 2009).  

Analyses that accounted for season found that the relationships between 

precipitation, temperature, and reportable disease incidence were highest during the 

summer months. Understanding seasonality of infectious diseases is important for 

selecting effective control strategies. Exposures that occur during the summer months 

(i.e., swimming) may be different than those that occur during the winter months, 

especially in Pennsylvania which has a temperate climate. For this reason, it is important 
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to consider seasonality when both when measuring these relationships and when 

determining methods to reduce the potential impact of rainfall on waterborne disease. 

Results of chapter 4 of this dissertation found that CSOs can increase individual 

risk of waterborne disease, however, in chapter 5, no significant differences were found 

in these relationships after accounting for the presence of combined sewer outfalls in the 

ZCTAs. This may be due to the substantial impact of other exposure routes on the 

pathogens included in the chapter 5 analysis. In addition to having large urban centers, 

Pennsylvania also includes agricultural areas where livestock are raised. Because 

salmonellosis, campylobacteriosis, cryptosporidiosis, and giardiasis are all known to have 

animal hosts, runoff due to agricultural centers may have been a key pathway 

contributing to this relationship. Because these agricultural centers are more likely to be 

located in rural areas, they are also more likely to be located in areas without combined 

sewer systems. While other common exposure pathways such as person-to-person 

transmission or direct animal-to-person transmission may also play some role, these 

would not be expected to be impacted by precipitation. For that reason, analyses that 

measure the impact of agricultural centers on the relationships between precipitation and 

disease incidence may provide a better understanding of the impact of these different 

pathways by which pathogens can enter the environment. 

In addition, data on the locations of combined sewer outfalls in Pennsylvania may 

include outfalls that no longer overflow or only overflow during very large rain events. 

By examining the impact of the presence of outfalls instead of the number of overflows 

per month, the analysis assumes that all outfalls have equivalent potential impacts on the 
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local surface water quality, which is known to not be the case (as outfalls are different 

sizes and overflow at different frequencies). For this reason, more research is needed in 

order to understand these relationships that account for the size of outfalls, the frequency 

of overflows, and include other measures of disease (e.g., hospitalizations or emergency 

room visits for gastrointestinal illness).  

Finally, results from chapter 5 determined that demographic covariates were 

related to the incidence of the potentially waterborne reportable diseases in Pennsylvania. 

Specifically, for all illnesses included in the analysis, ZCTAs that had a higher white 

population and a higher median age had higher incidence of reportable illnesses. 

Importantly, the finding that areas with higher white populations are at greater risk of 

waterborne illness, contrasts with the interpretation of the findings from chapter 3 that 

determined that areas near CSO-impacted waterways had a larger proportion minority 

and low-income population. However, these results likely demonstrate the importance of 

other exposure routes (aside from recreational exposure to CSO-impacted waters) on the 

relationships between rainfall and waterborne disease in Pennsylvania. For example, 

areas with a larger white population and a higher median age may also be more likely to 

be rural areas, which may be more heavily impacted by agricultural sources of pathogens 

than urban areas.  

 

Future Research 

This dissertation has identified several areas where more research is needed. First, 

there is a lack of research around the demographics at greater risk of exposure to CSO-
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impacted sites. While results of chapter 3 were able to identify which populations are 

more likely to live near CSO-impacted sites, it is unclear which populations are actually 

more likely to be exposed (e.g., through recreation). In addition, survey data described in 

chapter 3 were only collected from individuals recreating near CSO-impacted sites, and 

for this reason, it is unknown whether individuals recreating near non-impacted sites 

might be different from these individuals based on their demographic characteristics, 

recreational activities, and travel behaviors. Additional survey data collected from 

individuals recreating at or near sites that are not impacted by CSOs may be used to 

compare populations utilizing these sites and determine whether these populations are 

willing to travel further to non-impacted sites than to CSO-impacted sites to refine the 

GIS analysis.  

In addition, while results of chapter 3 found that the distribution of combined 

sewer outfalls may be a potential environmental justice issue in Philadelphia, it is not 

clear whether these findings would be generalizable to other CSO-impacted cities in the 

United States or globally. Better data on the location of combined sewer outfalls in other 

cities is needed in order to conduct this research. In addition, data on the volume of water 

released during overflow events may be used to determine whether some sites are even 

more impacted than others. This can be used to target which sites in Philadelphia or in 

other cities may be higher risk areas. 

While results of this dissertation provide some information for areas or 

populations that may be at greater risk of exposure to CSO-impacted waters, more 

research is needed to identify effective strategies that can be used to educate individuals 
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at risk and to reduce these exposures. Primary contact recreation in Philadelphia’s creeks 

and rivers is illegal, however, observational data collected in chapter 4 confirms that 

these exposures still occur. Similar, while one “no swimming” sign was seen at one of the 

study sites (Tacony Creek), this sign was located away from the exposure site and did not 

appear to have any impact on recreational behaviors. For this reason, future research 

should be done to explore different prevention strategies and to evaluate their ability to 

both educate individuals at risk and to reduce their likelihood of exposure. 

Surveys analyzed in chapter 3 along with the water quality and observational data 

analyzed in chapter 4 were collected at three study sites in Philadelphia. These sites were 

identified through a previous hidden camera study (Sunger et al., 2012) along with some 

guidance from staff at the Philadelphia Water Department. Importantly, there are likely 

many other sites in Philadelphia (as well as in other CSO-impacted cities) where these 

exposures occur (including higher risk/head under exposures). Research that conducts 

interviews with community leaders or organizations may be effective in finding these 

other sites where exposures are common in order to target future prevention efforts.  

While previous research has found that QMRA has high agreement with 

epidemiologic studies, epidemiologic studies may be done to confirm that these 

exposures are leading to illness. Epidemiologic studies have been done to measure the 

relationships between gastrointestinal illness and recreational exposure to water bodies 

across the globe, including some CSO-impacted sites (Cann et al., 2013; Wade et al., 

2010). Compared to QMRA, epidemiologic studies are able to provide more precise risk 

estimates (involve less uncertainty and result in smaller confidence intervals). For this 
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reason, future epidemiologic studies done may be used to validate findings of the QMRA 

models and refine the estimates of risk. However, due to the small number of adults 

recreating at the study sites when the research team were present, this study design may 

not be feasible at the current sites, highlighting the importance of identifying areas where 

recreation occurs in Philadelphia in order to improve our understanding of the risk to 

recreators. 

Results of chapter 4 also described the importance of the norovirus dose-response 

curve. Currently, there is some uncertainty in the literature about which dose-response 

curve is best for quantifying the risk of infection due to exposure to norovirus (Abel et 

al., 2017; Schmidt, 2015). For this reason, more research that investigates the utility of 

the various dose-response models that are available for norovirus in the literature and 

compares estimates of QMRAs developed using these curves to epidemiologic or 

outbreak data will help to provide better guidance on which curves result in the most 

accurate estimations of risk. 

Further, while results in chapter 4 quantified the risk of illness at CSO-impacted 

sites during CSO-impacted (<24 hours after a CSO) and non-impacted conditions (>24 

hours after a CSO), results cannot determine whether recreation that occurs at sites that 

do not contain any CSOs is necessarily safer (as is assumed in the chapter 3 analysis). For 

example, other pathogen inputs such as from farms or leaking septic systems, may impact 

pathogen concentrations at sites that are not impacted by CSOs. For this reason, data on 

the concentration of HF183 and pathogens at sites that do not contain any upstream CSOs 
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may be used to better understand the risk differences involved in recreating in CSO-

impacted as compared to non-impacted sites. 

Finally, while results from chapter 5 found associations between precipitation, 

temperature, and potentially waterborne reportable disease incidence in Pennsylvania, 

results were not able to determine which pathways contributed the most to these 

relationships. While results did not find that the presence of combined sewer outfalls in 

or near ZCTAs modified these relationships, future research that is better able to quantify 

the potential impact of these outfalls (e.g., by accounting for the volume of contaminated 

water they release per month) may be better able to uncover these relationships. 

Similarly, future research should explore the impacts of other environmental factors that 

can impact the relationship between rainfall and pathogens (e.g., impervious surface 

coverage, the presence of agricultural centers, and the presence of private wells or septic 

systems) in order to identify effective strategies to reduce the risk of waterborne disease 

risk that is expected to increase due to global climate change in Pennsylvania. 

 

Conclusions 

Findings from this dissertation suggest that recreation in CSO-impacted waters is 

occurring in Philadelphia and that these exposures present a health risk. In addition, areas 

around potential recreation sites that are impacted by CSOs have a larger percentage 

minority and low-income population than areas around potential recreation sites that are 

not impacted by CSOs in Philadelphia. Finally, associations were found between rainfall 

and waterborne disease incidence in Pennsylvania. This suggests that future increases in 
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precipitation may also correspond with increases in waterborne disease incidence, 

although the drivers of this relationship are unclear and likely diverse.  

This dissertation provides new evidence to better understand the relationships 

between rainfall, combined sewer systems, recreation, and waterborne disease risk in 

Philadelphia and Pennsylvania. Although it is clear that more research is needed around 

these issues, waterborne disease in Pennsylvania, and in other areas around the globe, is 

expected to become a growing threat due to global climate change, which is expected to 

increase the frequency and severity of precipitation events and combined sewer 

overflows. For this reason, results of this dissertation have important implications for 

local governments, health departments, and organizations that aim to design effective 

strategies to prepare for these impacts.  
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APPENDIX A 
 

SURVEY ADMINISTRATION PROTOCOL 
 

1) Abstract of the study 

Urban stormwater runoff is a known source of contamination of surface water bodies in 

the United States. This is especially significant in cities with combined sewer systems which 

may overflow during rain events and release fecal pollution and human pathogens into local 

water bodies. As a result, recreational exposure to contaminated water (e.g., swimming, boating, 

or fishing), is thought to cause 1.8 and 3.5 million illnesses in the United States alone and may 

disproportionately impact certain vulnerable groups. The goal of this study is to estimate the 

number of gastrointestinal illnesses that result due to exposure to waterborne pathogens in urban 

water bodies impacted by CSOs. This will be accomplished through the use of quantitative 

microbial risk assessment (QMRA) models that will combine environmental and exposure data 

to estimate the expected disease cases that may occur in CSO-impacted and non-CSO-impacted 

water. Environmental data will include the estimated concentrations of Cryptosporidium, 

norovirus, Giardia, Escherichia coli O157:H7, and Salmonella and exposure data will combine 

visual counts of recreators and in-person surveys to determine the extent to which individuals are 

exposed to these water bodies. Study results will add to the existing knowledge regarding the 

health impacts of CSOs and will fill an important research gap by quantifying the burden of 

waterborne disease due to recreational activities in urban settings. 

2) Protocol Title 

Assessing recreational exposure to urban surface waters impacted by combined sewer overflows 

in Philadelphia, PA 
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3) Investigators  

Heather M. Murphy, Ph.D., P.Eng., Assistant Professor Department of Epidemiology and 

Biostatistics, College of Public Health, Temple University, heather.murphy@temple.edu. 

Shannon McGinnis, B.S., PhD Graduate Student Department of Epidemiology and Biostatistics, 

College of Public Health, Temple University, smcginnis@temple.edu. 

Other undergraduate research staff who will be conducting surveys: 

Roselyn Chiyezhan, rosyelyn.chiyezhan@temple.edu 

Tiffany Buturla, tug42548@temple.edu 

Keri J Klinges, kklinges@temple.edu 

Madison Peschen, tuf85292@temple.edu 

 

4) Objectives 

The objectives of the exposure assessment are: 

a) Measure the number of individuals per day who are exposed to urban surface 

water through various recreational activities during the May-September 

swimming season 

b) Assess how often individuals engage in various types of recreational activities 

at the study sites (number of days per week or month) 

c) Determine which demographics are more likely to engage in recreational 

activities at these sites (gender, age, race, zip code) 
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d) Understand reasons that motivate individuals to engage in recreational 

activities at these sites 

e) Assess the likelihood for individuals to use medical services, purchase 

medications, or miss school or work days when experiencing symptoms of acute 

gastrointestinal illness  

 

5) Rationale and Significance  

Over 746 communities in the United States are impacted by combined sewer 

systems (U.S. EPA, 2004). During rain events, these systems can overflow and release 

fecal pollution and infectious pathogens into urban water bodies. These combined sewer 

overflows (CSOs) are estimated to release approximately 850 billion gallons of untreated 

wastewater into surface water in the United States each year (U.S. EPA, 2004). Exposure 

to CSO-impacted water may increase risk of contracting waterborne diseases, which may 

be particularly significant among certain vulnerable groups.  

Within the United States, Pennsylvania has the largest number of combined sewer 

outfalls with a total of 1,596 CSO permits issued across the state as of 2016 and 167 in 

the City of Philadelphia alone (PA DEP, 2017). Preliminary data collection in the creeks 

in Philadelphia (2016/17) found high concentrations of human sewage markers and 

several human pathogens (McGinnis et al., 2018), which may represent a significant 

health risk. Despite this, while previous studies have found that those who are exposed to 

CSO-impacted water during recreational activities are at an increased risk of GI illness 

(e.g., Jagai, 2015), the disease burden directly attributable to CSOs remains unknown. 
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While previous research has estimated the number of people engaging in 

recreational activities at these sites using hidden cameras (Sunger et al., 2012), this past 

research is limited in that it does not measure past or future activities, motivations for 

engaging in activities, or demographics of those that are more likely to be at risk of 

exposure. For this reason, this study will add to the existing literature to gain a better 

understanding of the extent to which individuals are exposed to CSO-impacted water as 

well as to identify at-risk groups. Further, this study adds an additional exploratory aim of 

asking individuals about their likelihood of using medical services, purchasing 

medications, or missing school or work due to acute gastrointestinal illness, which is the 

most likely adverse health outcome that might occur due to exposure to the pathogens 

that have been identified previously at these sites. This additional measure may be used 

to advise future cost-benefit analysis of implementing different interventions to mitigate 

this potential health risk. 

 

6) Resources and Setting  

Surveys and observational data collection will be conducted at three sites located 

in public parks in the City of Philadelphia. These include Cobbs Creek Education Center, 

Tacony Creek Park, and Penn Treaty Park. These sites were chosen as areas where 

recreational activities occur (Sunger et al., 2012) and as areas where high levels of human 

fecal pollution have also been measured (McGinnis et al., 2018). To collect survey data, 

adults will be recruited on-site by undergraduate merit scholars or a graduate research 

assistant all of whom will receive CITI training in the ethical conduct of human subjects 
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research prior to beginning survey implementation. These trained research staff members 

will administer the survey to participants on-site aloud, recording responses on paper 

surveys. For the observational aspect of the project, the same trained research staff will 

be conducting visual counts of individuals engaging in various recreational activities at 

these sites. Observational and survey data will be collected at the same time at the same 

sites. 

For the 2018 data collection period Shannon McGinnis, Graduate Student and 

Research Assistant, received funding from Temple University’s First Summers Graduate 

Research Initiative to conduct this research. 

 

7) Study Design 

a) Recruitment Methods 

Observational data will be collected by visually counting the number of 

individuals engaging in various recreational activities. Due to the nature of this data 

collection strategy, no recruitment or inclusion criteria is needed. 

Survey data will be collected from adults who are seen recreating at or near the 

study sites. Research staff will ask adults on-site if they are interested in participating in a 

survey to assist with a water safety research project at Temple University. Because this is 

an exploratory study, the number of individuals that will complete the survey is 

unknown, however we expect to recruit around 3-5 individuals per day per site given 

preliminary data around number of individuals exposed per day (Sunger et al., 2012). No 

incentives will be offered for completing the survey. 
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b) Inclusion and Exclusion Criteria 

Only individuals who are aged 18 or older will be eligible to complete the survey. 

However, if children are seen recreating at the sites and a parent or legal guardian is 

present, they will be asked if they would be willing to complete the survey on behalf of 

their children.  

 

c) Study Timelines 

Data collection will occur two times per week (once during a weekday and once 

during a weekend day) over an 11-week period from May 1, 2018 – September 10, 2018 

and subsequently again from May 1- September 10, 2019. Research staff will vary the 

time of day and site location each day they are in the field. Researchers will be expected 

to spend 3-4 hours in the field per day to collect both observational and survey data 

together. Surveys are expected to take approximately 10 minutes to complete. 

 

d) Study Procedures and Data Analysis 

At least two members of the research team will work together to collect 

observational and survey data at the study sites from May 14, 2018 – September 10, 2018 

and from May 1- September 10, 2019.. Because previous research has indicated that the 

number of users and types of activities vary at these sites between weekdays or weekends 

(Sunger et al., 2012), researchers will plan to conduct the survey once during a weekday 

and once during a weekend each week. Researchers will spend around three-four hours 

per day in the field and will likely spend more time at the sites during the weekends when 
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usage is expected to be higher. Further to minimize bias associated with distributing the 

survey at certain time points and to reach a more diverse population, the day of the week 

and time of day will be altered each week so that one “morning shift” and one 

“afternoon/evening shift” of surveys is done at least once for every day of the week.  

Observational data collection: Visual counts of individuals engaging in various 

types of recreational activities at these sites will be recorded by researchers in the field. 

This will include the number of people observed fishing, boating, wading/playing, 

swimming, or making contact with the water through any other means (e.g., skipping 

rocks). These data will be recorded by researchers on an observational data sheet. 

Survey data collection: Adults who are seen recreating at or near the study sites 

will be approached by research staff who are present on site. In addition, adults will also 

be asked if they are a parent or guardian of a child who is recreating at or near the study 

sites, in which case they may complete the survey on behalf of their child. Adults may 

complete more than one survey if they have multiple children or if they would like to 

complete one survey for themselves and one for their children. 

Researchers will begin by describing the study and gaining verbal consent from 

participants. Participants will be offered a copy of the consent document to read and go 

over with the interviewer or to keep for reference if they have any questions after 

completing the survey. Next, researchers will confirm eligibility (be sure individuals are 

at least 18 years old and have recreated at these sites in the past or are a parent/guardian 

of a child (<18 years old) who has recreated at these sites in the past). Once researchers 

have obtained consent and confirmed participant eligibility, surveys will be administered 
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through an interview process with trained researchers asking each question and obtaining 

answers aloud. This method of administration will reduce the expected amount of survey 

nonresponse and will allow researchers to capture data from individuals with low 

literacy. The survey will be administered by undergraduate merit scholars and a graduate 

research assistant who will all receive training on the ethical conduct of human subjects 

research prior to beginning data collection. 

Data analysis: While visual counts of recreators will provide information on the 

number of people recreating in the creeks each day, the in-person survey will provide 

information around the number of exposure events per person per year and the volume of 

water ingested which will be determined based off of the type of activities and duration 

of activities reported. Given that we expect a wide range of different types and 

frequencies of activities to occur per person, each of these measures will be used to create 

a probability distribution which be used to build future risk assessment models. The 

exploratory measures including demographic, zip codes, and likelihood of utilizing 

medical services, purchasing medications, and missing school or work will be used for 

spatial analytics and descriptive outcomes. 

 

e) Privacy & Confidentiality 

All data collected will be anonymous and confidential. The study will not collect 

any identifying information. Demographic data collected will include only general 

information including gender, age, race, and zip code which will be used for descriptive 

analysis. All individuals collecting or analyzing data will receive CITI training for the 
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ethical conduct of human subjects research. Survey data will be entered into a RedCap 

database which will be password protected and accessible only to key research staff. 

Paper surveys will be kept in a locked filing cabinet at Temple University and will only 

be accessible by key research staff. 

 

8) Risks to Subjects 

Potential Risks 

There are minimal risks to participants for completing a verbal self-report survey. 

Physical:  There are no physical risks associated with this project.  

Psychological:  Minimal psychological risks may occur if participants feel they have 

been exposed to contaminated water while completing the in-person recreator survey. To 

reduce this potential risk, researchers distributing the survey will be trained and 

instructed to provide no information about the water quality at the time of survey 

administration and to avoid using negative language to describe the creeks including 

describing the water as “dirty,” “contaminated,” or “unsafe.” Experts in survey methods 

will be consulted, to ensure neutral language is used when describing the study purpose 

and methods during survey administration. Participants who have questions about the 

water quality in the Philadelphia waterways will be provided with Dr. Heather Murphy’s 

contact information so that they can contact her directly with any questions and concerns 

and Dr. Murphy will provide them with any recent water quality data collected by her 

team from the sites where the participants have been recreating. 
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Financial/Legal:  No risks. 

 

9) Potential Benefits to Subjects 

There will be no direct benefit for participating in the study.  

 

10) Informed Consent  

No consent will be required for observational data collection. For survey data 

collection, researchers will follow “HRP-802 Investigator Guidance: Informed Consent” 

to obtain consent from survey participants. Consent will be obtained verbally on-site 

following a description of the research project and prior to completing the survey 

questions. All surveys will be conducted in English and with individuals who are 18 

years or older. Surveys may be completed on behalf of those who are under 18 years of 

age by a parent or legal guardian if they are present. No assent will be obtained from 

children in this circumstance. Participants will also be given a copy of the consent 

document with all information about the research and with contact information for who to 

call if they have any follow-up questions.   
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APPENDIX B 
 

2018/2019 RECREATION SURVEY 
(2019 only measures are highlighted in yellow) 

 
 

Surface Water Exposure Survey 
 
Site: ___________________ Date: _________________ Time: _________________ 
   
Interviewer Initials: ____________________ 
 
Interviewer script: Good morning/afternoon my name is _____________ and I am an 
undergraduate (or graduate) student at Temple University. I am working on a research 
project as a part of Dr. Heather Murphy’s Water, Health, and Applied Microbiology 
laboratory in the College of Public Health at Temple University. We are conducting a 
questionnaire of those who use Philadelphia’s creeks and rivers for leisure activities (like 
boating, fishing, playing with your dog, etc.). The purpose of gathering this information 
is to inform future research around how people are using the creeks and rivers in 
Philadelphia.  
 
Interviewer note: Offer the participant a copy of the consent document to read or go over 
as you read the rest of the introduction script. They may also keep a copy of the consent 
form. Offer to answer any questions prior to beginning the survey. 
 
If you agree to complete the questionnaire, your information will be anonymous (no 
identifying information will be collected) and confidential. This means that you will not 
be able to be identified in any future reports or datasets. You must be at least 18 years or 
older to complete the survey. In addition, if you are a parent or legal guardian of a child 
who also uses the creek for leisure activities, you may also complete the survey on your 
child’s behalf.  
 
The questionnaire will take approximately 10-15 minutes to complete and will be read 
aloud to you so that you can provide answers verbally. If at any point during the 
questionnaire you have any questions about the research, I can do my best to answer them 
or will provide you with the contact information of someone else at Temple University 
who will help answer any questions that might come up. There are no risks or benefits for 
completing this survey. You can choose to skip any question you do not wish to answer 
or you may decide to end the questionnaire at any time. Would you be willing to answer 
the questionnaire? 
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PART 1: DEMOGRAPHICS 
 
1. Are you responding to this survey for yourself or on behalf of someone who is less 
than 18 years old? 
 
 a) Myself- continue to question 4 
 b) Someone who is <18 years old- continue to question 2 
 
NOTE: If the participant would like to complete the survey for more than one child, ask 
them to complete a separate survey for each child. 
 
2. If you are completing the survey for someone who is less than 18 years old, are you 
their parent or legal guardian? 

 a) Yes- continue. 
 b) No- inform the participant they are not eligible to take the survey. 
 
3. How old is the individual for whom you are completing the survey? 

a) 0-2 years old 
b) 3-5 years old 
c) 6-8 years old 
d) 9-11 years old 
e) 12-14 years old 
f) 16-17 years old 
g) 18 years or older but unable to answer the survey for some other reason. 

 
4. Have you previously been interviewed by environmental health researchers from 
Temple University about your activities in Philadelphia’s creeks (or completed the survey 
for this individual in the past)?  
 

a) Yes- inform the participant they are not eligible to complete the survey again 
b) No 

 
NOTE: One person can complete multiple surveys if they are completing them for 
multiple people. 
 
5. (skip if answering for someone <18 years old) Which of the following categories 

includes your age?  
a) 18 to 25  
b) 26 to 35 
c) 36 to 45 
d) 46 to 55  
e) 56 to 65 
f) 65 or older  
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6. Which of the following categories describes your gender identity?  
 

a) Male  
b) Female 
c) Other: _________________________ 

 
7. Which of the following categories describes your race?  
 

a) White 
b) Black/African-American 
c) Asian 
d) Multiple 
e) Other: _______________ 
 

8. Are you Hispanic/Latino/a?  
 

a) Yes 
b) No 

 
9. Do you live within the city of Philadelphia? 
 

a) Yes 
b) No 
c) Unsure 

 
10. What is your zip code (of your primary home residence)? ______________________ 
 
PART 2: RECREATIONAL ACTIVITIES 
 
11. How often have you visited this location this summer (May-present month)?  
 

a) More than once per week, # of times per week __________ 
b) About once per week 
c) Less than once per week, # of times per month _________ 

 
12. How often do you plan to visit this location for the remainder of the summer (present 
month-September)?  
 

a) More than once per week, # of times per week __________ 
b) About once per week 
c) Less than once per week, # of times per month _________ 
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Table B.1 
Which of the following activities have you done at this site (name creek/river)? For 
each activity you have done, how often have you done it?  Check if none: ________ 
 
 
Activity 

How often do you do this 
activity? 

Duration? (minutes per 
day) 

More than 
once per 

week. 

About once 
per week. 

Less than once per 
week.  

Fishing 
# of days in an 
average week 
_____ 

 
# of days in an 
average 
month______ 

 

Wading/playing 
(feet and legs in 
water) 

# of days in an 
average week 
_____  

 
# of days in an 
average 
month______ 

 

Swimming (head 
under the water at 
least once) 

# of days in an 
average week 
_____  

 
# of days in an 
average 
month______ 

 

Boating 
(if yes, what type of 
boat? 
________________)  

# of days in an 
average week 
_____ 

 
# of days in an 
average 
month______ 

 

Other, please list: 
  

# of days in an 
average week 
_____ 

 
# of days in an 
average 
month______ 

 

Other, please list: 
  

# of days in an 
average week 
_____ 

 
# of days in an 
average 
month______ 

 

Other, please list:  
  

# of days in an 
average week 
_____ 

 
# of days in an 
average 
month______ 

 

 
 

14. What are some reasons why you like to (name activities listed above or skip)? (circle 
all that apply) 
 
 a) To keep cool 
  i) If yes, do you have air conditioning in your home? YES NO UNSURE 
 b) This is the closest park/green space to my house  
 c) For fun 
 d) Play with dog or another pet 
 e) Play with children 
 f) Exercise 
 g) Other reason(s), please list: ____________________________ 
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15. Do you ever boat, fish, wade, play, or do any other activities in any other creek and 
river in Philadelphia? 

  a) Yes, list activities: _________________________, 
   list creeks/rivers: ____________________________ 
  b) No 
 
16. (If yes to 14 above) What method(s) do you use to travel to (name of creek/river)? 

  a) Walking/on foot 
  b) Bicycle 
  c) Personal Car 
  d) Rideshare/Uber/Lyft 
  e) Public transportation- bus 
  f) Public transportation- train 
  g) Other: _________________________ 
 
17. (If yes to 14 above) How long does it take you to travel to (name of creek/river)? 

 
  ____________ minutes 

 
18. (If yes to 14 above) Approximately how far did you travel to get to (name of 
creek/river)? Insert distance unit used (miles/blocks/feet/etc.) 

 
 ______________________________________________________________________ 

 
19. What time of day do you typically come to the creek/river? (circle all that apply) 

  a) Morning 
  b) Afternoon 
  c) Evening 
  d) Night 
  f) Other: ________________ 
 
20. What factors might make you more likely to visit the creek/river? (circle all that 
apply) 

a) Outdoor temperatures (what temperatures make you more likely to visit: 
_______________________) 

  b) Holidays 
  c) Water that looks/appears clean 
  d) Local festivals or events at the park 
  e) Other: ____________________________________ 
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21. What factors might make you less likely to visit the creek/river? (circle all that apply) 

  a) Hotter outdoor air temperatures 
  b) Rain 
  c) Thunderstorms 
  d) Holidays 
  e) Water that looks/appears dirty 
  f) Crowds 
  g) Allergies 
  h) Other: ________________________ 
 
22. What method did you use to travel to (name of creek/river)? 

  a) Walking/on foot 
  b) Bicycle 
  c) Personal Car 
  d) Rideshare/Uber/Lyft 
  e) Public transportation- bus 
  f) Public transportation- train 
  g) Other: _________________________ 
 
23. How long did it take you to travel to (name of creek/river)?______________ minutes 

 
24. Approximately how far did you travel to get to (name of creek/river)? Insert distance 
unit used (miles/blocks/feet/etc.)  

________________________________________________________________________ 

 
25. Did you come to this site with anyone else or did you come alone? 

  a) Yes, I am here with other people 
  b) No, I am here by myself 
 
26. (If yes to 25 above) If you came here with other people, who did you come here with 
(select multiple answers if appropriate)? 

a) My children 
b) Children I am babysitting/supervising 
c) Parents 
d) Other family members 
e) Friends 
f) Neighbors 
g) Partner/significant other 
h) Other: __________________ 
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Part 3: EXPLORATORY MEASURES 

27. The last part of the survey will ask an additional exploratory question about acute 
gastrointestinal illnesses including short-term bouts of diarrhea, nausea, vomiting, or 
upset stomach that you have had in the past. If you ever experience systems of 
gastrointestinal illness (i.e., short-term bouts of diarrhea, nausea, vomiting, or upset 
stomach), do you ever do any of the following (circle all that apply): 

  a) Visit a primary care doctor 
  b) Visit a local urgent care center 
  c) Go to a hospital or emergency room 
  d) Purchase medications 
  e) Miss school or work 
  f) Take any other action. Please specify: ________________________________ 

 
Thank you for your time! [Offer participant any additional information they 

request about the research lab or the survey itself] 
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APPENDIX C 
 

Recreation Observation Sheet 

Instructions: While at the site keep a tally of the number of individuals you observe doing 
any of the following activities. In addition, record any interesting findings in the notes 
section below.  

 
Site: _____________________ Date:_________  Researcher Initials: ____________ 

 
Time observation began: ___________        Time observation ended: ____________ 

  

Total number of people observed at the site: _________________________________ 

  

Total number of people observed making direct contact with the creek: _____________  

  

Table C.1  
Observational Data Collection Tool  
Type of Activity  Duration and # of Events per Person 
Fishing 
 
Total # individuals: 
 

# Children <5: 
 
 

# Children <18: 
 
 

# Adults: 
  

Person # Exposure # 
(times 

activity was 
started 
over) 

Duration 
per 

Exposure 
(minutes) 

Hand water 
contacts 

Hand 
face/mouth 

contacts 
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Table C.1 (continued) 
Type of Activity  Duration and # of Events per Person 
Wading/playing 
(feet/legs touch the 
water) 
 
Total # individuals: 
 

# Children <5: 
 
 

# Children <18: 
 
 

# Adults: 
 
  

Person # Exposure # 
(times 

activity was 
started 
over) 

Duration 
per 

Exposure 
(minutes) 

Hand water 
contacts 

Hand 
face/mouth 

contacts 

     

     

     

     

Swimming 

 
Total # individuals: 

 

# Children <5: 

 
 

# Children <18: 

 
 

# Adults: 
 

Person # Exposure # 
(times 

activity was 
started 
over) 

Duration 
per 

Exposure 
(minutes) 

Hand 
face/mouth 

contacts 

Head 
Immersions 
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Table C.1 (continued) 
Type of Activity  Duration and # of Events per Person 
Boating- Canoeing 

 
Total # individuals: 

 

# Children <5: 

 
 

# Children <18: 

 

# Adults: 
 

Person # Exposure # 
(times 
activity was 
started 
over) 

Duration 
per 
Exposure 
(minutes) 

Hand water 
contacts 

Hand 
face/mouth 
contacts 

     

     

     

     

     

Boating- Kayaking 
 
Total # individuals: 
 

# Children <5: 
 
 

# Children <18: 
 
 

# Adults:  

Person # Exposure # 
(times 

activity was 
started 
over) 

Duration 
per 

Exposure 
(minutes) 

Hand water 
contacts 

Hand 
face/mouth 

contacts 
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Table C.1 (continued) 
Type of Activity  Duration and # of Events per Person 
Boating- Motor 
Boat, 
Speed Boat 

 
Total # individuals: 

 

# Children <5: 

 
 

# Children <18: 

 
 

# Adults: 
 

Boat # Exposure # 
(times boat was 

seen) 

# People Duration per 
Exposure 
(minutes) 

    

    

    

    

    

    

    

Boating- Other 
type, name: 

 
Total # individuals: 

 

# Children <5: 

 
 

# Children <18: 

 
 

# Adults: 
 

Person # Exposure # 
(times 

activity was 
started 
over) 

Duration 
per 

Exposure 
(minutes) 

Hand water 
contacts 

Hand 
face/mouth 

contacts 
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Table C.1 (continued) 
Type of Activity  Duration and # of Events per Person 
Boating- Other 
type, name: 
________________ 
 
Total # individuals: 
 

# Children <5: 
 
 

# Children <18: 
 
 

# Adults:  

Person # Exposure # 
(times 

activity was 
started 
over) 

Duration 
per 

Exposure 
(minutes) 

Hand water 
contacts 

Hand 
face/mouth 

contacts 

     

     

     

     

     

Playing with dog 
(dog makes contact 
with water but 
person does not) 

 
Total # individuals: 

 

# Children <5: 

 
 

# Children <18: 

 

# Adults: 
 

Dog # Exposure # 
(times activity 

was started 
over) 

Duration per 
Exposure 
(minutes) 

# People 
making contact 

with dog/ 
owners present     
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Table C.1 (continued) 
Type of Activity  Duration and # of Events per Person 
Skipping rocks 

 
Total # individuals: 

 

# Children <5: 

 
 

# Children <18: 

 

# Adults: 
 

Person # Exposure # 
(times 

activity was 
started 
over) 

Duration 
per 

Exposure 
(minutes) 

Hand water 
contacts 

Hand 
face/mouth 

contacts 

     

     

     

     

     

     

Other activity, 
name: 
________________
_________ 
 
Total # individuals: 
 
# Children <5: 
 
# Children <18: 
 
# Adults:  

Person # Exposure # 
(times 

activity was 
started 
over) 

Duration 
per 

Exposure 
(minutes) 

Hand water 
contacts 

Hand 
face/mouth 

contacts 
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Table C.1 (continued) 
Type of Activity  Duration and # of Events per Person 
Other activity, 
name: 

________________ 

 
Total # individuals: 

 

# Children <5: 

 

# Children <18: 

 

# Adults: 
 

Person # Exposure # 
(times 

activity was 
started 
over) 

Duration 
per 

Exposure 
(minutes) 

Hand water 
contacts 

Hand 
face/mouth 

contacts 

     

     

     

     

     

     

  

NOTES (be sure to record information on any special groups including daycares or 
summer camps that come to the site, whether there are any types of birthday parties or 
festivals going on, animals that you see in or around the site, whether any rainfall or 

precipitation occurred while you were at the site, or anything else that you think may be 
important to note). 
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APPENDIX D 
 

MISSING DATA ANALYSIS USING MULTIPLE IMPUTATION 

 
Chapter 3 Missing Data Analysis 

In chapter 3, data used for the analysis included spatial data, data from in-person 

surveys, and data from the U.S. Census Bureau’s American Community Survey (ACS) 

2017 5-year estimates. Upon initial analysis, and after removing non-residential census 

block groups and tracts from the data set, it was determined that among the ACS 

variables included in this analysis, data were missing for the median income and Gini 

index variables. Median income, which was available at the census block group level, 

was missing for n=137 cases, or 10.3% of all residential (where total population is not 0) 

census block groups in Philadelphia. The Gini index variable, which was available at the 

census tract level was missing for n=1 case, or 0.3% of all residential census tracts.  

In order to account for missing data, multiplie imputation (MI) was done using the 

Multivariate Imputation by Chained Equations or “mice” package in R (Van Buuren et 

al., 2007). Prior to conducting MI, the pattern of missingness was examined. This is 

displayed in Figure D.1 below. This pattern shows that one case (one census tract) is 

missing data for both Gini index and median income and that the missing data follows a 

monotone pattern (Van Buuren et al., 2007).   
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Figure D.1. Missing data pattern for ACS Variables used in Chapter 3. 

 
In order to investigate which other ACS variables included in the chapter 3 

analysis were associated with missingness for the median income variable, a binary 

variable was created where 1 indicated that case was missing data for the median income 

variable and 0 indicated that case was not missing data for the median income variable. 

Unadjusted logistic regression models were done where the exposure variable was every 

other ACS variable included in the analysis and the outcome variable was this binary 

variable. 

Results of these models indicated that the proportion white (OR= 0.20, p<0.01) 

and proportion black (OR= 4.05, p<0.01) were associated with missingness for the 

median income variable. Block groups with a larger proportion black and smaller 

proportion white population were more likely to be missing median income data. Other 

variables including the proportion of the population in other race groups, the proportion 

Hispanic popualtion, population density, and median age variables were not significantly 

associated with missingness in the median income variable (p>0.05). These models could 
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not be used to determine whether any ACS variables predicted missingness for the Gini 

index variable because only one census tract was missing data for that variable. 

Next, all ACS variables that were available at the census block group level were 

included in one parsimonious linear model to examine how these variables were able to 

predict values for median income. These variables include proportion white, proportion 

black, proportion Hispanic, population density, and median age (proportion other race 

was excluded because it acted like a dummy variable with the proportion white and 

proportion black variable). Results of this model found an R2 value of 0.41, indicating 

that the inclusion of these variables in a linear model were able to predict 41% of the 

variance in the median income variable. 

MI for the missing median income and Gini index variables were done using the 

proportion white, proportion black, proportion other race, proportion Hispanic, 

population density, and median age variables that were explored above. These include all 

ACS variables that were included in the chapter 3 analysis and were available at the 

census block group level. MI was done to impute a total of 5 datasets. Diagnostic plots 

were used to investigate whether the MI results were plausible and the convergence was 

successful. Results of the density plot (Figure D.2) demonstrate that the imputed values 

following similar patterns to the observed data and the results of the imputed variable are 

plausible. In addition, the convergence plot (Figure D.3) shows that each iteration had 

similar levels of variation and the convergence of was successful. 
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Figure D. 2. Density plot of median income variables from each imputed data 

 set (blue values are observed values, red values are imputed datasets).  

 

 

Figure D.3. Convergence plots for median income and Gini index imputation.  

 
 

Chapter 5 Missing Data Analysis 

In chapter 5, data used for the analysis included reportable disease data, locations 

of combined sewer overfows, weather data, and data from the ACS 2017 5-year 

Median Income 
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estimates. All data sources were complete, aside from the ACS data which were missing 

for the median age variable at the Zip Code Tabulation Area (ZCTA)-level. Among all 

residential ZCTAs in Pennsylvania, median age was missing for n=14, or 7% of ZCTAs. 

As in chapter 3, multiplie imputation (MI) was done using the Multivariate 

Imputation by Chained Equations or “mice” package in R to account for this missing data 

in the analysis (Van Buuren et al., 2007). The dataset used for MI includes each ACS 

variable included in the analysis, as well as variables for the proportion of the population 

under 5, the proportion of the population under 18, and the proportion of the population 

aged 65 and over per ZCTA. These additional variables were selected for the imputation 

because they are expected to be predictive of median age. They were also considered as 

potential covariates in the model developed in chapter 5. Prior to conducting MI, the 

pattern of missingness was examined as displayed in Figure D.4 below. This pattern 

shows that missing data is univariate (only missing for the median age variable).  

 

 

 

Figure D.4 Missing data pattern for ACS Variables used in Chapter 5. 

 
In order to investigate which ACS variables were able to predict missingness in 

the median age variable, a binary variable was created where 1 indicated that case was 

missing data for the median age variable and 0 indicated that case was not missing data 
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for the median age variable, as above. Unadjusted logistic regression models were then 

done where the exposure variable was every other ACS variable included in the analysis, 

as well as for proportion under 5, proportion under 18, and proportion aged 65 and over, 

and the outcome variable was this binary variable. 

Results of these models indicated that the total population (OR=0.93, p<0.01), 

proportion white (OR= 0.94, p<0.01), proportion Hispanic (OR= 0.94, p<0.01), 

proportion in poverty (OR=0.90, p<0.01), proportion male (OR=0.02, p<0.01), 

proportion under 5 (OR= 4.75x10-16, p<0.01), proportion under 18 (OR= 2.51x10-13, 

p<0.01), and proportion 65 years of age or older (OR= 0.92, p<0.01) variables were 

associated with missingness for the median age variable. Other variables including the 

proportion black and proportion in other race groups were not significantly associated 

with whether a ZCTA was missing data for the median age variable (p>0.05). 

Next, all ACS variables included in the chapter 5 analysis, including the total 

population, proportion white, proportion black, proportion Hispanic, proportion in 

poverty, proportion male, proportion under 5, proportion under 18, and proportion aged 

65 and over variables were included in one parsimonious linear model to examine how 

these variables were able to predict values for median age (as above, the proportion other 

race was excluded because it acted like a dummy variable with the proportion white and 

proportion black variable). Results of this model found an R2 value of 0.70, indicating 

that the inclusion of these variables in a linear model were able to predict 70% of the 

variance in the median age variable. 
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Finally, MI was done using the variables investigated above in order to impute 

missing values for median age variable. Diagnostic plots were examined to determine 

whether the results of the imputation were plausible and the convergence was successful. 

Results of the density plot (Figure D.5) demonstrate that the median age values imputed 

by each model were similar to each other and followed similar pattern to the observed 

data. Results of the convergence plots (Figure D.6) indicate that each iteration had similar 

levels of variation and the convergence was successful.  

 
Figure D. 5. Density plot of median age variable from each imputed data set 

 (blue values are observed values, red values are imputed datasets). 

Median Age 
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Figure D. 6. Convergence plots for median age imputation.  
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APPENDIX E 
 

MAP OF STUDY SITES

 
Figure E.1 Map of study sites, locations of combined sewer overflows, and number of 
surveys completed per zip code in Philadelphia. 
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APPENDIX F 
 

PHOTOGRAPHS OF RECREATIONAL EXPOSURES 

 
Figure F.1. & F.2. Swimming Exposures at the Tacony Creek site.  

 

Figures F.3. & F.4. Wading Exposures at the Tacony Creek site. 
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Figure F.5. Fishing Exposure at the Delaware River site. 

 

Figure F.6. Fishing and Swimming Exposures at the Tacony Creek site. 
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APPENDIX G  
 

DISTRIBUTION FITTING PROCEDURES 
 

HF183 concentrations (in gc/mL) were fit to probability distributions separately 

for each site and under CSO-impacted and non-impacted conditions. Using the 

fitdistrplus package in R, several distributions were explored including gamma, Weibull, 

lognormal, log10-normal, and the normal distribution. Distributions were fit using 

maximum likelihood estimation (MLE) (except in the case of the gamma distribution 

which did not converge using MLE and was instead fit using moment matching). For 

both the lognormal and log10-normal distributions, data were log-transformed or log10-

transformed and then fit to a normal distribution. Distribution parameters and fit statistics 

(Akaike's Information Criterion (AIC) values) for each distribution type are included in 

Table G.1 below. In all cases the distribution with the lowest AIC value (indicating best 

fit) was the log10-normal distribution. 
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Table G.1 
Probability distributions fit to the concentration of HF183 (gc/mL) in samples. 
Site CSO 

conditions 
Gamma Weibull Lognormal Log10-

normal 
Normal 

Cobbs 
Creek 

CSO-
impacted 

α=2.054 
β=0.000798 
AIC=181.788 

α= 1.293 
β= 2767.272 
AIC=180.218 

Mean=7.439 
SD=1.096 
AIC=34.203 

Mean=3.231 
SD=0.476 
AIC=17.523 

Mean=2574.105 
SD=1795.972 
AIC=182.245 

Non-
impacted 

α=0.361 
β=0.000326 
AIC=230.413 

α=0.766215 
β=915.307281 
AIC=225.9719 

Mean=6.142 
SD=1.424 
AIC=53.625 

Mean=2.667 
SD=0.6183 
AIC=30.273 

Mean=1105.558 
SD=1840.625 
AIC=254.230 

Tacony 
Creek 

CSO-
impacted 

α=0.989 
β=0.000143 
AIC=181.184 

α=1.082 
β=7154.339 
AIC=181.064 

Mean=8.385 
SD=0.983 
AIC= 
29.241 

Mean=3.641 
SD=0.427 
AIC=14.228 

Mean=6919.737 
SD=6959.054 
AIC=188.801 

Non-
impacted 

α=1.122 
β=0.00107 
AIC=179.337 

α=0.931 
β=1015.967 
AIC=178.926 

Mean=6.283 
SD=1.328 
AIC=41.450 

Mean=2.732 
SD=0.577 
AIC=23.101 

Mean=1048.508 
SD=990.059 
AIC=186.968 

Delaware 
River 

CSO-
impacted 

α=0.784 
β=0.000356 
AIC=142.987 

α=0.870 
β=2044.986 
AIC=142.880 

Mean=6.988 
SD=1.320 
AIC=31.142 

Mean=3.035 
SD=0.573 
AIC=17.798 

Mean=2202.760 
SD=2487.115 
AIC=151.805 

Non-
impacted 

α=0.429 
β=0.000482 
AIC=266.743 

α=0.701 
β=679.262 
AIC=264.212 

Mean=5.774 
SD=1.485 
AIC=65.692 

Mean=2.508 
SD=0.645 
AIC=37.336 

Mean=889.343 
SD=1358.537 
AIC=297.526 

 

Data on the number of individuals engaging in each observed activity per day at 

each site were fit to probability distributions in @RISK. Discrete distributions were 

explored including geometric, negative binomial, discrete uniform, and Poisson 

distributions. Distributions were fit separately for each activity observed at each site. 

Distribution parameters and fit statistics (Akaike's Information Criterion (AIC) values) 

for each distribution type are included in Table G.2 below. In all cases the distribution 

with the lowest AIC value (indicating best fit) was the geometric distribution. 
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Table G.2 
Probability distributions fit to the number of individuals engaging in observed 
recreation behaviors per site per day. 
Site Exposure 

Type 
Geometric Negative 

Binomial 
Discrete 
Uniform 

Poisson 

Cobbs 
Creek 

Wading/ 
Playing 

p=0.213 
AIC=80.037 

s=1 
p=0.213 
AIC=82.674 

min=0 
max=21 
AIC=103.836 

λ=3.679 
AIC=181.947 

Fishing p=0.714 
AIC=27.435 

s=1 
p=0.714 
AIC=30.127 

min=0 
max=6 
AIC=63.377 

λ=0.400 
AIC=38.462 

Tacony 
Creek 

Swimming p=0.0837 
AIC=146.602 

s=1 
p=0.0837 
AIC=149.058 

min=0 
max=88 
AIC=193.189 

λ=10.952 
AIC=653.907 

Wading/ 
Playing 

p=0.0955 
AIC=140.801 

s=1 
p=0.0955 
AIC=143.258 

min=0 
max=62 
AIC=178.678 

λ=9.476 
AIC=465.879 

Fishing p=0.840 
AIC=24.194 

s=1 
p=0.840 
AIC=26.650 

min=0 
max=4 
AIC=29.832 

λ=0.190 
AIC=72.263 

Delaware 
River 

Wading/ 
Playing 

p=0.282 
AIC=103.359 

s=1 
p=0.282 
AIC=105.749 

min=0 
max=16 
AIC=140.566 

λ=2.542 
AIC=223.232 

Fishing p=0.109 
AIC=153.810 

s=1 
p=0.109 
AIC=156.200 

min=0 
max=40 
AIC=182.823 

λ=8.17 
AIC=458.502 

 
Data on the duration of each activity per exposure (data combined across sites) 

were fit to probability distributions in @RISK. Continuous distributions were explored 

including the triangular, exponential, uniform, and normal distributions. Distribution 

parameters and fit statistics (Akaike's Information Criterion (AIC) values) for each 

distribution type are included in Table G.3 below. For swimming and wading exposures 

the best fit distribution was the exponential distribution, for fishing exposures the best fit 

distribution was the uniform distribution. 
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Table G.3.  
Probability distributions fit to the duration per exposure for each observed recreation 
behavior, data combined across all three sites. 
Exposure 
Activity 

Triangular Exponential Uniform Normal 

Swimming min=30 
mode=30 
max=201.60 
AIC=89.189 

r=35.625 
AIC=81.569 

min=8.571 
max=201.430 
AIC=90.591 

mean=65.625 
SD=50.670 
AIC=90.908 

Wading/ 
playing 

min=10 
mode=10 
max=202.46 
AIC=90.182 

r=30.625 
AIC=79.149 

min=-14.286 
max=204.290 
AIC=92.594 

mean=40.625 
SD=56.974 
AIC=92.784 

Fishing min=10 
mode=120 
max=120 
AIC=79.583 

r=55.714 
AIC=79.283 

min=3.333 
max=136.670 
AIC=75.500 

mean=48.867 
SD=36.565 
AIC=76.208 
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APPENDIX H 
 

SENSITIVITY ANALYSES RESULTS FOR QMRA MODELS 
 

Table H.1 
Summary of the top three inputs impacting the risk estimates from the Cobbs Creek 
site. 

Condition Pathogen 
Top three inputs impacting the risk 
estimates 

Spearman 
Rank 
Correlation 

Wading 
CSO-impacted E. coli O157:H7 Concentration of E. coli in sewage 0.758 

Volume of water ingested per 1 
hour of wading 

0.406 

HF183 concentration in sewage -0.3011 
Salmonella Volume of water ingested per 1 

hour of wading 
0.544 

HF183 concentration in sewage 0.543 
HF183 concentration in sample -0.398 

norovirus  
(model 1) 

Volume of water ingested per 1 
hour of wading 

0.585 

HF183 concentration in sewage 0.465 
HF183 concentration in sample -0.349 

norovirus  
(model 2) 

Volume of water ingested per 1 
hour of wading 

0.614 

HF183 concentration in sewage 0.496 
HF183 concentration in sample -0.357 

Giardia Concentration of Giardia in sewage 0.648 
Volume of water ingested per 1 
hour of wading 

0.484 

HF183 concentration in sewage -0.367 
Cryptosporidium Concentration of Cryptosporidium 

in sewage 
0.603 

Volume of water ingested per 1 
hour of wading 

0.513 

HF183 concentration in sewage -0.374 
non-impacted E. coli O157:H7 Concentration of E. coli in sewage 0.741 

Volume of water ingested per 1 
hour of wading 

0.403 

HF183 concentration in sample 0.329 
Salmonella Volume of water ingested per 1 

hour of wading 
 

0.521 
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Table H.1 (continued) 

Condition Pathogen 
Top three inputs impacting the risk 
estimates 

Spearman 
Rank 
Correlation 

non-impacted Salmonella Concentration of Salmonella in 
sewage 

0.520 

HF183 concentration in sample 0.426 
norovirus  
(model 1) 

Volume of water ingested per 1 
hour of wading  

0.461 

HF183 concentration in sewage -0.339 
HF183 concentration in sample 0.395 

norovirus  
(model 2) 

Volume of water ingested per 1 
hour of wading 

0.475 

HF183 concentration in sample 0.405 
HF183 concentration in sewage -0.348 

Giardia Concentration of Giardia in sewage 0.625 
Volume of water ingested per 1 
hour of wading 

0.466 

HF183 concentration in sample 0.391 
Cryptosporidium Concentration of Cryptosporidium 

in sewage 
0.579 

Volume of water ingested per 1 
hour of wading  

0.493 

HF183 concentration in sample 0.401 
Fishing 

CSO-impacted E. coli O157:H7 Concentration of E. coli in sewage 0.795 
HF183 concentration in sewage -0.292 
HF183 concentration in sample 0.272 

Salmonella Concentration of Salmonella in 
sewage 

0.601 

HF183 concentration in sewage -0.427 
HF183 concentration in sample 0.376 

norovirus  
(model 1) 

HF183 concentration in sewage -0.346 
HF183 concentration in sample 0.339 
Risk of illness given infection 0.277 

norovirus  
(model 2) 

HF183 concentration in sewage 0.689 
HF183 concentration in sample -0.363 
Volume ingested per 1 hour of 
fishing 

0.320 

Giardia Concentration of Giardia in sewage 0.697 
HF183 concentration in sewage -0.389 
HF183 concentration in sample 
 

0.333 
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Table H.1 (continued) 

Condition Pathogen 
Top three inputs impacting the risk 
estimates 

Spearman 
Rank 
Correlation 

CSO-impacted Cryptosporidium Concentration of Cryptosporidium 
in sewage 

0.650 

HF183 concentration in sewage -0.402 
HF183 concentration in sample 
 

0.342 

non-impacted E. coli O157:H7 Concentration of E. coli in sewage 0.775 
HF183 concentration in sample 0.348 
HF183 concentration in sewage -0.323 

Salmonella Concentration of Salmonella in 
sewage 

0.570 

HF183 concentration in sample 0.465 
HF183 concentration in sewage -0.406 

norovirus  
(model 1) 

HF183 concentration in sample 0.636 
HF183 concentration in sewage 0.424 
Volume of water ingested per 1 
hour of fishing 

0.258 

norovirus  
(model 2) 

HF183 concentration in sample 0.437 
HF183 concentration in sewage -0.368 
Volume of water ingested per 1 
hour of fishing 

0.286 

Giardia Concentration of Giardia in sewage 0.668 
HF183 concentration in sample 0.416 
HF183 concentration in sewage -0.375 

Cryptosporidium Concentration of Cryptosporidium 
in sewage 

0.619 

HF183 concentration in sample 0.429 
HF183 concentration in sewage -0.385 
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Table H.2 
Summary of the top three inputs impacting the risk estimates from the Tacony Creek 
site. 

Condition Pathogen 
Top three inputs impacting the risk 
estimates 

Spearman 
Rank 
Correlation 

Swimming 
CSO-impacted E. coli O157:H7 Concentration of E. coli in sewage 0.812 

Volume of water ingested per 1 
hour of swimming 

0.350 

HF183 concentration in sewage -0.329 
Salmonella Concentration of Salmonella in 

sewage 
0.617 

HF183 concentration in sewage  -0.459 
Volume of water ingested per 1 
hour of swimming 

0.449 

norovirus  
(model 1) 

Risk of illness given infection 0.614 
HF183 concentration in sewage -0.315 
Volume of water ingested per 1 
hour of swimming 

0.2790 

norovirus  
(model 2) 

HF183 concentration in sewage -0.426 
Volume of water ingested per 1 
hour of swimming 

0.417 

HF183 concentration in sample 0.300 
Giardia Concentration of Giardia in sewage 0.703 

Volume of water ingested per 1 
hour of swimming 

0.392 

HF183 concentration in sewage -0.388 
Cryptosporidium Concentration of Cryptosporidium 

in sewage 
0.671 

HF183 concentration in sewage -0.442 
Volume of water ingested per 1 
hour of swimming 

0.400 

non-impacted E. coli O157:H7 E. coli concentration in sewage  0.796 
Volume of water ingested per 1 
hour of swimming  

0.371 

HF183 concentration in sample 0.365 
Salmonella Salmonella concentration in sewage  0.580 

HF183 concentration in sample  0.441 
HF183 concentration in sewage -0.438 

norovirus  
(model 1) 

HF183 concentration in sample 0.383 
Risk of illness given infection  0.370 
HF183 concentration in sewage -0.330 
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Table H.2 (continued) 

Condition Pathogen 
Top three inputs impacting the risk 
estimates 

Spearman 
Rank 
Correlation 

non-impacted norovirus  
(model 2) 

HF183 concentration in sample 0.427 
Volume of water ingested per 1 
hour of swimming  

0.365 

HF183 concentration in sewage -0.359 
Giardia Giardia concentration in sewage  0.669 

HF183 concentration in sample 0.403 
Volume of water ingested per 1 
hour of swimming  

0.376 

Cryptosporidium Cryptosporidium concentration in 
sewage 

0.6373 

HF183 concentration in sewage  -0.425 
HF183 concentration in sample 0.419 

Wading 
CSO-impacted E. coli O157:H7 Concentration of E. coli in sewage 0.742 

Volume of water ingested per 1 
hour of wading 

0.423 

HF183 concentration in sewage -0.306 
Salmonella Volume of water ingested per 1 

hour of wading  
0.564 

Concentration of Salmonella in 
sewage 

0.543 

HF183 concentration in sewage -0.408 
norovirus 
(model 1) 

 Volume of water ingested per 1 
hour of wading 

0.406 

Risk of illness given infection 0.368 
HF183 concentration in sewage -0.345 

norovirus  
(model 2) 

Volume of water ingested per 1 
hour of wading 

0.480 

HF183 concentration in sewage -0.380 
Wading duration 0.304 

Giardia Giardia concentration in sewage 0.635 
Volume of water ingested per 1 
hour of wading 

0.514 

HF183 concentration in sewage -0.354 
Cryptosporidium Cryptosporidium concentration in 

sewage 
0.609 

Volume of water ingested per 1 
hour of wading 

0.524 

HF183 concentration in sewage -0.400 
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Table H.2 (continued) 

Condition Pathogen 
Top three inputs impacting the risk 
estimates 

Spearman 
Rank 
Correlation 

non-impacted E. coli O157:H7 E. coli concentration in sewage 0.728 
Volume of water ingested per 1 
hour of wading 

0.412 

HF183 concentration in sample 0.335 
Salmonella Volume of water ingested per 1 

hour of wading  
0.538 

Salmonella concentration in sewage 0.516 
HF183 concentration in sample 0.397 

norovirus  
(model 1) 

Volume of water ingested per 1 
hour of wading 

0.456 

HF183 concentration in sample 0.381 
HF183 concentration in sewage -0.340 

norovirus  
(model 2) 

Volume of water ingested per 1 
hour of wading 

0.468 

HF183 concentration in sample 0.393 
HF183 concentration in sewage -0.347 

Giardia Giardia concentration in sewage 0.609 
Volume of water ingested per 1 
hour of wading 

0.494 

HF183 concentration in sample 0.372 
Cryptosporidium Cryptosporidium concentration in 

sewage 
0.585 

Volume of water ingested per 1 
hour of wading 

0.502 

HF183 concentration in sewage -0.388 
Fishing 

CSO-impacted E. coli O157:H7 E. coli concentration in sewage 0.789 
HF183 concentration in sewage -0.317 
Volume of water ingested per 1 hour 
of fishing 

0.283 

Salmonella Salmonella concentration in sewage 0.603 
HF183 concentration in sewage -0.451 
Volume of water ingested per 1 hour 
of fishing 

0.384 

norovirus  
(model 1) 

Risk of illness given infection 0.442 
Volume of water ingested per 1 hour 
of fishing 

0.326 

HF183 concentration in sewage -0.304 
norovirus  
(model 2) 

HF183 concentration in sewage -0.397 
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Table H.2 (continued) 

Condition Pathogen 
Top three inputs impacting the risk 
estimates 

Spearman 
Rank 
Correlation 

CSO-impacted norovirus  
(model 2) 

Volume of water ingested per 1 
hour of fishing 

0.375 

HF183 concentration in sample 0.253 
Giardia Giardia concentration in sewage 0.689 

HF183 concentration in sewage -0.386 
Volume of water ingested per 1 
hour of fishing 

0.350 

Cryptosporidium Cryptosporidium concentration in 
sewage 

0.655 

HF183 concentration in sewage -0.435 
Volume of water ingested per 1 
hour of fishing 

0.355 

non-impacted E. coli O157:H7 E. coli concentration in sewage 0.760 
HF183 concentration in sample 0.348 
Volume of water ingested per 1 
hour of fishing 

0.302 

Salmonella Salmonella concentration in sewage 0.568 
HF183 concentration in sewage -0.431 
HF183 concentration in sample 0.421 

norovirus  
(model 1) 

Volume of water ingested per 1 
hour of fishing 

0.374 

HF183 concentration in sample 0.372 
HF183 concentration in sewage -0.320 

norovirus  
(model 2) 

Volume of water ingested per 1 
hour of fishing 

0.394 

HF183 concentration in sample 0.388 
HF183 concentration in sewage -0.334 

Giardia Giardia concentration in sewage 0.657 
HF183 concentration in sample 0.381 
HF183 concentration in sewage -0.374 

Cryptosporidium Cryptosporidium concentration in 
sewage 

0.624 

HF183 concentration in sewage -0.419 
HF183 concentration in sample 0.399 
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Table H.3 
Summary of the top three inputs impacting the risk estimates from the Delaware River 
site. 

Condition Pathogen 
Top three inputs impacting the risk 
estimates 

Spearman 
Rank 
Correlation 

Wading 
CSO-
impacted 

E. coli O157:H7 Concentration of E. coli in sewage 0.755 
Volume of water ingested per 1 hour of 
wading 

0.459 

HF183 concentration in sewage -0.305 
Salmonella Volume of water ingested per 1 hour of 

wading  
0.529 

Concentration of Salmonella in sewage 0.528 
HF183 concentration in sample 0.399 

norovirus  
(model 1) 

Volume of water ingested per 1 hour of 
wading 

0.473 

HF183 concentration in sample 0.370 
HF183 concentration in sewage -0.347 

norovirus  
(model 2) 

Volume of water ingested per 1 hour of 
wading 

0.492 

HF183 concentration in sample 0.380 
HF183 concentration in sewage -0.363 

Giardia Giardia concentration in sewage 0.633 
Volume of water ingested per 1 hour of 
wading 

0.472 

HF183 concentration in sample 0.366 
Cryptosporidium Cryptosporidium concentration in 

sewage 
0.587 

Volume of water ingested per 1 hour of 
wading 

0.500 

HF183 concentration in sample 0.375 
non-
impacted 

E. coli O157:H7 E. coli concentration in sewage 0.727 
Volume of water ingested per 1 hour of 
wading  

0.441 

HF183 concentration in sample 0.340 
Salmonella Volume of water ingested per 1 hour of 

wading  
0.516 

Salmonella concentration in sewage  0.515 
HF183 concentration in samples 0.441 

norovirus  
(model 1) 

Volume of water ingested per 1 hour of 
wading 

0.471 

HF183 concentration in sample 0.442 
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Table H.3 

Condition Pathogen 
Top three inputs impacting the risk 
estimates 

Spearman 
Rank 
Correlation 

non-
impacted 

norovirus  
(model 1) 

HF183 concentration in sewage -0.363 

norovirus  
(model 2) 

Volume of water ingested per 1 hour of 
wading 

0.479 

HF183 concentration in sample 0.449 
HF183 concentration in sewage -0.368 

Giardia Giardia concentration in sewage 0.620 
Volume of water ingested per 1 hour of 
wading  

0.462 

HF183 concentration in sample 0.406 
Cryptosporidium Cryptosporidium concentration in 

sewage 
0.574 

Volume of water ingested per 1 hour of 
wading  

0.489 

HF183 concentration in sample 0.416 
Fishing 

CSO-
impacted 

E. coli O157:H7 E. coli concentration in sewage 0.773 
HF183 concentration in sewage -0.327 
HF183 concentration in sample 0.315 

Salmonella Salmonella concentration in sewage 0.580 
HF183 concentration in sample 0.438 
HF183 concentration in sewage -0.413 

norovirus  
(model 1) 

HF183 concentration in sample 0.370 
HF183 concentration in sewage -0.360 
Volume of water ingested per 1 hour of 
fishing 

0.259 

norovirus  
(model 2) 

HF183 concentration in sample 0.403 
HF183 concentration in sewage -0.387 
Volume of water ingested per 1 hour of 
fishing 

0.301 

Giardia Giardia concentration in sewage 0.678 
HF183 concentration in sample 0.390 
HF183 concentration in sewage -0.380 

Cryptosporidium Cryptosporidium concentration in 
sewage 

0.630 

HF183 concentration in sample 0.402 
HF183 concentration in sewage 
 
 

-0.391 
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Table H.3 (continued) 

Condition Pathogen 
Top three inputs impacting the risk 
estimates 

Spearman 
Rank 
Correlation 

non-
impacted 

E. coli O157:H7 E. coli concentration in sewage 0.750 
HF183 concentration in sample 0.359 
HF183 concentration in sewage -0.339 

Salmonella Salmonella concentration in sewage 0.564 
HF183 concentration in sample 0.481 
HF183 concentration in sewage -0.402 

norovirus  
(model 1) 

HF183 concentration in sample 0.457 
HF183 concentration in sewage -0.379 
Volume ingested per 1 hour of fishing 0.275 

norovirus  
(model 2) 

HF183 concentration in sample 0.471 
HF183 concentration in sewage -0.382 
Volume ingested per 1 hour of fishing 0.292 

Giardia Giardia concentration in sewage 0.663 
HF183 concentration in sample 0.430 
HF183 concentration in sewage -0.372 

Cryptosporidium Cryptosporidium concentration in 
sewage 

0.613 

HF183 concentration in sample 0.445 
HF183 concentration in sewage -0.382 

 

 


