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Abstract

Understanding disparities in salmonellosis burden is critical for developing effective, equitable 

prevention programs. Past efforts to characterize disparities were limited in scope and by the 

analytical methods available when the study was conducted. We aim to address this gap by 

identifying disparities in salmonellosis incidence between counties with different determinant 

of health (DOH) profiles. Using national U.S. Laboratory-based Enteric Disease Surveillance 

(LEDS) data for 1997–2019, age-adjusted county-level salmonellosis incidence/100,000 persons 

was calculated and linked to publicly available DOH data. We used hurdle counterfactual 

random forests (CFRF) to quantify, for each DOH, the risk that (i) ≥1 versus no cases 

were reported by a county, and (ii) when ≥1 case was reported, whether a high (≥16 cases/

100,000 persons) or low incidence (≥1&<4 cases/100,000 persons) was reported. Risk in both 

models was significantly associated with demographic DOH, suggesting a disparity between 

counties with different demographic profiles. Risk was also significantly associated with food, 

healthcare, physical, and socioeconomic environment. The risk was generally greater for counties 

with more negative food resources, and for under-resourced counties (e.g., fewer healthcare 

and social services, fewer grocery stores). Risk was also significantly higher if any extreme 

weather event occurred. The study also found that underreporting and underascertainment 

appeared to result in underestimation of salmonellosis incidence in economically marginalized 

and under-resourced communities. Overall, our analyses indicated that, regardless of other county 
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characteristics, extreme weather was associated with increased salmonellosis incidence, and that 

certain communities were differentially disadvantaged toward a higher incidence. This information 

can facilitate the development of community-specific prevention efforts.
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Introduction

Salmonella is a leading cause of foodborne illness, hospitalization, and death in the U.S. and 

globally (Havelaar et al., 2012; Havelaar et al., 2015; Lake et al., 2010; Monteiro Pires et 

al., 2019; Park et al., 2015; Shah et al., 2024). Indeed, Scallan et al. (2015) determined that 

Salmonella was the leading foodborne cause of disability adjusted life years, hospitalization 

and death in the U.S. While the estimated mean cost of salmonellosis hospitalization in 

the U.S. ranged from $12,995 to $29,690 per patient (Cummings et al., 2015; Dhaliwal et 

al., 2021), the US Department of Agriculture reported that Salmonella infections generated 

$4,142,179,161 in medical costs in the U.S. in 2018 alone (Hoffmann, 2014; Hoffmann et 

al., 2012). Salmonella infections and outbreaks also generate costs for public health agencies 

and industry. For example, a 1988 outbreak of Salmonella linked to eggs cost U.K. public 

health agencies 26.2 million in USD (Knowles et al., 2007), while a 2008 Salmonella 
outbreak linked to muskmelons cost the fresh produce industry $50 million in USD (Ribera 

et al., 2012). Reducing salmonellosis burden is, therefore, a public health and economic 

priority, and the US government set a goal of reducing salmonellosis incidence to 11.5 

cases/100,000 persons by 2030 (U.S. Department of Health and Human Services, 2023). 

While studies have shown that infectious disease burden often varies between communities 

and populations, recent incidence estimates suggest a lack of progress toward these disease 

reduction goals (Collins et al., 2022; Shah et al., 2024). The sentinel surveillance system that 

tracks progress toward Healthy People 2030 foodborne disease goals reported no change in 

Salmonella incidence in its ten-state catchment area in 2023 (16.6 cases/100,000 persons) 

compared to the baseline period used to measure progress (2016–2018; 16.9 cases/100,00 

persons)(Shah et al., 2024). To meet the 2030 goals, it is important to identify communities 

that are differentially disadvantaged toward an increased salmonellosis burden so we can 

more effectively tailor public health interventions and guidance.

Determinants of health (DOH) are the underlying socioeconomic or environmental 

conditions in which people are born, live, and work, including the physical (e.g., land 

use, weather, extreme weather), healthcare (e.g., access to and quality of care), food (e.g., 

access to positive and negative food resources) and socioeconomic (e.g., employment 

rate, educational attainment) environment (see Tables 1 & S1 for additional examples). 

Multiple studies have identified disparities in foodborne and enteric disease incidence, 

clinical outcomes, treatment, and disease reporting for individuals living in communities 

with different DOH profiles (Chang et al., 2009; Gourishankar, 2021; Hadler et al., 2019; 

Ray et al., 2022; Shaw et al., 2016). Chang et al. (2009) quantified the association between 
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county-level salmonellosis incidence and 26 demographic, socioeconomic, and healthcare 

environment characteristics in the United States during 1993–2002, and determined that 

incidence was positively associated with urbanicity, the percent of residents living below 

the poverty level, and the percent of residents who identified as Black or African American 

(Black) or Hispanic or Latino (Hispanic). However, Chang et al. (2009) did not consider 

DOH related to the food or physical (e.g., land use, weather) environments. Chang et 

al.’s (2009) conclusions were also limited by the data and statistical methods available 

when their study was conducted; for example, they acknowledged their analyses did not 

have sufficient confounding control. Shaw et al. (2016) assessed the association between 

DOH and salmonellosis incidence at the zip code-level and found evidence of state-specific 

associations (e.g., broiler operation presence was associated with significantly higher 

salmonellosis rates in three of seven states included in their analyses). While these findings 

highlight the importance of understanding the association between DOH and salmonellosis 

incidence, most US studies analyzed data from ≤10 states, and considered a limited number 

of DOH (Henly et al., 2017; Ray et al., 2024; Younus et al., 2007). Over the last two 

decades, there have been multiple advancements in disease detection and reporting, as well 

as the type and diversity of DOH data and analytic methods available (e.g., the development 

of culture-independent methods) (Collins et al., 2022; Delahoy et al., 2023; Healy et al., 

2023; Ray et al., 2022). A national analysis of the determinants of salmonellosis that 

considers a broad range of DOH and utilizes more recent data and an analytical approach 

with strong confounding control is therefore needed. This analysis aims to meet these needs 

by identifying potential disparities in salmonellosis between counties with different DOH 

profiles and characterizing communities that are differentially disadvantaged toward higher 

salmonellosis incidence. This analysis adapts a novel analytical approach, counterfactual 

random forest (CFRF), which has not been used to characterize disparities in infectious 

disease incidence. Therefore, this study provides a blueprint for how CFRF can be used in 

future analyses.

Methods

Data:

The CDC Laboratory-based Enteric Disease Surveillance (LEDS) system conducts passive, 

national, isolate-based salmonellosis surveillance. Cases are reported to LEDS if persons 

experiencing illness seek care, their doctor orders a test that can detect Salmonella, and 

clinical diagnostic laboratories submit Salmonella-positive specimens to the state or local 

public health lab. LEDS collects patient demographic, serotype, and specimen source data, 

including county of residence. Using finalized LEDS data from 1997 through 2019, we 

calculated age-adjusted salmonellosis incidence (per 100,000 persons) for each US county, 

which was linked to county-level DOH data. Non-US residents and cases that lacked county-

of-residence data were excluded.

DOH data were obtained from publicly available sources, such as the Agency for Healthcare 

Research and Quality (AHRQ; Table S1). The original set of DOH (henceforth the 

“feature set”; see Table S1) was reduced as previously described (Ray et al., 2024). For 

each DOH, missing data were singly imputed for each factor using impute.rfsrc from 

Weller et al. Page 3

J Food Prot. Author manuscript; available in PMC 2024 December 06.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



the randomForestSRC package in R with 1,000 trees and 5 iterations, and otherwise 

default parameters (Ishwaran & Kogalur, 2023). Three rounds of feature reduction were 

then implemented to remove irrelevant variables that were initially retained to improve 

imputation (e.g., motor vehicle death rate), remove conceptually redundant or nested 

variables, and ensure that Spearman’s correlation between all retained DOH was <0.65. 

If two DOHs were correlated or conceptually redundant, the DOH with (i) greater 

temporal and spatial resolution, (ii) less missing data in the unimputed dataset, (iii) lowest 

correlation with all other DOHs in the feature set, (iv) a more plausible biological or 

social association with risk of contracting salmonellosis and having their illness reported 

to LEDS, or (v) relatively easy interpretation for use in guiding follow-on studies and 

public health efforts was preferentially retained. DOH were also selected to ensure that 

metrics representing demographic and socioeconomic characteristics, and food, healthcare, 

and physical environment were retained (see Table S4 for final feature set). Following 

feature reduction, all continuous factors, including age-adjusted incidence, were converted 

to five-year rolling averages using a Cauchy distribution to reduce the impact of single-year 

events (e.g., outbreaks), differences in temporal resolution between DOH, and the influence 

of small population counties on the incidence distribution [see Table S4; (Wainer, 2019)].

While conceptually redundant variables (e.g., unemployment and employment rate) 

represent similar phenomena, correlated variables were not interchangeable. Because only 

one of each set of correlated DOH was included in the CFRF, our findings must be 

interpreted cautiously. Temporary shelters/1,000 persons was correlated with all other social 

services considered (e.g., emergency relief services/1,000 persons, community housing/

1,000 residents), and, thus, served as a proxy for social services/1,000 persons. Obesity 

rate was correlated with other comorbidity rates (e.g., diabetes rate, mental distress rate), and 

served as an indicator of comorbidity burden. Because the percentage of households without 

adequate kitchen facilities and plumbing were correlated, the percentage of households 

without adequate kitchen facilities served as an indicator of housing quality and the 

availability of in-home sanitation/hygiene facilities. While not correlated with other DOH, 

flu vaccination and diabetes monitoring rates were considered indicators of healthcare 

quality.

Counterfactual Random Forest (CFRF):

CFRF (Dasgupta et al., 2014; Malley et al., 2012) was implemented as previously described 

(Jackson et al., 2021; Ray et al., 2024) to identify DOH associated with annual age-adjusted 

salmonellosis incidence for each US county during 1997–2019, while adjusting for all other 

DOH in the model. Random forest analysis has several advantages over other analytical 

approaches, like regression: (i) more robust confounding control, (ii) scalability (i.e., can 

handle a large number of features), (iii) does not require explicit specification of model 

structure, (iv) fewer assumptions, (v) can handle non-parametric data, and (vi) automatically 

considers all possible interactions in the data (Jackson et al., 2021; Kuhn & Johnson, 2016; 

Malley et al., 2012). However, the interpretability of traditional random forest algorithms 

is limited (Jackson et al., 2021; Kuhn & Johnson, 2016; Malley et al., 2012; Weller et al., 

2021).
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CFRF overcomes this limitation by generating output that is directly comparable to 

regression (Jackson et al., 2021; Weller et al., 2021). Specifically, CFRF generates odds 

or risk ratios, which are interpreted as the average change in risk (or odds) when a feature 

changes by one unit and all other features are held constant (Dasgupta et al., 2014).

In the present study, separate random forest models were developed using those counties 

with each value of the DOH under consideration. Estimated probabilities for each outcome 

were generated for each county annually between 1997 through 2019, including counties 

that reported a different DOH value than the one represented by the given random forest 

(i.e., counterfactuals). Tables scaled to the exposure margins constructed using the sum of 

the predicted probabilities tables. Adjusted risk ratios were then calculated using standard 

methods.

In addition to the DOH in Table S4, year and separate dummy variables for each state and 

the District of Columbia were included as covariates. Incidence was categorized because 

CFRF cannot handle continuous outcomes. While random forest can be implemented using 

continuous covariates, continuous covariates need to be categorized when calculating risk 

ratios; to facilitate interpretation continuous covariates were categorized prior to running 

any part of the CFRF analyses. Future studies should consider categorizing after running 

the random forests but before calculating risk ratios. In the present study, if the distribution 

of a DOH was strongly skewed (e.g., right-censored, left-censored), categorization was 

implemented to minimize the effect of skew. For example, chicken density (chickens/100 

km2) was strongly right-skewed. Many counties had <10 chickens/100 km2, and most 

counties with ≥10 chickens/100 km2 had between 10 and 5000 chickens/100 km2. To 

categorize chicken density, a separate category for counties <1 chicken/100 km2 was 

created, and thresholds of 5, 10, 50, 100, 500, 1000, and 5000 were applied to counties 

with ≥1 chicken/100 km2. All other DOH were categorized into ten approximately equal-

sized groups using the cut2 function in the Hmisc package (Harrell & Dupont, 2024). 

The reference level for environmental and demographic DOH was the first group (e.g., <1 

chicken/100 km2). The second group was the reference for all other DOH and incidence to 

account for increased variability associated with small populations (Wainer, 2019)

Because multiple counties did not report any cases each year, separate CFRF were 

implemented where the outcome was (i) if no cases (reference) or ≥1 case was reported, and 

(ii) county-level incidence for counties reporting ≥1 case. Like continuous DOH, incidence 

was converted to a 10-level factor using 1, 4, 7, 10, 13, 16, 19, 22, and 25 cases/100,000 

persons as the cut-offs. Counties with ≥16 cases/100,000 persons were considered “high” 

incidence and counties with <7 cases/100,000 persons were considered “low” incidence 

for interpretation. The reference was ≥1 but < 4 cases/100,000 persons. These values were 

selected after considering the mean and five-number summary for smoothed age-adjusted 

incidence for counties reporting ≥1 case.

The following sensitivity analyses were performed to assess how changes in LEDS reporting 

over time, and variability in the number of cases with county of residence data affected 

results.

i. Using data from 2004–2019;
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ii. Four separate analyses excluding data from states in years during 1997–2019, 

where 70%, 50%, 25%, or 5% of cases lacked county of residence data;

iii. Four separate analyses excluding data from states, where 70%, 50%, 40%, or 

30% of cases during 1997–2019 lacked county of residence data.

Results

During 1997–2019, 89% of the 922,836 salmonellosis cases reported to LEDS could be 

linked to county of residence. The percentage of cases missing county of residence varied 

considerably by state (min=0.3%; max=73%; median=9%; mean=16%; standard deviation 

[SD]=18%).

The final dataset comprised 71,052 rows, and after smoothing, 10% of rows represented 

years where the given county reported no cases. The number of counties reporting no cases 

decreased steadily from 1997 through 2019. When only counties reporting ≥1 case were 

considered, mean incidence increased consistently from 1997 (mean=9.3; SD=19.4) through 

2019 (mean=19.4; SD=15.8). Incidence also varied spatially and appeared to be higher in 

certain regions (e.g., the Delmarva, Southeast, Mississippi Delta) and lower in others (e.g., 

New England, Rocky Mountains, Pacific Northwest; Fig. 1).

Counterfactual Random Forest (CFRF).

Results from all sensitivity analyses were generally consistent with the results from the 

model where no state or year exclusions were applied. Thus, only findings from the latter 

model are presented here.

Year.—The CFRF identified a strong temporal trend (Fig 3–4, S1; Table S1). Risk that 

a county reported ≥1 case was >4 times higher in 2015–2016 (95% Confidence Interval 

[CI]=3.5–4.4) and 2017–2018 (95% CI=3.5–4.4) than 1997–1998. A county’s risk of being 

in a high-incidence group (≥16.0 cases/100,000 persons) increased significantly over time 

(e.g., risk that a county reported ≥19 and <22 cases/100,000 persons was 7.0 [95% CI=6.5–

9.2] times higher in 2019 than 1997–1998; Table S1).

Environmental Context: Agricultural Intensity/Land Cover.—Risk of a county 

reporting ≥1 case was higher for counties with more wetlands (as percent of area), a higher 

cattle, chicken or swine (i.e., livestock) density, and more pollutant discharge permits/1,000 

km of stream (a surface water quality indicator; Fig 3, S2). Risk of a county being in a 

high-incidence group if it reported ≥1 case also increased as livestock density and wetland 

cover increased (Fig 4; Table S5–S6).

Environmental Context: Weather.—Risk of a county reporting ≥1 case was generally 

lower for counties in years with higher annual precipitation and annual maximum 

temperatures (Fig 2, S3; Table S5). Risk of a county being in a high incidence group 

generally increased as annual precipitation increased but decreased as annual maximum 

temperature increased (Fig 4, S3).
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Irrespective of the type of extreme weather (i.e., extreme heat, extreme rain, flooding, 

hurricanes/tropical storm, or storm) event, the likelihood of a county reporting ≥1 case and 

being in a high incidence group was significantly higher for counties in years when an 

extreme weather event occurred, regardless of event type (Fig 2–4; Table 1–2 & S5–S6). For 

example, risk of reporting ≥1 case and of being in a high incidence group was 2.98 (95% 

CI=2.4–3.6) and 2.05 (95% CI=1.8–2.4) times greater, respectively, if a hurricane occurred.

Socioeconomic.—Risk that a county reported ≥1 case was significantly higher for 

counties with higher high school graduation and unemployment rates, per capita income, 

and income inequality (Fig 3, S4–S5; Table S5). Risk was lower for counties where more 

residents worked in agriculture, forestry, fishing, hunting, or mining. Risk was 1.34 (95% 

CI=1.04–1.72) times higher for counties where the largest employer was food manufacturing 

and processing (Table 1).

The likelihood of a county being in a high incidence group was negatively associated with 

the percent of residents working in agriculture, forestry, fishing, hunting or mining but 

positively with high school graduation and unemployment rates, per capita income, the 

percentage of households without adequate kitchen facilities, and income inequality (Fig 4, 

S2, S4–S5; Table S6). Risk was higher where the largest employer was food manufacturing 

and processing (Table 2).

Healthcare Environment: Access.—Risk that a county reported ≥1 case was 

significantly lower for counties with more diagnostic laboratories, hospitals, and social 

services (Fig 3, S6–S7; Table 1& S4). Counties with more hospitals, social services, 

diagnostic labs, and physician offices generally had a lower risk of being in a high-incidence 

group (Fig 4, S6–S7; Table S6). Medically underserved counties, as defined by AHRQ (see 

Table S1), were less likely to report ≥1 case (0.91; 95% CI=0.88–0.94) but were, if they 

reported ≥1 case, more likely to be in a high incidence group (Tables 1–2).

Healthcare Environment: Affordability.—Risk of a county reporting ≥1 case was 

significantly higher for counties with higher healthcare costs per capita and where more 

residents were unable to seek medical care due to the cost (Fig 3, S6–S7; Table S5). Risk 

of a county reporting ≥1 case was lower for counties where a higher percentage of adult 

residents lacked health insurance. The likelihood of a county being in the highest incidence 

category increased as per capita healthcare costs and the percentage of residents who were 

unable to seek care increased (Fig 4, S6–S7; Table S6).

Healthcare Environment: Quality of Healthcare.—Risk that a county reported ≥1 

case was significantly higher for counties where more residents reported being obese, 

and with higher flu vaccination and diabetes monitoring rates (Fig 3, S8; Table S5). The 

likelihood of a county being in a high-incidence group generally increased as the obesity, flu 

vaccination, and diabetes monitoring rates increased (Fig 4, S8; Table S6).

Food Environment.—Counties with more fast-food restaurants (FFR) and negative food 

resources (NFR) had a significantly higher risk of reporting at least one case (Fig 3, S9). 

Conversely, risk was notably lower for counties with more convenience stores, full-service 
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restaurants (FSR), and grocery stores, and where more residents lived in food deserts (Fig 

3, S5, S9–S10). For instance, risk increased steadily from 0.9 (95% CI=0.8–0.9) when there 

were 0.1–0.7 NFR/1,000 persons to 1.4 (95% CI=1.3–1.5) when there were 1.2–1.3 NFR/

1,000 persons; risk remained high for counties with more than 1.2 NFR/1,000 persons (Table 

S5).

Risk that a county reported a high salmonellosis incidence was positively associated with 

convenience stores, FFR, FSR, and NFR/1,000 persons and per capita FFR expenditures 

(Fig 4, S9–S10). Risk was negatively associated with grocery stores/1,000 persons increased 

(Fig S10; Table S6).

Demographics.—Counties where a higher proportion of residents identified as Black 

or African American (Black), Hispanic or Latino (Hispanic), or Native Hawaiian or other 

Pacific Islander (NHPI) had a significantly greater risk of reporting ≥1 case (Fig 3, S11; 

Table 1, S4–S5). Risk of reporting ≥1 case increased steadily from 0.6 (95% CI=0.5–0.6) 

when 0.0%–0.5% of residents identified as Hispanic to 1.3 (95% CI=1.3–1.4) when 4.0%–

8.0% of residents identified as Hispanic. Counties including American Indian or Alaska 

Native (AIAN) tribal lands or NHPI homelands had a 1.44 (95% CI=1.32–1.57) times higher 

risk than those that did not. Risk that ≥1 case was reported increased consistently with 

population density and was marginally higher for more urban counties (Fig S1; Tables 1, 

S4).

Risk of a county reporting a high incidence increased substantially as the percentage of 

residents who identified as Black or Hispanic increased (Fig 4, S11; Table 2, S5). Risk 

was significantly lower for counties where more residents identified as AIAN. Risk was 

significantly higher for less urban counties, and counties that included AIAN tribal lands or 

NHPI homelands.

Discussion:

We address key gaps in our current understanding of the determinants of salmonellosis in 

the United States and identify characteristics of communities that may be differentially 

disadvantaged toward a higher incidence. This analysis used CFRF to characterize 

associations between salmonellosis incidence and individual DOH while controlling for all 

other DOH in the CFRF and all possible interactions between DOH. CFRF results can be 

interpreted as the change in the risk that a county moved from a low to high incidence group 

if a single DOH, such as unemployment rate, changed while controlling for all other DOH in 

the model.

Temporal trends may be due to changes in detection methods.

The risk ratios associated with year were among the largest observed. Due to improvements 

in LEDS reporting and advancements in illness diagnostics and outbreak detection over 

the last two decades, the strong association between incidence and year is not unexpected 

(Healy et al., 2023; Li et al., 2020). Increased use of culture-independent syndromic panel 

tests (CIDTs) since 2015 has been repeatedly linked to increases in reported enteric illness 

incidence (Collins et al., 2022; Delahoy et al., 2023; Healy et al., 2023; Ray et al., 2024; 
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Ray et al., 2022). Despite substantial increases in the incidence of illnesses reported to the 

CDC, (Collins et al., 2022; Delahoy et al., 2023), Healy et al. (2023) determined that, in 

the absence of CIDTs, observed salmonellosis incidence would have decreased. Preliminary 

2023 data from the FoodNet catchment, suggest a 97% increase in the percent of Salmonella 
cases diagnosed by CIDT between 2023 and 2016–2018, the baseline FoodNet uses for 

monitoring trends in enteric illnesses (Centers for Disease Control and Prevention, 2023).

Environmental context appears to predispose some counties toward higher 
salmonellosis incidence.—More agricultural counties, counties with more wetland 

cover, and counties with more impaired surface waterways were differentially disadvantaged 

toward higher salmonellosis incidence. Multiple studies have found similar positive 

associations between bacterial disease incidence and water quality violations, wetland cover, 

and agricultural activity/intensity (Henly et al., 2017; Holcomb et al., 2022; Huang et al., 

2017; Shaw et al., 2016). Such findings are also consistent with our understanding of 

Salmonella ecology and epidemiology — Salmonella can survive and persist in aquatic and 

wetland environments, and livestock can serve as non-human hosts for Salmonella (Hanson 

et al., 2016; Mentaberre et al., 2013; Weller, Belias, et al., 2020; Weller, Brassill, et al., 

2020). These environments and the animals in them may also serve as reservoirs and/or 

vectors for Salmonella and contribute to Salmonella transmission to humans (Gorski et al., 

2013; Huang et al., 2017; Marin et al., 2013; Mermin et al., 2004). Multiple salmonellosis 

outbreaks have been linked back to contact with surface water, wild and domestic animals, 

and animal products [e.g., outbreaks among food workers; (Hedican et al., 2010; Marus et 

al., 2019; Mermin et al., 2004)]. We also found that extreme weather, regardless of extreme 

weather event type, predisposed a county toward a greater salmonellosis incidence. After 

accounting for a county’s demographic, socioeconomic, and physical (e.g., average weather, 

land use) environment, the occurrence of any extreme weather event was significantly 

associated with an increased risk of said county reporting ≥1 case and reporting a high 

incidence. These findings are well-supported by studies conducted in the United States and 

other countries on the impact of extreme weather on enteric illness incidence [e.g., (Jiang et 

al., 2015; Lal et al., 2013; Lee et al., 2019; Levy et al., 2016; Morgado et al., 2021; Quist et 

al., 2022)]. Jiang et al. (2015) observed a 4.1% and a 5.6% increase in salmonellosis risk for 

each 1 unit increase in extreme temperature and precipitation, respectively, and determined 

that the impact was disproportionately greater in coastal compared to non-coastal Maryland, 

USA communities. Lee et al. (2019) found that extreme rain events were associated with 

a 5% increase in salmonellosis risk in Georgia, USA; however, the effect of these events 

was mediated by rainfall patterns antecedent to the extreme event and was substantially 

higher for illnesses caused by Salmonella serotypes commonly isolated from wildlife and 

environmental sources. Overall, our findings suggest that environmental context predisposes 

a county toward a higher salmonellosis incidence, regardless of other DOH characteristics, 

and that extreme weather event, regardless of event type, was associated with increased 

salmonellosis incidence. Because climate change will differentially impact marginalized and 

under-resourced communities (Ruth & Ibarrarán, 2009; Thomas et al., 2019), additional 

research is needed to determine how increases in extreme weather will impact communities 

that are already at greater enteric illness risk due to environmental or socioeconomic context 
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and what prevention measures may reduce the differential impact of extreme weather on 

disease burden in these communities.

Economically marginalized and under-resourced communities appear to have 
a higher salmonellosis incidence.—Medically underserved counties, and counties 

with higher per capita healthcare costs, greater income inequality, higher unemployment 

rates, more homes without adequate sanitation/hygiene facilities, and more persons who 

could not afford medical care were more likely to report a higher incidence as were counties 

with higher healthcare quality metrics, per capita income, and graduation rates. Past studies 

noted that more affluent persons were more likely to engage in behaviors associated with 

potential Salmonella exposure, such as international travel, owning a pet, and eating outside 

the home (Varga et al., 2013; Younus et al., 2007), and a study on crowd-sourced foodborne 

illness reporting concluded that indicators of affluence were positively associated with 

higher reporting rates while indicators of lower socioeconomic status were associated with 

reduced reporting (Henly et al., 2017). The authors attributed this to residents of affluent 

communities being more likely and better able to report an illness rather than lower rates 

of illness in less affluent communities (Henly et al., 2017). This conclusion is supported by 

studies conducted in countries with universal healthcare where lower socioeconomic status 

was associated with increased salmonellosis risk (Borgnolo et al., 1996; Varga et al., 2013); 

universal healthcare may reduce underreporting so findings from these studies, thus, better 

reflect the true impact of socioeconomic status on salmonellosis risk. Our analysis found 

that medically underserved counties and counties with reduced access to healthcare were 

significantly less likely to report any salmonellosis cases, which may be due to a truly lower 

disease incidence in these counties or, more plausibly, to reduced rates of care-seeking. 

Overall, it is likely that the association between affluence indicators and salmonellosis 

is an artifact of improved reporting and patient ascertainment, while the association with 

indicators of lower socioeconomic status represents a true disparity. There is a need for 

additional research on enteric disease disparities using approaches that can delineate the 

relative impact of socioeconomic factors on under-ascertainment/underreporting and true 

disease burden. One way to do this may be to focus on disparities in severe illness incidence 

(e.g., hospitalization, death) where under-ascertainment/underreporting is unlikely (Rose et 

al., 2020).

Communities with fewer positive and more negative food resources were 
differentially disadvantaged toward higher salmonellosis incidence.—Counties 

with more negative food resources, FFR, FFR sales, and fewer grocery stores per capita 

were more likely to both report ≥1 case and be in a high incidence group if they 

reported ≥1 case. Communities with limited access to affordable, healthy food (i.e., 

positive food resources) are considered by the USDA to be food deserts. A recent study 

found a substantial disparity in the quality and safety of food available to Houston, 

TX neighborhoods classified as low-income food deserts compared to high-income 

neighborhoods (Sirsat et al., 2021). Similar conclusions were reached by two Philadelphia 

studies which noted a higher incidence of unsafe food storage and handling practices in low-

income, food deserts (Koro et al., 2010; Signs et al., 2011). These and other studies (Brown 

et al., 2016; Koro et al., 2010; Olive, 2020; Signs et al., 2011; Weisbecker, 2010) highlighted 
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that non-traditional (e.g., FFR, convenience stores, dollar stores) and independently-owned 

food sources were more common in low-income food deserts, and often experienced more 

and different barriers to food safety than conventional food sources (e.g., limited resources, 

poor infrastructure, small/untrained staff, nontraditional supply). Individuals living in rural 

food deserts may travel substantial distances to purchase food, increasing the potential 

for temperature abuse between store and home (Griffing et al., 2018). In this context, 

our findings suggest that counties with reduced access to positive and increased reliance 

on negative resources are disproportionately disadvantaged toward higher salmonellosis 

incidence.

This study also found that restaurants per capita and related metrics were associated with 

higher reported salmonellosis incidence. Similarly, a study that examined online business 

reviews by consumers found that one of the strongest predictors of reported county-level 

foodborne illness incidence was restaurants per capita (Henly et al., 2017). These findings 

are unsurprising given the number of outbreaks linked to restaurants [e.g., (Gould et al., 

2013; Hedberg et al., 1991; Nettleton et al., 2021)]. Sixty-six percent (300/457) of outbreaks 

reported by FoodNet sites during 2006–2007 were restaurant-associated (Gould et al., 2013). 

Therefore, our findings suggest that food preparer outreach and interventions (e.g., trainings) 

tailored to and developed in collaboration with the restaurant industry and workers may be 

appropriate.

Demographic characteristics were strongly associated with salmonellosis 
incidence, suggesting a disparity for counties with different demographic 
profiles.—Multiple studies identified disparities in disease burden between communities 

and individuals with different demographic profiles [e.g., (Chang et al., 2009; Shaw et 

al., 2016)]. The present study found that counties where a higher proportion of residents 

identified as Black, Hispanic or NHPI, or included AIAN tribal lands or an NHPI homeland 

were more likely to report ≥1 salmonellosis cases and a high incidence if they reported 

≥1 case. However, counties with more residents who identified as AIAN were more likely 

to report a low incidence. This was true whether we included AIAN tribal land or NHPI 

homeland presence in the model or not, suggesting that different processes are driving 

salmonellosis transmission, care seeking, and/or disease reporting for AIAN populations 

living on versus off tribal lands. While only 13% of AIAN persons live on tribal lands, 

a significantly higher percentage of AIAN adults living on tribal lands reported having 

a usual place where they received healthcare compared to AIAN adults living off tribal 

lands(Ng et al., 2023). AIAN persons living on tribal lands were also significantly more 

likely to receive preventative care than AIAN person living off tribal lands, while AIAN 

persons living outside tribal lands were more likely to report not seeking care due to the 

cost (Ng et al., 2023). This may suggest that AIAN persons living on tribal lands have better 

access to healthcare or that under-ascertainment and underreporting are higher for counties 

with a large AIAN population living outside tribal lands. This knowledge gap highlights 

the need for research and public health prevention efforts tailored to the needs of specific 

communities. These findings further emphasize the need for enteric disease disparity studies 

that use approaches that can differentiate the relative impact of socioeconomic factors, 
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such as access to healthcare, on under-ascertainment/underreporting and true (as opposed to 

reported) disease burden.

The demographic disparities identified here are not attributable to biological factors and 

are most likely caused by structural inequities too complex to be captured statistically and 

difficult to target with prevention efforts. The repeated identification of race or ethnicity-

based disparities for foodborne and enteric diseases [e.g., (Arshad et al., 2007; Chang et 

al., 2009; Gourishankar, 2021; Quinlan, 2013; Shaw et al., 2016)] raises the question of 

which structural inequities are driving these disparities and how public health professionals 

can best develop interventions to address them. Follow-on studies at finer spatial scales 

are needed to move beyond discussing race and ethnicity-based disparities, and to identify, 

understand, and address inequities. Despite this need, our findings suggest that culturally 

competent outreach and intervention efforts tailored to specific communities are needed for 

salmonellosis prevention.

Limitations:

This analysis was conducted at the county level, and US counties are heterogeneous. Follow-

on studies conducted at finer spatial scales that better reflect the lived experiences of ill 

persons are therefore needed to substantiate our findings.

To ensure sufficient confounding control, a variety of DOH were included in our model. 

While this is a strength of our approach, it complicates interpretation due to correlation 

between retained and excluded DOH (e.g., between the percentage of residents that identify 

as Black or African American [Black] and poverty rate) and inclusion of conceptually 

linked variables (e.g., presence of an AIAN or NHPI homeland, and percentage of residents 

that identify as AIAN or as NHPI). Also, certain variables function as proxies for broader 

phenomena (e.g., temporary shelters/1,000 persons functions as a proxy for social service 

availability).

Like all passive surveillance systems, LEDS relies on voluntary illness reporting, and may 

lead to selection bias, underreporting, and under ascertainment (e.g., ill persons not seeking 

care, under-reporting caused by failure to diagnose, differences in reporting practices 

between jurisdictions) (Losos, 1996; Scallan et al., 2011). Our findings provide insights 

into disparities among reported cases, but may not reflect disparities for populations for 

whom salmonellosis is under-detected. Follow-on studies that focus on outcomes robust 

to underreporting and under ascertainment (e.g., severe illness, death) are needed. Despite 

these limitations, our analysis provides a foundation on which future analyses and public 

health efforts and interventions to address disparities in salmonellosis incidence can build.

Conclusion:

This study is novel in its use of counterfactual random forest (CFRF), which is a pseudo-

causal method that allows us to characterize associations between salmonellosis incidence 

and individual DOH while controlling for all other features included in the model as 

well as all possible interactions between these DOHs. This analysis provides a conceptual 
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framework for how CFRF can be applied to quantify health disparities in infectious diseases 

with strong confounding control.

By identifying disparities in salmonellosis incidence for counties with different DOH 

profiles, this analysis suggests that known county characteristics and unmeasured structural 

inequities predispose certain counties toward a high salmonellosis incidence. Communities 

with specific environmental (e.g., extreme weather), socioeconomic (e.g., under-resourced), 

or demographic characteristics were disproportionately disadvantaged toward an increased 

incidence even after controlling for all other DOHs in the model. This analysis provides 

key insights into salmonellosis epidemiology, including the importance of understanding 

how environmental and social disparities interact, and how extreme weather may magnify 

existing disparities. Such understanding is critical for developing equitable, effective, and 

culturally-competent intervention and prevention efforts; such efforts need to be co-created 

with communities and proactively tailored to their needs.
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Highlights:

• Blueprint for use of counterfactual random forest to quantify health disparities

• Environment predisposed some counties toward higher salmonellosis 

incidence.

• Extreme weather events were associated with higher reported salmonellosis 

incidence

• Underreporting obfuscates associations between socioeconomic traits and 

incidence

• Demographic disparities likely reflect unmeasured structural inequities.
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Scope Statement:

Advancements in disease reporting, detection, and statistical methods since the 

most recent U.S.-wide study on disparities in salmonellosis incidence was published 

necessitate an updated analysis. The updated analysis should use (i) a broader range 

of determinants of health (DOH), (ii) more recent data, and (iii) an analytical 

approach with strong confounding control. This study meets this need. Specifically, it 

uses counterfactual random forest analysis (CFRF) to identify potential disparities in 

salmonellosis incidence between counties with different DOH profiles, and characterize 

communities that are differentially disadvantaged toward a higher incidence. Because 

CFRF has not been used previously to characterize disparities in infectious disease 

incidence, this study provides a blueprint for how CFRF can be used to improve our 

understanding of health disparities and infectious disease epidemiology.
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Figure 1: 
Median annual, age-adjusted incidence of Salmonella cases reported to the Laboratory 

Enteric Diseases Surveillance System (LEDS) during 1997 through 2019.
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Figure 2: 
Results from the hurdle CFRF for DOH related to extreme weather events. The first column 

shows results from the first part of the hurdle model and should be interpreted as the change 

in risk that a county reported ≥1 one case (versus no cases) if the county moved from the 

reference DOH group (in gray) to another group. The second to fifth columns show results 

from the second part of the hurdle model and should be interpreted as the change in risk that 

a county is in the given high-incidence groups (versus the reference) if the county moved 

from the reference DOH group (in gray) to another group. Significant associations are in 

red. Non-significant associations are in blue. The dot represents the risk ratio, and the bars 

represent its 95% confidence interval. Numerical data and data for other incidence groups 

can be found in Tables S2 and S3. Similar graphs for all the other DOH considered in the 

CFRF are in Supplemental Tables X-Y.
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Figure 3: 
Results from the first part of the hurdle CFRF. From left-to-right, the facets show risk 

of reporting ≥1 cases if a county moves from the reference DOH category to the highest 

(left), second highest (middle), or third highest (right) DOH categories. The dot represents 

the risk ratio, and the bars represent the 95% confidence interval. Numerical data and data 

for other DOH categories can be found in Table 2 and Figures S1–S13. Results are not 

shown for two DOH, population density and the percentage of surface waterways that were 

fecally-impaired, due to the magnitude of the risk ratio.
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Figure 4: 
Results from the second part of the hurdle CFRF. For counties reporting ≥1 case, risk 

of reporting a high salmonellosis incidence if a county moved from the reference DOH 

category to the second highest DOH category. From left-to-right, the facets show risk 

of a county reporting between 19 and 22 cases/100000 persons (left), 22 and 25 cases/

100000 persons (middle), or ≥25 cases/100000 persons (right); the three highest incidence 

categories. The dot represents the risk ratio, and the bars represent the 95% confidence 

interval. Numerical data and data for other DOH categories can be found in Table 2 and 

Figures S1–S13. Results are not shown for two DOH, population density and the percentage 

of surface waterways that were fecally-impaired, due to the magnitude of the risk ratio.
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Table 1:

Association between a county reporting ≥1 case for those determinants of health (DOH) that were inherently 

categorical (e.g., urbanicity) or were binary after being converted from a continuous to categorical (e.g., 

percent of residents that identified as Native Hawaiian or Other Pacific Islander (NHPI]).

DOH RR a 95% CI b P-value

Urbanicity (Ref = Large Central Metropolitan)

 Large Metropolitan Fringe (Suburban) 1.00 (0.96, 1.05) 0.966

 Medium Metropolitan 0.96 (0.93, 1.00) 0.030

 Small Metropolitan 0.93 (0.91, 0.96) < 0.001

 Micropolitan 0.95 (0.94, 0.96) < 0.001

 Non-core (Rural) 0.96 (0.96, 0.97) < 0.001

Did a Hurricane or Tropical Storm Occur? (Ref = No)

 Yes 2.98 (2.43, 3.64) < 0.001

Did the county include AIAN c tribal lands or an NHPI homeland? (Ref=No)

 Yes 1.44 (1.32, 1.57) <0.001

Medically Underserved County (Ref = No)

 Yes 0.91 (0.88, 0.94) < 0.001

Persons Identifying as NHPI (% of Pop; Ref = < 0.5%)

 ≥0.5% 1.26 (1.05, 1.50) 0.013

Was the predominant employer in the county food manufacturing or processing? (Ref = No)

 Yes 1.34 (1.04, 1.72) 0.024

a
Risk ratio

b
Confidence Interval

c
American Indian or Alaska Native
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Table 2:

Association between a county being in one of the four higher incidence percentiles (≥16 cases/100,000 

persons) versus the low incidence reference percentile (≥1.0 & <4.0 cases/100,000 persons) for select 

determinants of health (DOH) that were inherently categorical (e.g., was it a medically underserved county) or 

were binary after being converted from a continuous to categorical (e.g., percent of residents that identified as 

Native Hawaiian or Other Pacific Islander (NHPI]).

DOH High Incidence Percentile (Cases/100,000 persons) a RR b 95% CI c P-value

Urbanicity (Ref = Large Central Metropolitan County)

≥16 & <19

Large Metropolitan Fringe (Suburban) 0.97 (0.94, 1.01) 0.094

Medium Metropolitan 0.95 (0.92, 0.99) 0.013

Small Metropolitan 0.98 (0.95, 1.02) 0.339

Micropolitan 0.98 (0.96, 1) 0.105

Non-core (Rural) 0.97 (0.96, 0.99) < 0.001

≥22 & <25

Large Metropolitan Fringe (Suburban) 0.97 (0.93, 1.01) 0.113

Medium Metropolitan 0.94 (0.89, 0.99) 0.011

Small Metropolitan 1.00 (0.97, 1.04) 0.825

Micropolitan 0.99 (0.96, 1.01) 0.211

Non-core (Rural) 0.98 (0.97, 0.99) 0.002

≥22 & <25

Large Metropolitan Fringe (Suburban) 1.01 (0.97, 1.06) 0.585

Medium Metropolitan 1.01 (0.96, 1.05) 0.804

Small Metropolitan 1.04 (1, 1.08) 0.074

Micropolitan 1.02 (0.99, 1.04) 0.147

Non-core (Rural) 1.00 (0.99, 1.01) 0.832

≥25

Large Metropolitan Fringe (Suburban) 1.04 (1.01, 1.07) 0.003

Medium Metropolitan 1.06 (1.03, 1.08) < 0.001

Small Metropolitan 1.08 (1.05, 1.11) < 0.001

Micropolitan 1.04 (1.02, 1.05) < 0.001

Non-core (Rural) 1.01 (1.01, 1.02) < 0.001

Did a Hurricane or Tropical Storm Occur? (Ref= No)

≥16 & <19 Yes 0.96 (0.8, 1.15) 0.661

≥19 & <22 Yes 1.55 (1.30, 1.85) < 0.001

≥22 & <25 Yes 1.52 (1.24, 1.86) < 0.001

≥25 Yes 2.05 (1.79, 2.34) < 0.001

Medically Underserved County (Ref= No)

≥16 & <19 Yes 0.91 (0.86, 0.95) < 0.001

≥19 & <22 Yes 0.94 (0.89, 0.98) 0.011

≥22 & <25 Yes 1.01 (0.96, 1.07) 0.670

≥25 Yes 1.16 (1.12, 1.20) < 0.001
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DOH High Incidence Percentile (Cases/100,000 persons) a RR b 95% CI c P-value

Persons Identifying as NHPI (% of Pop; Ref = < 0.5%)

≥16 & <19 ≥0.5% 1.36 (1.06, 1.74) 0.014

≥19 & <22 ≥0.5% 1.17 (0.87, 1.57) 0.290

≥22 & <25 ≥0.5% 0.75 (0.50, 1.12) 0.163

≥25 ≥0.5% 1.31 (1.05, 1.63) 0.016

Did the county include AIAN d tribal lands or an NHPI homeland? (Ref=No)

≥16 & <19 Yes 1.65 (1.48, 1.84) < 0.001

≥19 & <22 Yes 1.72 (1.52, 1.94) < 0.001

≥22 & <25 Yes 1.39 (1.20, 1.61) < 0.001

≥25 Yes 1.41 (1.27, 1.56) < 0.001

Was the predominant employer in the county food manufacturing or processing? (Ref= No)

≥16 & <19 Yes 1.05 (0.74, 1.47) 0.803

≥19 & <22 Yes 1.11 (0.75, 1.63) 0.607

≥22 & <25 Yes 1.86 (1.28, 2.68) 0.001

≥25 Yes 1.80 (1.38, 2.35) < 0.001

a
Reference incidence percentile was 1.0≤ and <4.0 cases/100,000 persons. The high incidence percentiles were those reporting ≥16 & <19, ≥19 & 

<22, ≥22 & <25 or ≥25 cases per 100,000 persons.

b
Risk ratio

c
Confidence Interval

d
American Indian or Alaska Native
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