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Abstract 

Background: Clostridioides difficile infection (CDI) is classified as an urgent threat to public 

health and has been increasing in incidence and severity. CDI is commonly considered hospital-

acquired; however, rates of community-associated CDI (CA-CDI) have been increasing and now 

make up more than 50% of cases reported. Risk factors for CA-CDI exposure are poorly 

understood and inadequately studied. This study uses regression to evaluate if community 

characteristics are associated with CA-CDI incidence at the census tract level in New Haven 

County. The goal is to determine if where someone lives in proximity to these potential risk 

factors may contribute to their risk of community-associated C. difficile infection. 

Methods: Potential risk factors were included as census tract level covariates in a negative 

binomial regression model. The model was fit to CA-CDI incident case data, obtained from the 

existing ongoing surveillance database of laboratory-confirmed CDI cases in New Haven 

County. Stepwise model selection by Akaike Information Criterion (AIC) was used to evaluate 

which covariates best predicted CA-CDI case counts. 

Results:  Older age and female sex were the only significant risk factors for CA-CDI. Number of 

hospitals, nursing facilities, livestock farms, and sewage treatment facilities per census tract, as 

well as crowding and urban/rural census tract indicators were not found to be significant risk 

factors for CA-CDI. 

Conclusion: The findings suggest that where someone lives may not be a good predictor of risk 

of community-associated C. difficile infection. Age and sex were the only significant risk factors. 

Further studies focused more on individual behaviors and contact with environmental and human 

sources are needed to continue research on potential unknown risk factors for CA-CDI. 
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Introduction 

 Clostridioides difficile infection (CDI) is classified as an urgent threat to public health [1] 

and has been increasing in incidence and severity [2]. C. difficile is commonly considered a 

hospital-acquired infection [2,3]; however, rates of community-associated C. difficile infection 

have been increasing and now make up more than 50% of cases reported [1,4]. CDI is divided 

into 3 categories based on onset location and timing of infection: healthcare facility-onset 

(HCFO), community-onset healthcare facility-associated (CO-HCFA), and community-

associated (CA) [5]. CA-CDI is more commonly found in younger populations considered to be 

of low risk and lacking the traditional CDI risk factors, such as antibiotic exposure [2,3]. 

 Risk factors for CA-CDI exposure are poorly understood and inadequately studied. Much 

of the current research focuses on hospital-associated C. difficile infections (HCFO and CO-

HCFA). These studies point to traditional and known CDI risk factors, including antibiotic 

exposure, hospitalization, proton pump inhibitors, underlying disease, and older age (>65 years) 

[2,3]. Yet, most of the community-associated cases lack these risk factors [1,2]. With limited 

research on community reservoirs of C. difficile, the exposure pathway for CA-CDI has been in 

question. Most studies agree the pathogen is transmitted person-to-person via the fecal-oral route 

[2,3,4] but also debate the potential for foodborne [2,4], waterborne [4], and zoonotic 

transmission [2,3]. The environment-to-person route of transmission has also been considered as 

a result of increasing CA-CDI incidence, despite implementation of infection control measures 

[2]. All the studies examined have reasonings as to why these routes can and cannot be plausible. 

 In addition to the traditional CDI risk factors, studies have also tried to identify novel risk 

factors for CA-CDI specifically. Anderson et al. (2017) found independent associations between 

CA-CDI and proximity to livestock farms, proximity to farming raw materials, and proximity to 
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nursing homes. Livestock farms are commonly studied as a risk factor due to modern farming 

practices, particularly related to antibiotic use and the potential for pigs and cattle to serve as C. 

difficile reservoirs [1,4]. Nursing homes, due to high concentrations of highly susceptible elderly 

populations, are well acknowledged as places with high risk of CDI [1,4]. Primary care hospitals 

are also places with high risk of CDI due to high concentrations of susceptible individuals and 

high rates of antibiotic and proton-pump inhibitor use. Infected individuals admitted to or 

residing in either location would be considered hospital-associated cases; however, they are 

capable of shedding spores into the environment. Individuals who come in contact with these 

healthcare facilities and become infected, but are neither residents nor were admitted, are 

considered community-associated cases and are also capable of shedding spores [5]. Large 

amounts of spores shed into the soil or water may infect individuals in the nearby community, 

resulting in community-associated infection. Asymptomatically colonized individuals are 

another source of C. difficile spores being shed into the environment but they are doing so 

unknowingly and without treatment [3]. Gupta and Khanna (2014) found that environmental 

sources, such as food, water, wild animals, and pets, may play an important role in community-

associated infection. Spores have been recovered from municipal water samples in households, 

suggesting that C. difficile endospores can survive drinking water treatment [4]. They can also be 

found in natural waterways, especially rivers and recreational lakes, due to runoff from 

wastewater treatment facilities [1].  

 With limited studies being done on community-associated infections, the only known risk 

factors for CDI are healthcare related (prior hospitalization, antibiotic use, and proton pump 

inhibitors) as well as comorbidities and older age. There has yet to be an environmental factor 

that is shown to contribute significantly enough to CA-CDI to be considered a known risk factor. 
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Many potential risk factors have been considered but studies have not agreed on the significance 

of the risk factor results. With rates of CA-CDI increasing [1,2,3] and surpassing hospital-

associated in percentage of CDI cases [1,2,4], additional studies are needed to contribute to the 

understanding of community reservoirs and transmission of C. difficile [1,3]. This ecological 

study uses regression to evaluate community characteristics associated with CA-CDI incidence 

at the census tract level in New Haven County, Connecticut. Potential risk factors include 

hospitals, nursing facilities, sewage treatment facilities, livestock farms, crowding, and 

urban/rural census tract designations. These risk factors were chosen based on results of previous 

studies and to examine population-based measures that may lead to higher person-to-person 

transmission. The goal is to determine if where someone lives in proximity to these potential risk 

factors may contribute to their risk of community-associated C. difficile infection. 

 

Methods 

Community-Associated C. difficile Infection Case Data 

 The community-associated C. difficile infection (CA-CDI) incident case data came from 

the existing ongoing surveillance database of laboratory-confirmed CDI cases in New Haven 

County, Connecticut. C. difficile is a laboratory-reportable finding in Connecticut [6] and 

became statewide reportable in 2016. Surveillance personnel at the Connecticut Emerging 

Infections Program perform active case finding from laboratory reports of stool specimens 

testing positive for C. difficile toxin or C. difficile toxin gene [5].  

 An incident case of CDI is defined as “a positive C. difficile toxin assay or a positive C. 

difficile molecular assay (e.g. PCR) on an incident stool specimen from a resident of [New 

Haven County, Connecticut] aged 1 year or older who did not have a positive C. difficile test in 
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the prior 8 weeks” [5]. Cases are then classified as healthcare facility-onset (HCFO) or 

community-onset (CO), depending on whether the positive specimen was collected greater than 

3 calendar days after admission to a hospital or from a nursing home, skilled nursing facility, or 

long-term acute care hospital resident, regardless of hospital admission (yes=HCFO; no=CO) 

[5]. Among CO cases, further classification as community-onset healthcare facility-associated 

(CO-HCFA) or community-associated (CA) depends on whether cases had an overnight stay at a 

healthcare facility (hospital, nursing home/skilled nursing facility, or long-term acute care 

hospital) in the 12 weeks prior to the positive specimen (yes=CO-HCFA; no=CA) [5]. Duplicate 

episodes are those cases with a positive stool specimen for C. difficile collected less than 2 weeks 

from the last positive specimen; these are not recorded as part of the case report form and are not 

counted as a new case [5]. Recurrent episodes are those cases with a positive stool specimen for 

C. difficile collected between 2-8 weeks of the last positive specimen; these are noted on the case 

report form but not considered a new case [5]. 

All CA-CDI incident cases receive a full chart review and are geocoded by surveillance 

staff at the Connecticut Emerging Infections Program. The full chart review process uses medical 

records to collect demographic data, clinical features, stool collection data, key exposure 

variables, comorbidities, outcomes, and treatment data for each case [5]. Geocoded cases are 

assigned to the corresponding census tract as a part of the deidentification process to send the 

data to CDC [5].  

The cases used in this study were all CA-CDI incident cases from 2016 through 2021. 

Cases were stratified by age (<45 years, 45-64 years, 65-74 years, and >75 years) and sex 

(female and male) and geocoded to the 2010 census tract level. Cases without valid geocoding 

results were removed from the dataset.  
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Census Tract and Population Data 

 To format the covariate data to be counts per census tract, a census tract shapefile was 

used to merge and sum the point data to the census tract level via the join attributes by location 

(summary) tool in QGIS3.14. The Connecticut Census Tract Boundaries shapefile was 

downloaded from CT Data (https://data.ct.gov/Local-Government/Connecticut-Census-Tract-

Boundaries/7hkn-hxwn) and subset to only New Haven County in QGIS3.14 by removing 

census tracts that did not have the county code “009” (FIPS code for New Haven County, CT), 

resulting in a total of 189 census tracts. 

 To convert ZIP code level data to the 2010 census tract level, the U.S. Census’ ZIP Code 

Tabulation Area (ZCTA) to Census Tract relationship file was used 

(https://www2.census.gov/geo/docs/maps-data/data/rel/zcta_tract_rel_10.txt). Rows with State 

Code “09” (FIPS code for Connecticut) and County Code “009” (FIPS code for New Haven 

County) were downloaded to a text file and converted to a CSV to be used for merging in R.  

 Population denominators used in incidence calculations came from Table S0101 (Age 

and Sex) of the 2019 American Community Survey (ACS) 5-Year Estimates 

(https://data.census.gov/table?q=S0101+|+AGE+AND+SEX&g=0500000US09009$1400000&ti

d=ACSST5Y2019.S0101&moe=false&tp=true). The 2019 5-Year ACS was used to stay 

consistent with the case count census tracts as it is the most recent dataset based in 2010 census 

tracts. Populations were summed in Microsoft Excel to get the number of male and number of 

female residents in each of the four age groups (<45 years, 45-64 years, 65-74 years, and >75 

years) per census tract. 

 

https://data.ct.gov/Local-Government/Connecticut-Census-Tract-Boundaries/7hkn-hxwn
https://data.ct.gov/Local-Government/Connecticut-Census-Tract-Boundaries/7hkn-hxwn
https://www2.census.gov/geo/docs/maps-data/data/rel/zcta_tract_rel_10.txt
https://data.census.gov/table?q=S0101+|+AGE+AND+SEX&g=0500000US09009$1400000&tid=ACSST5Y2019.S0101&moe=false&tp=true
https://data.census.gov/table?q=S0101+|+AGE+AND+SEX&g=0500000US09009$1400000&tid=ACSST5Y2019.S0101&moe=false&tp=true
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Potential Risk Factor Data 

 Potential risk factors examined in this study included hospitals, nursing facilities, sewage 

treatment facilities, and livestock (cattle + hog) farms as number per census tract. Additional 

covariates included household crowding and urban/rural designation at the census tract level.  

 Covariates with point data were geocoded through QGIS3.14 (MMQGIS, Web Service 

Geocode) using a Google API. Points were then summary joined with the census tract shapefile 

to obtain the number of points per census tract for each covariate.  

 All covariates were mapped in QGIS3.14 to allow for visual comparisons between CA-

CDI incidence (cumulative cases/10,000 population) and each potential risk factor. 

Hospitals and Nursing Facilities 

  “Hospitals” were defined as primary care hospitals. “Nursing facilities” included nursing 

homes, assisted living facilities, residential care facilities, hospice, and long-term care facilities. 

The lists of primary care hospitals and nursing facilities were obtained from lists kept by the 

Connecticut Emerging Infections Program. These lists were filtered down to include only 

hospitals and nursing facilities in New Haven County, Connecticut. Addresses were geocoded 

and aggregated to the census tract level as number of hospitals per census tract and number of 

nursing facilities per census tract, respectively. 

Sewage Treatment Facilities 

 The list of sewage treatment facilities came from the Connecticut GIS Open Data website 

(https://ct-deep-gis-open-data-website-ctdeep.hub.arcgis.com/datasets/CTDEEP::connected-

sewer-service-areas/explore?location=41.516162%2C-72.761769%2C9.82&showTable=true). 

Treatment facility names were pulled from the “Treatment Facility” column. A Google search 

for the EPA Municipal NPDES Permit for each facility was used to identify the facility’s 

https://ct-deep-gis-open-data-website-ctdeep.hub.arcgis.com/datasets/CTDEEP::connected-sewer-service-areas/explore?location=41.516162%2C-72.761769%2C9.82&showTable=true
https://ct-deep-gis-open-data-website-ctdeep.hub.arcgis.com/datasets/CTDEEP::connected-sewer-service-areas/explore?location=41.516162%2C-72.761769%2C9.82&showTable=true
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address. Addresses were verified with the official town website when this information was made 

available. Addresses were geocoded and aggregated to the census tract level as number of 

sewage treatment facilities per census tract. 

Livestock Farms 

 Number of livestock farms per census tract was defined as the number of cattle farms 

plus the number of hog farms per census tract. Lists of number of farms per ZIP code were 

pulled from the USDA (2017 annual data) as four datasets: “Cattle, Cows, Beef – Operations 

with Inventory” (https://quickstats.nass.usda.gov/results/CF6FC243-6E25-3D31-86A2-

8B74B0CF3DA2), “Cattle, Cows, Milk – Operations with Inventory” 

(https://quickstats.nass.usda.gov/results/37052167-E1AA-3DBE-8285-50DAC3BC4BA3), 

“Cattle, Incl Calves – Operations with Inventory” 

(https://quickstats.nass.usda.gov/results/26BC31BA-43E5-3400-82C4-09C8B42110F6), and 

“Hogs – Operations with Inventory” (https://quickstats.nass.usda.gov/results/5D52AAA0-9D88-

3CAC-90D6-9223495603DD), where “operations” was defined as “farms.” ZIP codes were 

initially used as this was the most granular geographic level available.  

 To convert ZIP code level data to the 2010 census tract level, the U.S. Census’ ZIP Code 

Tabulation Area (ZCTA) to Census Tract relationship file was used. Each operations file was 

merged to the relationship file separately, resulting in four datasets with counts at the census tract 

level and at the ZIP code level. 

 There were three cattle datasets available. Because each dataset gave the number of 

operations per ZIP code, there was no way of knowing if there was overlap in operations 

between files. Therefore, Poisson regression was performed for each cattle dataset against the 

CA-CDI case counts and Akaike Information Criterion (AIC) values were compared to evaluate 

https://quickstats.nass.usda.gov/results/CF6FC243-6E25-3D31-86A2-8B74B0CF3DA2
https://quickstats.nass.usda.gov/results/CF6FC243-6E25-3D31-86A2-8B74B0CF3DA2
https://quickstats.nass.usda.gov/results/37052167-E1AA-3DBE-8285-50DAC3BC4BA3
https://quickstats.nass.usda.gov/results/26BC31BA-43E5-3400-82C4-09C8B42110F6
https://quickstats.nass.usda.gov/results/5D52AAA0-9D88-3CAC-90D6-9223495603DD
https://quickstats.nass.usda.gov/results/5D52AAA0-9D88-3CAC-90D6-9223495603DD
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which had the best performance to be used in the model. The regression was performed using all 

census tracts in New Haven County and again, using only the census tracts that overlapped 

between the three files. Both analyses resulted in the beef operations being selected as optimal 

for use in the model. 

 The number of cattle farms, using the “Cattle, Cows, Beef – Operations with Inventory” 

dataset, and the number of hog farms, using the “Hogs – Operations with Inventory” dataset, 

were summed together to get the number of livestock farms per census tract. 

Crowding 

 Crowding was defined for each census tract as the percentage of occupants per room in a 

household. Data were obtained from Table B25014 (Tenure By Occupants Per Room) of the 

2019 American Community Survey (ACS) 5-Year Estimates 

(https://data.census.gov/table?q=occupants+per+room&t=Occupants+Per+Room&g=0500000U

S09009$1400000&d=ACS+5-

Year+Estimates+Detailed+Tables&tid=ACSDT5Y2019.B25014&moe=false&tp=true). The 

2019 ACS was used to stay consistent with the 2010 census tract-level population and case data. 

For each census tract, the number of occupied housing units, either owner or renter occupied, 

with 1.01 to 1.50, 1.51 to 2.00, and 2.01 or more occupants per room were summed and divided 

by the total number of occupied housing units to calculate percent of occupied housing units with 

more than one occupant per room. Crowding levels were defined by the calculated percentages 

as “Very low” (<0.9%), “Low” (0.9 to <2.5%), “Medium” (2.5 to <5%), and “High” (>5%). 

Urban/Rural 

 A rural census tract was defined as one in which the percentage of the total population 

found in rural areas of the census tract was greater than 50%. Data were obtained from Table P2 

https://data.census.gov/table?q=occupants+per+room&t=Occupants+Per+Room&g=0500000US09009$1400000&d=ACS+5-Year+Estimates+Detailed+Tables&tid=ACSDT5Y2019.B25014&moe=false&tp=true
https://data.census.gov/table?q=occupants+per+room&t=Occupants+Per+Room&g=0500000US09009$1400000&d=ACS+5-Year+Estimates+Detailed+Tables&tid=ACSDT5Y2019.B25014&moe=false&tp=true
https://data.census.gov/table?q=occupants+per+room&t=Occupants+Per+Room&g=0500000US09009$1400000&d=ACS+5-Year+Estimates+Detailed+Tables&tid=ACSDT5Y2019.B25014&moe=false&tp=true
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(Urban and Rural) of the 2010 Decennial Census 

(https://data.census.gov/table?q=Rural&g=0500000US09009$1400000&tid=DECENNIALSF12

010.P2). Percentages were calculated by taking the population in “Rural” and dividing it by the 

total population for each census tract. Census tracts with values > 50% were defined as “Rural” 

and the rest were designated as “Urban” (or “not rural”).  

 

Statistical Analysis 

 CA-CDI case counts were stratified by age and sex for each census tract (8 values per 

census tract). Chi-square tests and chi-square tests for trend were performed to evaluate if the 

proportion of cases differed significantly for females and males across age groups and if the 

proportion of cases changed significantly with increases in each potential risk factor. 

 All covariates were defined or calculated as counts per census tract for all census tracts in 

New Haven County, Connecticut. A Poisson regression model was initially fit to CA-CDI case 

counts (stratified by age and sex) at the census tract level but since there was evidence of 

overdispersion in the data, a negative binomial model was used instead. Univariate analyses 

(negative binomial model) were performed using stratified case counts1 as a function of each 

covariate to get a sense of the relationship between the two variables.  

 Stepwise model selection by Akaike Information Criterion (AIC) was used to evaluate 

which covariates best predicted CA-CDI incidence. The first model contained all covariates to 

get a sense of which may or may not be significant. Then, variables were added to a new model 

one at a time, beginning with age and then sex. Each environmental risk factor was then added to 

 
1 Case counts were stratified by age and sex, but age and sex variables were not included in the univariate models 

for the environmental risk factors. 

https://data.census.gov/table?q=Rural&g=0500000US09009$1400000&tid=DECENNIALSF12010.P2
https://data.census.gov/table?q=Rural&g=0500000US09009$1400000&tid=DECENNIALSF12010.P2
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the multivariate negative binomial model with age and sex2 to evaluate statistical significance 

(p<0.05) and determine which covariate should be added next. All regression analyses were 

performed using R version 4.2.2. 

 

Results 

 There were 2,655 CA-CDI cases detected in New Haven County from 2016 to 2021. 

After geocoding and removing cases without an assigned census tract, 2,622 cases (98.8%) 

remained in the dataset. Of these, 1,720 (65.6%) were female and 902 (34.4%) were male with 

similar distributions of cases within each sex across the four age groups (chi-square test, p=0.44) 

(Table 1a). The greatest proportion of cases was between 45-64 years old (31.4%) with cases 

ages 75 and older being the next highest age group (26.4%); 24.1% of cases were less than 45 

years old and 18.1% of cases were between 64-75 years old. Average annual incidence was 

calculated for females, males, and each age group (Table 1b). Incidence increased with age (chi-

square test for trend, p<0.001) and was higher for females than males (chi-square test, p<0.001). 

 

 
2 Age and sex variables were included in the multivariate model with the stratified case counts and environmental 

risk factor (risk factors were added and tested individually). 
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 For each of the potential risk factors, census tracts were grouped based on the number of 

risk factor in each census tract. Those risk factors with more than one per census tract were 

grouped to be three-level variables (none, small number, larger number). The number of cases 

and incidence were calculated for each of these groupings per risk factor (Table 2). Increasing 

numbers of nursing facilities (chi-square test for trend, p<0.001) and livestock farms (chi-square 

test for trend, p=0.002) were associated with increased incidence. The opposite was seen for 

crowding where increasing crowding was associated with decreased incidence (chi-square test 

for trend, p<0.001). There were no significant chi-square test results to suggest an association 

with increasing numbers of hospitals and treatment facilities or between urban and rural census 

tracts. 

Age and sex were the only variables that came out significant when put into the 

univariate model with CA-CDI incidence. When looking at the likelihood of females to be a 

community-associated C. difficile case, risk for females compared to males was 1.74 times as 
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high (p<0.001) (Table 3). Relative risks of CA-CDI increased with increasing age (p<0.001). 

Risk of CA-CDI for individuals 45-64 years of age and 65-74 years were 2.58 times as high and 

4.35 times as high, respectively, compared to individuals less than 45 years of age. Individuals 

75 years and older had a risk of CA-CDI 7.96 times as high when compared to individuals under 

45 years of age.  

 

 None of the environmental risk factors in the univariate models were statistically 

significantly associated with CA-CDI incidence. However, when looking at the point estimates, 
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individuals living in census tracts with more hospitals, nursing facilities, treatment facilities, or 

livestock farms had increased risk of CA-CDI compared to individuals living in census tracts 

with none of the respective risk factor (Table 3). Individuals living in more crowded households 

(medium and high crowding) had decreased risk of CA-CDI compared to those in households 

with very low levels of crowding. On the other hand, individuals in households with low levels 

of crowding had increased risk of CA-CDI compared to those in households with very low levels 

of crowding. Individuals living in rural areas had decreased CA-CDI risk compared to 

individuals living in urban areas. While there were suggestive associations between CA-CDI 

incidence and number of nursing facilities, number of livestock farms, and crowding from the 

chi-square tests for trend, the univariate models did not produce statistically significant results.  

 After adjusting for age and sex in the model, the environmental factors remained not 

significant (Table 3). Relative risks continued to increase with increasing age after adjusting for 

sex (p<0.001). Compared to individuals less than 45 years old, individuals 45-64 years old, 65-

74 years old, and 75 years or older had adjusted risks for CA-CDI 2.58, 4.30, and 7.75 times as 

high, respectively. After adjusting for age, risk in females compared to males was 1.60 times as 

high (p<0.001). 

Maps were created to visually look at clustering of cases (mapped as incidence) and 

potential risk factors to see if there were similar clustering patterns between incidence and each 

risk factor. However, these were not evaluated with any cluster detection tools or a spatial 

smoothing model. There appeared to be the most similar cluster patterns between CA-CDI 

incidence and percent population over 65 years of age (Appendices 1 and 3a). This was 

consistent with the model findings where increasing age was significantly associated with 

increased risk of CA-CDI. While the model also found female sex to be significantly associated 
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with increased risk of CA-CDI, there did not appear to be clustering patterns that obviously 

resembled those of CA-CDI incidence (Appendices 1 and 3b). Consistent with model findings, 

there did not appear to be obvious clustering of any of the environmental risk factors that were 

consistent with clustering of CA-CDI incidence (Appendices 1 and 2). 

 



 19 

Discussion 

 The findings suggest that where someone lives may not be a good predictor of 

community-associated C. difficile infection (CA-CDI) risk. The only significant risk factors were 

age and sex, with older age groups and females being more at risk for CA-CDI than younger age 

groups and males, respectively. Age is a known risk factor for C. difficile infection, in general 

[2,3], so it is not surprising that increased age was associated with increased risk of CA-CDI. 

Older individuals are more likely to come in contact with healthcare facilities and have more 

comorbid conditions than younger individuals [2,7]. Other studies have shown that community-

associated cases tend to be younger, on average, than hospital-associated cases; however, they 

also found that CA-CDI incidence increases with age, and the majority of cases occurred in 

patients 65 years of age or older [8].  

Increased risk of CA-CDI in females was consistent across previous studies [1,2,8]. Exposure 

may be related to care-seeking practices as women are more likely than men to seek medical 

attention and therefore, be exposed to antibiotics, a traditional risk factor for CDI [8]. Gupta and 

Khanna (2014) suggested that increased risk of CA-CDI in females may have been related to 

regular diaper changing of C. difficile infected-infants by mothers; however, they did not 

examine differences between CA-CDI and HA-CDI or within-age group contact practices. 

Contrarily, in this study, the chi-square test (p=0.44) indicated that there was a similarly higher 

percentage of female cases than male cases in all age groups. This suggested that females may 

have had similar exposure and/or susceptibility factors, regardless of age group.  

Living in the same census tract as increased numbers of hospitals, nursing facilities, sewage 

treatment facilities, or livestock (cattle and/or hog) farms did not have significant associations 

with increased CA-CDI incidence. Anderson et al. (2017) found a significant inverse relationship 
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between proximity to hospitals and increased rates of CA-CDI but offered no explanation as to 

why. While not significant, this study found the opposite effect, where census tracts with a 

hospital had higher incidence than those without. Anderson et al (2017) also found a significant 

relationship between increased number of nursing homes and increased rates of CA-CDI. Their 

definition of nursing homes did not include long-term care facilities, which may impact their 

findings. In this study, nursing facilities were composed of all places identified as a nursing 

home, assisted living facility, residential care facility, hospice, or long-term care facility. 

Initially, the nursing facilities variable was split into residential care facilities (RCF) and non-

RCF, due to the increased mobility and movement in and out of a facility by residents of RCFs. 

However, there was no significant relationships found with the split variables so nursing 

facilities was kept as a single variable for simplicity. In this study, results showed increased CA-

CDI risk in census tracts with the highest number of nursing homes (3-4 per census tract) 

compared to census tracts with no nursing homes, although this finding was not statistically 

significant. 

Several studies discussed sewage treatment plants as potential modes of exposure to effluent 

and biosolids through runoff, which may lead to infection. Warriner et al. (2017) discussed how 

runoff from a sewage treatment facility can contaminate crops and seafood, which may then be 

consumed, spreading the pathogen. C. difficile spores can survive water treatments, including 

drinking water treatment [4]. While the results in this study were not significant, there is 

potential for a greater association if looking at runoff and/or effluent exposure from these 

facilities, rather than the facility locations. 

Anderson et al. (2017) found that proximity to livestock farms was associated with increased 

rates of CA-CDI. Since antibiotics are a known risk factor for C. difficile infection [2,3], the use 
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of antibiotics in farming practices may put people who are in contact with farms and farm 

animals at higher risk. Carriage has been reported in animal species, such as cattle and hogs, so 

they may serve as reservoirs for clinically relevant strains [2]. Warriner et al (2017) found that 

animal production was an incubator for C. difficile and that young animals, particularly piglets 

and calves, have higher C. difficile prevalence than adult animals, giving potential for zoonotic 

transmission. C. difficile was also recovered from manure found at slaughterhouses [4], 

providing more evidence that farm animals can be C. difficile reservoirs. Exposure to 

contaminated feces, whether animal or human, can be a mode of transmission for C. difficile 

[2,3,4]. While not significant, this study’s results indicated contradicting results for effect of 

number of livestock farms per census tract on CA-CDI incidence. A low number of livestock 

farms (1-6 per census tract) was associated with increased CA-CDI incidence while a high 

number of livestock farms (7-14 per census tract) was associated with decreased CA-CDI 

incidence compared to census tracts with no livestock farms. 

Increased crowding in a household or whether the census tract was urban or rural did not 

have significant associations with CA-CDI incidence. Crowding, defined in this study as the 

percentage of occupants per room in a household (categorized as very low, low, medium, and 

high), typically can be an indicator of transmission of pathogens. Risk of diseases, such as 

MRSA and other human-to-human transmitted diseases, tend to increase with overcrowding [1]. 

Crowding also correlates closely with poverty and can indicate whether socioeconomic status 

may play a role in CA-CDI as well. However, this study found that increased crowding was 

associated with decreased CA-CDI incidence; although these results were not significant. Out of 

189, there were only 4 census tracts in New Haven County that were designated as rural. The 

model results indicate that living in a rural census tract in New Haven County may not have an 
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impact on CA-CDI risk, which is consistent with the map representations where the four rural 

census tracts were associated with medium CA-CDI incidence levels (Appendices 1 and 2d). 

When performing chi-square tests for trend to evaluate if the proportion of cases changed 

significantly with increases in each potential risk factor, three risk factors came out significant 

(nursing homes, livestock farms, and crowding). However, these suggestive results did not hold 

up in the univariate or multivariate regression models. A possible explanation for this difference 

in significance is that when incidence was put in the regression models, the counts were stratified 

by age and sex. On the other hand, the case counts used for the chi-square tests for trend were 

not stratified. This change in significance of the associations could have been due to the removal 

of potential confounding by age and sex through the stratification of incidence in the regression 

models. 

There were multiple limitations of this study. First, livestock farm data came at the ZIP code 

level and had to be converted to census tracts. This means that farm counts were duplicated 

across census tracts (each census tract in a ZCTA had the same number of farms as the ZCTA). 

While converting to census tracts allowed for the covariate to be entered in the model at the same 

geographic level, it did not provide the same granularity as other variables defined at the census 

tract (or address) level from the start. Second, drinking water contamination, runoff, and effluent 

and biosolids were the evaluated risk factors for C. difficile transmission in other studies [4] but 

in this study, use of sewage treatment facility locations were used as the best proxy measure for 

these risk factors. While these may give an indication of where the runoff and contamination 

may be greatest, there isn’t a way to measure through counts per census tract how far or where 

they may spread. Third, the analysis was conducted at the census tract, not individual level. 

While features of a census tract may be representative of the populations within them, 
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individual-level behaviors and risks are not captured. Because of this, associations at this level 

do not guarantee associations at the individual-level, which is where the risk is greatest. Since 

this study only used where people live as an indicator of potential risk, individual interaction 

with places or risk factors outside their home census tract were not considered but may be more 

indicative as to which factors may contribute to CA-CDI risk. Fourth, there are some facilities 

that border multiple census tracts but are only counted within one census tract. It is possible that 

someone right over the border may have more interaction with, and therefore, potentially higher 

risk, than someone on the opposite side of the census tract containing the facility. However, the 

individual living further away from the facility would be associated with the case counts for that 

census tract while the individual living right near it but in a different census tract, would not be 

associated with those case counts. Finally, this study only examines risk in New Haven County, 

which is not representative of all counties or states. Since this county is urban/suburban, results 

may differ in regions that are more rural and/or have more farmland. 

 

Conclusion 

 In summary, older age and female sex were the most significant risk factors for 

community-associated C. difficile infection (CA-CDI). Number of hospitals, nursing facilities, 

livestock farms, and sewage treatment facilities per census tract, as well as crowding and 

urban/rural census tract indicators, were not significant risk factors for CA-CDI. While these 

variables may play a role in transmission and/or infection, where someone lives does not seem to 

be a good predictor of CA-CDI risk in the community and further investigation is needed. 

Looking at individual behaviors and exposures may be more beneficial than spatial analyses to 

determine CA-CDI risk factors. Individual behaviors that may potentially play a role are 
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healthcare visits that do not involve hospital admission and contact with livestock and/or pets 

that serve as reservoirs for C. difficile. Additionally, it may be interesting to look within age 

groups, particularly those under 45 years, to evaluate if parent-child interactions have potential 

for spread. On the other hand, examining individual behaviors by sex, regardless of age, could 

help explain the preponderance of female cases. Finally, looking at flow of runoff, effluent, and 

biosolids from sewage treatment plants and consumption of products produced near sewage 

treatment facilities and individual interaction with natural water sources may result in new 

findings about CA-CDI transmission and risk.  
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Appendices 

Appendix 1: Map of CA-CDI Incidence (cumulative cases/10,000 population) 
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Appendix 2: Maps of Non-Significant Risk Factors 

(a) Point Variables: Hospitals, Nursing Homes, Sewage Treatment Facilities 

 
 

(b) Livestock Farms 
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(c) Crowding 

 
 

(d) Urban/Rural 
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Appendix 3: Maps of Significant Risk Factors 

(a) Percent Population Over 65 Years of Age 

 
 

 

(b) Percent Female Population 
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