
  

 

IDENTIFICATION AND CONTROL OF MICROBIAL HAZARDS ALONG THE 

PRODUCE SUPPLY CHAIN 

 

 

 

 

 

 

 

 

A Dissertation 

Presented to the Faculty of the Graduate School 

of Cornell University 

In Partial Fulfillment of the Requirements for the Degree of 

Doctor of Philosophy 

 

 

 

 

 

 

by 

Alexandra Marie Belias 

August 2021



 

 

 

 

 

 

 

 

 

 

 

 

 

© 2021 Alexandra Marie Belias



 

 

IDENTIFICATION AND CONTROL OF MICROBIAL HAZARDS ALONG THE 

PRODUCE SUPPLY CHAIN 

 

Alexandra Marie Belias, Ph. D. 

Cornell University 2021 

 

Microbial hazards, including Listeria monocytogenes, Salmonella, and 

Enterohemorrhagic Escherichia coli (EHEC), present complex challenges for the 

produce industry. The work here aimed to characterize these hazards and test relevant 

control strategies.  

A review was conducted to identify hazards, risks and challenges associated 

with Listeria along the food supply chain. This review showed Listeria is prevalent 

across various environments (e.g., processing environments) and presents both public 

health and business risks. As such, identification of the root causes of contamination 

and implementation of control measures are warranted. To characterize Listeria 

presence and diversity in the preharvest environment, feces and water also were 

collected from a produce farm and tested for Listeria. A highly diverse Listeria 

population and evidence of Listeria transfer between sample types were observed, 

indicating tracing Listeria contamination of produce or the processing environment to a 

specific pre-harvest source is likely difficult without large sampling and subtyping 

efforts. To control Listeria contamination of the post-harvest environment, a root cause 

analysis (RCA) procedure was developed to guide intervention identification, 

implementation, and testing. Interventions using quaternary ammonium compound 

powder around forklift stops and a floor crack appeared to be effective. Two additional 

interventions were tested (i.e., use of a chlorinated cleaner in drains and dead-end pipe 



 

removal) that were not immediately effective but highlighted that RCA should often be 

an iterative process.  

Machine learning models were developed to predict Salmonella and EHEC 

marker (i.e., eaeA and stx) presence in canal water using spatial and temporal factors. 

These models indicated machine learning shows promise for predicting pathogen 

contamination of agricultural water. Additionally, leafy greens were inoculated with E. 

coli and Salmonella via simulated irrigation events in 3 distinct climates, and produce 

samples were collected for 4 days following inoculation. The E. coli and Salmonella 

die-off rates were calculated and the effect of weather on die-off was assessed. These 

results showed weather, and particularly relative humidity, is important in determining 

the effectiveness of using die-off as a control strategy. 

Overall, this work further illustrates the complexities of managing microbial 

hazards along the produce supply chain and provides potential solutions for controlling 

these hazards. 
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CHAPTER 1 

 

INTRODUCTION 

Control of foodborne microbial hazards (e.g., Listeria monocytogenes, 

Salmonella spp., and Enterohemorrhagic Escherichia coli; EHEC) and the associated 

risks remain substantial concerns for industry. In fact, there have been several outbreaks 

caused by L. monocytogenes (23, 25, 26, 30), Salmonella spp. (21, 24, 27, 31), and 

EHEC (22, 28, 29, 32) contamination of fresh produce. Of notable significance, in 2014 

there was a L. monocytogenes illness outbreak linked to contamination of cantaloupes 

that caused 147 illnesses and 33 deaths (23). In 2015 and 2016, there was a Salmonella 

Poona illness outbreak linked to cucumbers that caused 907 illnesses and 6 deaths (27). 

In addition, in 2018 there was an E. coli O157:H7 illness outbreak linked back to 

romaine lettuce that caused 210 illnesses and 5 deaths (28). Furthermore, there have 

been 32, 28, and 6 recalls due to L. monocytogenes, Salmonella spp., and EHEC 

contamination of produce in the United States from 2019 to 2020, respectively (33).  

Microbial contamination of produce can occur at many stages along the supply 

chain, such as during planting, growing, harvesting, packing, processing, or 

transportation. In the pre-harvest environment (i.e., during the planting, growing, and 

harvesting stages), introduction of foodborne pathogens can come from a variety of 

sources (2, 29, 32, 26). For instance, surface waters (e.g., ponds, streams, and canals) 

are used as agricultural water for irrigation, agrochemical applications, frost protection, 

etc. Agricultural water has been shown to be contaminated with foodborne pathogens 

(1, 7, 41), and application of contaminated water to produce has been shown to be 

associated with the contamination of produce (2, 29, 32, 26, 34). Furthermore, 

foodborne pathogens have also been isolated from soil (34, 35). Transfer of pathogens 

from soil to produce can occur due to splash cause by rain or irrigation, wind, and 
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movement in the field by workers, harvest equipment, among other routes. Wildlife (10, 

11, 19) and livestock (2, 29, 15) may also be carriers of foodborne pathogens. Wildlife 

feces can be found in produce fields and can directly contaminate produce or lead to 

produce contamination via splash (e.g., during rain events) (40, 36). Run-off from 

livestock operations (e.g., concentrated animal feeding operations) can enter water 

sources or deposit directly onto produce fields (2, 29). In addition, if biological soil 

amendments of animal origin are not treated properly to reduce microbial loads, they 

can also introduce pathogens into the preharvest produce environment (3, 9). While 

these represent some of the routes of pre-harvest produce contamination, additional 

sources may also exist (e.g., cross-contamination from harvest equipment or employees 

introducing pathogens into the environment). As such, controls must be put in place to 

prevent initial contamination and additional protections must be put in place to reduce 

risks in the case that contamination has occurred. 

 In addition, some foodborne pathogens (i.e., L. monocytogenes and Salmonella 

spp.) have been isolated from the post-harvest produce environment (i.e., during the 

packing and processing stages) (16, 38). In particular, L. monocytogenes can establish 

persistence within produce operations (i.e., packinghouses or processing facilities), 

especially in cool and wet areas (16). L. monocytogenes can be introduced into produce 

operations via produce, produce storage crates, employees acting as fomites, forklifts, 

transportation vehicles, among other routes (14, 19). Once introduced, the L. 

monocytogenes can enter into niches in the equipment and facility structure where it is 

able to evade cleaning and sanitation and establish persistence (16, 19). Once in the 

niche, the L. monocytogenes can grow (i.e., when nutrients and moisture are present) 

and eventually move throughout the operation via mobile equipment and employees; 

this L. monocytogenes can then contaminate the product (16, 17). In addition, L. 

monocytogenes may continually be introduced into an operation, which is referred to as 
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“persistent transient Listeria.” Both persistent and persistent transient L. monocytogenes 

can lead to recalls and outbreaks, and therefore, control of L. monocytogenes in the 

produce operation environment must be maintained. In addition, Salmonella spp. has 

been shown to survive in food processing facilities, however, it is typically isolated from 

in dry, warm environments (6, 20) as compared to the wet, cool environments where 

Listeria is typically isolated from. While dry, warm areas are less common in produce 

facilities, they can exist (e.g., nut facilities). As such, control measures and 

environmental sampling for Salmonella spp. may be necessary in these areas in addition 

to control measures for L. monocytogenes.  

 Therefore, foodborne pathogen contamination of produce can occur through a 

variety of different routes, making control of foodborne pathogens along the produce 

supply chain complex. Due to these complexities, the produce industry must deploy 

multiple control measures at each stage along the supply chain (e.g., antimicrobial 

treatment of water, composting of biological soil amendments, no harvest buffers 

around wildlife feces, wait times between irrigation and harvest, among others). 

However, additional research is required to better understand foodborne pathogen 

dynamics so these control strategies can be optimized. As such, this work aimed to (i) 

characterize L. monocytogenes, Salmonella spp., and EHEC presence, diversity, and 

dynamics at various stages of the produce supply chain, and (ii) test strategies for 

identifying and controlling L. monocytogenes, Salmonella spp., and EHEC along the 

produce supply chain. In particular, this work (i) reviewed the hazards, risks, and 

challenges associated with Listeria spp. and L. monocytogenes along the food supply 

chain, (ii) evaluated the presence and diversity of Listeria spp. and L. monocytogenes in 

the pre-harvest produce environment, (iii) evaluated a root cause analysis (RCA) 

procedure for eliminating and reducing persistent and persistent transient Listeria spp. 

and L. monocytogenes from the packinghouse environment, (iv) evaluated the use of 
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predictive modeling to identify southwestern U.S. canal water used as agricultural water 

that is contaminated with EHEC markers (i.e., stx and eaeA) or Salmonella spp., and (v) 

characterized the effect of weather on die-off of E. coli and Salmonella spp. on baby 

spinach and lettuce following a simulated irrigation event in 3 distinct climatic regions. 
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CHAPTER 2 

 

HAZARDS, RISKS AND CHALLENGES OF LISTERIA IN THE FOOD SUPPLY 

Published in: Food Safety Management in Practice (2021). 

 

ABSTRACT 

Listeria monocytogenes contamination of Ready-To-Eat (RTE) food products 

and food-associated built environments (e.g., processing plants) represents a food safety 

issue with major public health and business risk implications. A number of factors make 

L. monocytogenes control a particular challenge, including (i) its frequent presence in 

different environments, (ii) its propensity for establishing persistence in food-associated 

environments, (iii) its ability to grow under a variety of stressful conditions, and (iv) its 

ability to cause severe illness, particularly in immunocompromised individuals and 

pregnant women. Key sources of L. monocytogenes contamination of RTE foods are 

food-associated built environments. However, raw material can also be an important 

source, particularly for products without a “kill step” (e.g., fresh produce, raw dairy 

products, cold-smoked seafood). While certain RTE foods (e.g., deli meats, soft 

cheeses, produce) have commonly been linked to listeriosis outbreaks, cases, and 

recalls, a number of factors will influence the specific public risk a given RTE food 

represents, including likelihood of contamination, ability to support L. monocytogenes 

growth, and consumer related factors (including consumption by pregnant women or 

immunocompromised individuals). Consequently, a risk-based approach presents the 

most appropriate strategy to minimize the public health and business impact of L. 

monocytogenes. Key challenges to control L. monocytogenes include (i) development 

and implementation of food safety systems that prevents L. monocytogenes persistence 

in food-associated built environments, (ii) minimizing L. monocytogenes contamination 
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of raw material sources, (iii) implementation of effective root cause analysis procedures, 

(iv) minimizing L. monocytogenes growth in finished product, and (v) consumer 

education. 



26 

INTRODUCTION 

 Listeria monocytogenes is a bacterial foodborne pathogen that causes an 

estimated 1,591 (38) illnesses per year in the United States and an estimated 23,510 (25) 

illnesses per year in the world. While the total number of illnesses caused by L. 

monocytogenes is small compared to other foodborne pathogens (e.g., nontyphoidal 

Salmonella spp., which cause an estimated 1,027,561 foodborne illnesses per year in 

the United States), L. monocytogenes has a high case-fatality rate of approx. 16% (38). 

This makes it a serious public health concern. The risk of illness and death caused by L. 

monocytogenes is especially high for pregnant women, the old, and other individuals 

with compromised immune systems. L. monocytogenes can cause an invasive infection 

with symptoms including sepsis and meningitis in immunocompromised individuals, as 

well as rarely in healthy individuals (9), and spontaneous abortions in pregnant women 

(9). L. monocytogenes can also cause gastrointestinal illness in healthy individuals. 

Contamination of ready-to-eat (RTE) food products with L. monocytogenes is also a 

common cause of food recalls, which can damage company reputation and cause 

substantial financial losses. In fact, there have been 125 recalls of foods and beverages 

in the United States due to L. monocytogenes contamination between 2018 and 2019 

(46, 44). As such, public health officials and the food industry have substantial stakes 

in reducing contamination of RTE food products with L. monocytogenes, as well as in 

the implementation of other strategies that reduce human listeriosis cases (e.g., reducing 

growth of L. monocytogenes in foods, education campaigns targeting susceptible 

consumers).  

The need to effectively control L. monocytogenes has been further heightened 

with the broad use of molecular subtyping tools and specifically whole genome 

sequencing (WGS), which has led to improved detection of listeriosis outbreaks, 

including small outbreaks and/or outbreaks that occur over prolonged time periods (e.g., 
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years) (28). More specifically, the US Centers for Disease Control and Prevention has 

been performing WGS of all human L. monocytogenes isolates since 2013 (11). 

Similarly, routine WGS of human clinical L. monocytogenes isolates has also been 

performed by the European Centre for Disease Prevention and Control and the Public 

Health Agency of Canada since 2014 (13) and 2017 (35), respectively, with other public 

health agencies around the world also increasingly switching to routine use of WGS for 

characterization of L. monocytogenes. Even with WGS, detailed epidemiological data 

are still needed to reliably and definitively identify the specific food source responsible 

for a given outbreak. Importantly, subtyping and specifically WGS data are also 

increasingly used by regulatory agencies to characterize Listeria spp. and L. 

monocytogenes isolates obtained from foods and food-associated built environments. 

Subtype data, such as WGS, may provide evidence for L. monocytogenes persistence in 

processing plants, which in some countries and jurisdictions may be used by regulatory 

agencies to help identify unhygienic conditions in a given facility, which can lead to 

facility shut-downs and recalls even in the absence of finished product contamination. 

Hence, environmental L. monocytogenes contamination can also represent a 

considerable business risk, even when there is a limited public health risk.  

 Key factors that affect the risk of human foodborne listeriosis cases linked to a 

specific food include (i) initial contamination of the food; (ii) ability of the food to 

support L. monocytogenes growth, and (iii) the susceptibility of the consumers of a 

specific food product. As (ii) and (iii) have been detailed in a number of publications 

and reviews (e.g., 5, 15, 21, 22, 34), the paper presented here specifically focuses on the 

risks associated with initial contamination of foods as well as the challenges the food 

industry faces in its efforts to reduce initial contamination. Efforts to reduce L. 

monocytogenes contamination of food products are complicated by the fact that this 

organism (i) is frequently found in a variety of different environments, making 
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introduction into raw materials and processing facilities a high risk, (ii) is able to survive 

and grow under adverse environmental conditions (26), and (iii) has a propensity to 

establish persistent populations in food associated built environments (e.g., processing 

plants) and equipment. Consequently, contamination of food products can occur 

through a variety of different routes, including natural environments (e.g., for raw 

materials harvested from nature, such as wild-caught seafood), primary production 

environments (i.e., livestock or produce farms), raw materials, and the food-associated 

built environments (e.g., processing plants, retail establishments) and equipment, 

among others (16).  

 The reminder of this article will (i) detail sources of Listeria, (ii) discuss public 

health and business risks associated with L. monocytogenes and how to develop and 

implement risk-based systems to address these food safety issues, and (iii) outline key 

control strategies and associated challenges.  

 

SOURCES OF LISTERIA 

While L. monocytogenes is the only human pathogen in the genus Listeria, 

testing for the presence of Listeria spp. is often used by industry to monitor processing 

plant environments for the presence of conditions that would facilitate presence, 

survival, and/or growth of L. monocytogenes (12). Listeria spp., as well as L. 

monocytogenes, have been isolated from a wide variety of environments, including from 

soil, water, feces, and vegetation in the primary production environment (18, 29, 41, 42, 

48, 49, 50); in pristine environments such as national parks (37); in urban environments 

from sidewalks, ATM machines, among others (37); in processing environments (16); 

and in retail and food service environments (20). Consequently, many different sources 

can be responsible for introduction of Listeria spp. and L. monocytogenes into finished 

product and food associated environments, including primary production environments 



 

29 

 

and raw materials, natural environments, food-associated built environments and 

processing equipment (including processing plants and retail). Importantly, while 

employees may act as fomites, there is essentially no evidence that human fecal carriers 

play a role as sources of L. monocytogenes in foods and food associated environments.   

Primary Production Environments and Raw Materials. Primary production 

environments (e.g., farms, fields) and raw materials can play two distinct roles as 

sources of Listeria, including (i) introduction into raw materials that do not undergo a 

kill step and where L. monocytogenes can be carried over into the finished RTE product 

(e.g., fresh-cut produce, raw milk dairy products, cold-smoked seafood), and (ii) 

introduction into food-associated environments (e.g., processing plants) with the 

potential of subsequent environmental transmission into finished RTE products. Control 

of Listeria in raw materials is hence particularly important for production of RTE foods 

that do not involve an effective kill step. Contamination of raw materials can occur from 

a variety of sources and at a variety of points in the supply chain prior to materials 

reaching a processing facility (or a retail establishment), including (i) primary 

production (e.g., produce or livestock farms), (ii) at an upstream facility (e.g., a storage 

facility, a packing house, or a slaughterhouse), and (iii) during transportation.  

One key supply chain where raw material contamination is of particular concern 

is raw and fresh-cut produce. In produce primary production environments, Listeria has 

been isolated from agricultural water sources, soil, vegetation, and wildlife feces (12, 

41, 42, 49, 50). With a variety of possible sources, there are many transmission 

pathways that can lead to pre-harvest produce contamination with Listeria. For instance, 

contaminated irrigation water could directly deposit Listeria onto product or could 

deposit it into soil with the possibility of subsequent transmission onto produce (32, 49). 

Soil could also harbor Listeria populations that can be transferred to produce. Finally, 

wildlife could directly deposit Listeria contaminated feces onto produce or into the soil. 



 

30 

 

Livestock could also present a source of Listeria in produce at the preharvest level. The 

possible role of livestock as a source of L. monocytogenes is supported by the fact that 

a listeriosis outbreak in the Maritime Provinces, Canada was linked to coleslaw that 

appeared to have been contaminated from sheep feces (39), as well as the frequent high 

prevalence of Listeria spp. and L. monocytogenes in livestock. In fact, Golden et al. (18) 

found a Listeria spp. (including L. monocytogenes) prevalence of 15.9% (245/1,537) 

and a L. monocytogenes prevalence of 1.8% (28/1,537) from soil and fecal samples 

collected from 11 poultry farms in the southeastern United States, further supporting the 

importance of livestock-associated sources.  

A number of factors can influence how effectively Listeria are transferred from 

soil (or other environmental sources) to produce. During a rain or irrigation event, 

splashing of soil or wildlife feces, can facilitate transfer; in addition, run-off and 

flooding can also facilitate contamination of the produce (31). Increased wind speed has 

also been shown to be associated with an increased prevalence of Listeria, possibly due 

to increased transfer of Listeria from surrounding environments (e.g., farms) (31). 

Unlike for Salmonella and pathogenic E. coli, to date, very few listeriosis outbreaks 

have been definitively linked to contamination of produce that occurred at the pre-

harvest level. With the frequent presence of L. monocytogenes in natural and farm 

environments it is however extremely likely that a number of finished product 

contamination events are linked to the pre-harvest environment, particularly for 

products that do not undergo extensive anti-microbial wash treatments or heat 

treatments. The limited number of outbreaks directly linked to pre-harvest sources may 

be a reflection of the fact that pre-harvest contamination events more likely lead to 

individual listeriosis cases rather than outbreaks, however additional information is 

required to confirm low levels of Listeria are typically present in the preharvest 

environment. 
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 Another supply chain where pre-harvest contamination is relevant, is cold-

smoked seafood. While a number of studies have provided convincing evidence that 

contamination of finished RTE cold-smoked products (in particular, cold-smoked 

salmon) can be traced back to raw materials (24), it is rare to identify the specific 

contamination sources of the raw material (e.g., fish farms, fish slaughter facilities, 

transport equipment, etc.). Importantly, however, cold-smoked salmon represents a 

model for a supply chain that has started to implement innovative approaches to reduce 

contamination of incoming raw materials, ranging from stringent supplier qualification 

supported by intensive raw material testing to non-thermal treatments to reduce Listeria 

loads on incoming raw material (24).   

Finally, L. monocytogenes contamination of raw materials is also important for 

raw milk (which is legal for sale in some locations) and raw milk dairy products, 

particularly as L. monocytogenes have been shown to often be highly prevalent on 

livestock farms. For instance, Nightingale et al. (29) found a L. monocytogenes 

prevalence of 20.1% (414/2,056) in a survey of 52 ruminant farms where samples were 

collected of feces, soil, feedstuff, and water. There was also a L. monocytogenes illness 

outbreak linked to raw chocolate milk, which caused 2 illnesses and 1 death (10). 

 In addition to raw materials being a direct source of Listeria in finished product 

and an indirect source (via introduction from farm environments into processing plants), 

Listeria can also establish itself within vehicles and crates used to transport product 

from primary production environments to packing houses, processing facilities, or 

directly to retail. Cross-contamination during transport is possible whenever product is 

exposed to the open environment. To prevent cross-contamination at this stage, regular 

cleaning and sanitation of trailers that transport crates and raw materials is thus 

necessary. 

Employees. Employees are sometimes brought up as potential sources or 
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vectors that contribute to introduction of Listeria into the processing environment. 

However, unlike other pathogens, such as Salmonella, it is unlikely for humans to be 

fecal carriers of Listeria (36). Employees however can act as fomites, particularly since 

Listeria can often be found at high frequencies in urban, rural, and natural environments. 

For example, in a survey for Listeria in four urban environments in New York State, 

Sauders et al. (37) found the overall Listeria spp. (including L. monocytogenes) 

prevalence to be 23.4% (N=907). Once in the facility, Listeria can survive over time, 

particularly if effective food safety and sanitation practices are lacking. In order to 

prevent the introduction of Listeria into the processing environment or onto the product 

via employees, effective good manufacturing practices (GMPs) must be followed. 

These GMPs include hand washing and sanitation, wearing gloves, wearing clean coats 

designated for use only inside of the processing areas, boot washes (or footbaths) at the 

entrance to the processing areas, and captive boot policies (i.e., each employee has a set 

of work boots kept at the facility which may only be used inside the processing areas). 

Processing Plant and Packing House Environment. The majority of L. 

monocytogenes outbreaks have been linked to contamination of RTE foods originating 

from processing plant or packing house environments. Listeria presence in food 

processing associated environments can conceptually be broken down into two 

components: (i) introduction into the facility and (ii) the subsequent fate of Listeria in 

a facility, which includes rapid elimination (e.g., through sanitation) or survival 

subsequent to introduction (also often referred to as “persistence”). As indicated above, 

Listeria introduction can originate from a number of sources outside a processing 

facility; preventing introduction through fomites (e.g., people, equipment, etc.) is thus 

key part of a Listeria control programs. Without the proper zoning of equipment and 

employees, once introduced, Listeria can then be moved throughout the facility and can 

be introduced into a “niche” where it can evade cleaning and sanitation. A lack of 
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sanitary design and proper cleaning and sanitation programs can prevent the elimination 

of L. monocytogenes from the facility (thus facilitating “persistence”); hence persistence 

can typically be traced back to failures associated with pre-requisite programs (or non-

process preventive controls under US FDA FSMA), such as sanitation. The importance 

of L. monocytogenes persistence in processing facilities has been defined though 

numerous studies (16). For instance, Beno et al. (4), isolated persistent L. 

monocytogenes PFGE types (PFGE types isolated on more than one sampling date) from 

the processing environments of 4 out of 9 small cheese processing facilities during a 

survey where environmental samples were collected monthly; 31 of the 57 L. 

monocytogenes strains subjected to PFGE in this study were persistent in a given 

facility. Furthermore, in a 2011 L. monocytogenes outbreak linked to cantaloupes in the 

United States (6), samples of the brushes used to wash the cantaloupes in the packing 

house were discovered to be positive for L. monocytogenes of the same PFGE types as 

the strains causing illnesses, implicating the brushes as a likely persistent source of 

contamination in this outbreak (27). These are two of the many examples which 

highlight the importance of strong food safety programs at the processing environment 

level that are designed to control the presence and persistence of Listeria.  

Importantly, if the proper conditions exist, L. monocytogenes can survive in 

facilities for weeks to years. In fact, Orsi et al. (30) found L. monocytogenes persisted 

in a food processing facility for at least 12 years. During persistence, L. monocytogenes 

can be transferred to food contact surfaces and contaminate the product, or a harborage 

point may develop (a niche where Listeria is present and can continually contaminate 

product or other areas of the processing environment) within a food contact surface. 

Some common harborage points include product coolers, forklifts, forklift stops, hollow 

equipment legs, dead-end pipes, drains, floor-wall junctures, junctures between 

equipment legs and the floor, floor cracks, among other sites that are difficult to clean 
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and sanitize (40). 

Retail and Food Services. L. monocytogenes recalls and outbreaks have also 

been linked back to the retail and food service environment. As with processing 

facilities, Listeria presence in retail and food service environments is dependent upon 

(i) its introduction into the environment, and (ii) its ability to persist within the 

environment after it has been introduced. Compared with a processing environment, 

retail and food service environments are more open to outside environments, as there is 

limited control over what consumers bring into the retail space. Therefore, in addition 

to Listeria being introduced on raw materials or with employees, it can also be 

transported into the retail environment via customers. Hoelzer et al. (20) conducted a 

survey of 120 retail delis that were classified as small (<10 employees, N=60) or having 

failed an inspection (N=60) where they collected samples of food and non-food contact 

surfaces, including slicers, utensils, the deli case, floors, drains, and sinks, among others. 

The L. monocytogenes prevalence in these delis ranged from <6% (0/18) to 92% (11/12) 

(20). Common sites positive for L. monocytogenes included milk crates, floors of walk-

in coolers, and drains. As such, frequent and stringent cleaning and sanitation is required 

to eliminate Listeria as it is brought into the retail setting, including breaking down 

equipment (e.g., slicers) as far as possible prior to cleaning and sanitation to effectively 

eliminate Listeria within niches in the equipment. In addition, easy-to-clean equipment 

should be used when possible (e.g., no wooden utensils). Once introduced into a retail 

setting, Listeria persistence can develop, and cross-contamination of RTE products can 

occur (similar to what is observed in processing facilities) if Listeria is not eliminated 

through cleaning and sanitation.  

 

RISKS 

L. monocytogenes contamination of food products and food processing 
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environments can represent both a public health risk and a business (or enterprise) risk, 

which both need to be managed and minimized. Importantly, currently used approaches 

to control L. monocytogenes can use either risk or hazard-based approaches, however, 

risk-based approaches tend to be more impactful on reducing L. monocytogenes 

illnesses (3). 

Public Health Risks. L. monocytogenes contamination of RTE foods has been 

identified as the cause of a number of outbreaks across the world. The risk of a L. 

monocytogenes illness or an outbreak linked to a specific food product is affected by a 

combination of (i) the likelihood the food will become contaminated with L. 

monocytogenes, (ii) the food’s ability to support the growth of L. monocytogenes, (iii) 

possible inactivation steps before consumption (e.g. cooking), (iv) susceptibility of the 

products’ consumers, (v) the dose of L. monocytogenes consumed with the 

contaminated food, and (vi) the virulence of the L. monocytogenes strain(s) present in 

the food. The mean r (i.e., probability of a person becoming ill from one cell of L. 

monocytogenes) is estimated to range from 7.9 x 10-12 to 9.6 x 10-9 depending on the 

underlying conditions of the person (e.g., age, pregnancy, and other co-morbidities) 

(34). Due to the low probability of illness from a single cell, it is not likely for a product 

to be contaminated with L. monocytogenes at a level high enough to cause illness 

without L. monocytogenes growth in the product. Therefore, the ability of L. 

monocytogenes to grow in a given product plays an important role in its ability to cause 

an infection. However, it is important to note that while a food can be inherently low 

risk due to the inability of L. monocytogenes to replicate in it, it is still possible for it to 

cause illnesses. In particular, the risk of illness increases when the state of the food 

product is changed in a way that allows it to support growth of L. monocytogenes. For 

instance, in 2014 there was a L. monocytogenes outbreak linked back to caramel apples, 

which caused 35 illnesses and 7 deaths (7). Through an investigation into the cause of 
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the outbreak, it was discovered that the apples were contaminated with L. 

monocytogenes by the brush beds at the packing house. Then, when the apples were 

pierced with a stick and covered with caramel, the L. monocytogenes was provided with 

nutrients to allow it to grow. Therefore, while apples are not an inherently high-risk 

product (due to the containment of nutrients within their waxy skin), downstream 

processing of the apples increased their risk of causing illness. In addition, the 

importance of Listeria control in frozen vegetables and other frozen products is 

becoming more apparent. Frozen vegetables are not traditionally considered a RTE 

product, as consumers are generally instructed to cook these products prior to 

consumption. However, fruit and vegetable smoothies have become increasingly 

popular and are often prepared using frozen fruits and vegetables (e.g., berries, spinach, 

kale), which are generally not cooked prior to blending. While L. monocytogenes is 

unable to grow at freezing temperatures (<0° C), it can survive (2). If these smoothies 

are not consumed immediately following preparation, but are left at temperatures that 

permit growth (e.g., room temperature, refrigeration temp) for sufficient time, L. 

monocytogenes can replicate to a level that increases the likelihood of causing an illness. 

Similarly, preparation of shakes or smoothies from ice cream with subsequent storage 

at temperatures that allow growth of L. monocytogenes converts a product that would 

be considered low risk (due to its inability to support L. monocytogenes growth) to a 

high risk product, as suspected in a recent outbreak in the US linked to ice cream (8). 

As such, it is important to consider all potential uses of a product when designing a food 

safety program, which could include effective cooking labels and instructions as one 

component of a food safety plan, that could decrease both the public health and the 

business risk associated with that product.  

In addition, when assessing the public health risk associated with different RTE 

products, one must consider the target consumers, as some individuals are at a higher 
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risk of infection, with old, pregnant, and immunocompromised individuals being 

particularly susceptible to systemic listeriosis. For instance, in the listeriosis outbreak 

linked to ice cream (8), 5 of the 10 cases were reported to have consumed the ice cream 

as a milkshake while hospitalized for non-related ailments (i.e., they were 

immunocompromised), hence putting them at a higher of listeriosis (8). This example 

illustrates how combinations of different factors can increase the public health risk of a 

product that may otherwise be considered low risk. Similarly, certain products may be 

consumed at an increased frequency by pregnant women or by immunocompromised 

individuals or cancer patients, who are also at an increased risk of listeriosis (some 

products may even be specifically targeted towards one of these groups). Hence, an 

assessment of the listeriosis associated public health risk of a RTE product should also 

consider potential product uses (with a focus on those that increase the potential for L. 

monocytogenes growth) as well as target consumers. The outcomes of these assessments 

may indicate the need for additional control strategies, such as specific labelling (e.g., 

detailed cooking instructions etc.).  

Business Risks. While the public health risk (i.e., the risk of human listeriosis) 

associated with a product would typically be the driver of L. monocytogenes focused 

food safety efforts, individual firms may also want to assess the business and enterprise 

risks associated with Listeria. The predominant business risks associated with Listeria 

typically relate to (i) human disease cases and outbreaks linked to a product, and (ii) 

recalls due to detection of L. monocytogenes contamination in product or repeat L. 

monocytogenes (or possibly even repeat Listeria) detection in the processing 

environment. In this context, it is important to note that in a number of countries (e.g., 

US), any RTE product that tests positive for L. monocytogenes would be considered 

adulterated and hence would have to be recalled, even if the product represents an 

extremely low public health risk (e.g., sunflower seeds) and even if there are no 
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associated human disease cases. Therefore, L. monocytogenes may pose a reasonably 

high enterprise risk for some products that represent a limited public health risk, which 

could lead to situations where it may be prudent for firms to make considerable 

investments into L. monocytogenes control even for products where this organism 

represents a limited public health risk. Enterprise risks associated with L. 

monocytogenes detection differ considerably based on the regulatory environments. For 

example, in the United States, there is a so called “zero-tolerance” policy for L. 

monocytogenes in RTE foods. This means no detectable L. monocytogenes may be 

present in two 25g samples of US FDA regulated products and one 25g sample of USDA 

regulated products (1). If L. monocytogenes is found in any RTE product in the United 

States, the product must be recalled (if product is in commerce), regardless of if there 

are any known illnesses traced back to the product. If the product is still under control 

of the company (i.e., not in commerce), the food must be reprocessed with a validated 

listericidal treatment, repurposed such that it will not be consumed by humans or 

animals, or destroyed. In addition, it must be determined if other product lots are also 

potentially contaminated regardless of if the products have entered commerce (45). 

Alternatively, in the European Union, the regulation includes zero tolerance for L. 

monocytogenes in infant foods or medicines, while there are different criteria for RTE 

foods depending on the potential for L. monocytogenes growth. RTE food that are not 

able to support the growth of L. monocytogenes may have up to 100 cfu/g of product 

for the entirely of the product’s shelf-life. However, for RTE foods that support growth 

of the bacterium, or RTE foods without data to prove the product’s ability to limit L. 

monocytogenes growth to 100 cfu/g at the end of the product’s shelf-life, L. 

monocytogenes must be absent in five 25g samples of the product at the time the product 

leaves the production facility (14). In Canada, food products are grouped into two 

categories. Category 1 products are those that support the growth of Listeria and are 
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commonly implicated in outbreaks; for category 1 products, L. monocytogenes must be 

absent in a 125g sample of the product. Category 2 products are those that support 

limited to no growth of L. monocytogenes; for category 2 products, L. monocytogenes 

must be less than 100 CFU/g in five 10g samples (19).  

Quantification of the business risk associated with L. monocytogenes should take 

into account a number of different costs, including (i) costs of illnesses (which a 

company may be liable for); (ii) costs of product destruction or re-processing (if 

permitted), (iii) legal fees; (iv) loss of sales of destroyed product; and (v) and loss of 

future sales due to poor company reputation. The magnitude of the business risk 

associated with L. monocytogenes can be illustrated by the number of recalls due to L. 

monocytogenes contamination, or suspected contamination. For example, in the US 

alone there were 56 L. monocytogenes related recalls in 2019, including 17 recalls 

involving produce, 10 recalls involving sandwiches/ deli meats, 3 recalls due to smoked 

seafood, and 4 recalls due to dairy products (46, 44).  

 

CHALLENGES 

 The major challenges associated with L. monocytogenes control include (i) 

development and consistent implementation of programs that prevent L. monocytogenes 

introduction and persistence in food associated environments (e.g., processing 

facilities); (ii) management of raw material contamination in products that do not have 

an effective kill step (fresh produce, cold-smoked seafood, raw milk and dairy 

products); (iii) implementation of appropriate root cause analysis procedures that allow 

for identification of sources of environmental and product contamination; and (iv) 

appropriate use of subtyping methods, including WGS, and appropriate interpretation 

of the resulting data. 

Development and Consistent Implementation of Programs that Prevent L. 
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monocytogenes Introduction and Persistence in Food Associated Environments. A 

continued main challenge industry faces is the development and consistent 

implementation of programs that (i) prevent L. monocytogenes introduction and (ii) 

prevent L. monocytogenes persistence in food associated environments (with 

persistence being defined as survival of a specific Listeria subtype in a processing 

facility over time, see below for details). A related challenge is for regulatory agencies 

to develop, implement, and enforce regulations that encourage industry to develop and 

implement stringent programs that minimize the likelihood of L. monocytogenes 

introduction and persistence (for example, regulatory agencies may want to eliminate 

negative consequences associated with Listeria detection in a processing environment 

to encourage processors to find Listeria if it is present). Some regulations or practices 

may, unintentionally, provide incentives for companies to not implement stringent 

environmental and finished product testing strategies. For instance, this may be the case 

if consequences of positive test results (which are expected due to the high prevalence 

of L. monocytogenes) are not commensurate to public health risk (e.g., recalls or other 

severe regulatory consequences due to finding low levels of L. monocytogenes in 

finished products that do not support its growth or finding Listeria spp. in drains in 

processing facilities). 

 Minimizing L. monocytogenes introduction from outside environments is 

particularly challenging due to the high prevalence of L. monocytogenes in many 

different environments, as detailed above. Achieving “zero” introduction of L. 

monocytogenes into processing plants is essentially impossible, particularly if raw 

materials, which in most cases would have to be expected to at least occasionally be 

contaminated, are introduced in a facility.  Key strategies to minimize introduction of 

L. monocytogenes include GMPs (e.g., employees should wear clean coats designated 

for use only within the processing area, wearing gloves), captive footwear policies, foot 
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baths, door foamers, regular cleaning and sanitation of trailers used to transport raw 

materials, regular cleaning and sanitation of forklifts, and regular cleaning and 

sanitation of creates and bins (including trash bins) that carry materials inside and 

outside of the facility. However, it is important to note that interventions that introduce 

additional moisture into the facility (e.g., door foamers and foot baths) can facilitate L. 

monocytogenes growth and survival if not properly maintained (e.g., if appropriate 

sanitizer concentrations are not consistently maintained, leading to wet areas and 

moisture). Verifying sanitizer concentrations as well as testing the areas around foot 

baths and foamers for Listeria presence can be useful in identifying a lack of Listeria 

control. 

 Prevention or management of L. monocytogenes persistence in food facilities is 

a well-documented issue for the industry. Persistent Listeria refers to the Listeria that 

remains in the processing environment for an extended time and is able to survive 

cleaning and sanitation. Once introduced into the processing environment, Listeria can 

enter niches within the equipment or building infrastructure where cleaners and 

sanitizers are not able to reach and eliminate the Listeria, allowing it to become 

persistent. In comparison to persistent Listeria, there also “transient” Listeria. Transient 

Listeria refers to Listeria introduced into the processing environment but removed 

during regular cleaning and sanitation activities. Since Listeria is prevalent in a variety 

of environments, it is expected for Listeria to enter the processing environment on 

occasion. As long as L. monocytogenes is quickly (e.g., by the end of a one-day shift) 

removed by cleaning and sanitation and not allowed to survive in a niche within the 

processing environment, it is unlikely to pose a substantial public health or business 

risk, making it less of a problem compared to persistent L. monocytogenes.  

 An effective Listeria sampling program is key to identifying Listeria presence 

and persistence. For any RTE foods that are exposed to the processing plant 
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environment, appropriate testing programs need to include a robust environmental 

monitoring program and may also include finished product testing, although often at 

substantially lower frequencies than environmental monitoring. Finished product 

testing, particularly if conducted in the absence of a strong environmental monitoring 

program, is of limited values as L. monocytogenes is often present sporadically and at 

low levels, which can make it difficult to identify contaminated product via final product 

testing. On the other hand, environmental monitoring programs often allow for early 

detection of potential sources and routes of contamination. A key challenge with 

environmental monitoring programs however is that many lack clear and defined goals, 

such as verification and validation of Listeria control strategies. For instance, routine 

environmental monitoring programs can be used for verification of Listeria control 

strategies (e.g., cleaning and sanitation). Another important consideration for Listeria 

sampling programs is whether to test for Listeria spp. or L. monocytogenes. When 

performing finished product testing, samples should always be tested for L. 

monocytogenes, as a Listeria spp. positive result in a finished product would require 

further speciation. When performing environmental monitoring, testing for Listeria spp. 

generally allows for a more comprehensive testing strategy, as several non-pathogenic 

species of Listeria often inhabit similar environments as L. monocytogenes and act as 

index organisms. Additional information on environmental monitoring programs can be 

found in the further reading section (e.g., 3M, 2018). While strong food safety programs, 

including environmental monitoring programs, are typically expensive, they provide a 

significant return on investment if they facilitate identification and elimination of 

Listeria within the processing environment before detection by regulatory agencies or 

before a public health issue.  

 In order to identify persistent Listeria (and differentiate them from transient 

Listeria), subtyping (e.g., PFGE or WGS) should be used to determine which subtype 
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or strain of Listeria is present. If the same or related subtypes are found over time, it is 

an indication of persistent Listeria or continuous introduction of the same subtype. 

Identifying if a subtype is persistent or continuously being introduced into the 

environment can be difficult. However, sampling a suspected piece of equipment before 

and after cleaning and sanitation, then determining if the same subtype of Listeria is 

present at both times can provide evidence of persistence. Proper food safety programs 

should be put in place to protect against persistent Listeria. These programs must 

emphasize proper sanitary design of equipment (i.e., elimination of areas within the 

equipment or facility infrastructure that are difficult to clean and sanitize); a one-

directional flow of employees, equipment, and food products through the processing 

area; and proper cleaning and sanitation programs, including pre-cleaning disassembly 

of equipment to a level that allows for effective elimination of Listeria from niches 

through cleaning and sanitation.  

In addition to persistent Listeria and transient Listeria, there is a scenario that 

can be labeled “persistent transient Listeria,” we use this term to refer to a continual 

introduction of one or more Listeria subtypes into the processing environment. While 

this scenario may not be as much of a concern as persistent Listeria, the continuous 

introduction of Listeria also indicates a lack of proper Listeria control. Persistent 

transient Listeria are likely to be introduced into the processing environment with raw 

materials, crates, employees, among other routes. In order to reduce the prevalence of 

persistent transient Listeria, more frequent cleaning and sanitation, improved supplier 

verification, and additional controls to prevent employees from tracking Listeria into 

the processing environment (e.g., captive footwear programs and boot washes at the 

entrance of processing areas) should be considered. 

Management of Raw Material Contamination in Products that Do Not 

Have an Effective Kill Step. While Listeria can be easily destroyed by heat, there are 
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a number of products and raw materials which do not receive an effective kill step during 

processing. Produce, cold-smoked seafood products, and raw milk dairy products 

represent examples of commonly consumed RTE products that do not include a kill a 

step as part of the process. For these products in particular, robust supplier verification 

programs for raw materials are essential to reduce the likelihood that raw materials lead 

to contamination of the final product. If suppliers are unable to prove effective control 

of Listeria, including in their processing environment if applicable (e.g., through 

environment monitoring programs), alternative suppliers should be identified. In 

addition, non-thermal and thermal heat treatments that reduce L. monocytogenes 

(although not at the level of a “kill step”, which is typically defined as a 5-log reduction) 

can be used. For example, cold-smoked seafood producers may use antimicrobial 

washes of incoming raw materials, or the addition of antimicrobial treatments (e.g., 

nisin) to final products to reduce Listeria levels and growth (24). Produce 

packinghouses and fresh-cut facilities may also use antimicrobials in wash water to 

reduce cross-contamination between produce items (17).  

Implementation of Appropriate Root Cause Analysis Procedures that 

Allow for Identification of Sources of Environmental and Product Contamination. 

Since L. monocytogenes is prevalent across a variety of different environments, 

identifying the source of L. monocytogenes found in finished product or the environment 

can be difficult (e.g., is it coming in on a raw material, or where within the processing 

environment is L. monocytogenes present or persisting). While a formal well-defined 

root cause analysis (RCA) approach provides one of the most effective ways to define 

the root cause of a Listeria “issue,” implementing good RCA procedures remains a 

challenge for many companies. RCA is a strategy which aims to identify the true or 

initial cause of a final event, such that without this initial cause the final event could not 

occur. Therefore, using RCA pivots corrective actions from being responsive in nature 
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to being preventive (i.e., with proper RCA similar problems will be prevented from 

happening in the future). In particular, RCA can be used to provide a more systematic 

method for identifying and controlling the presence and persistence of Listeria in the 

food supply chain. In order to perform an RCA, a multidisciplinary team (e.g., someone 

from quality and food safety, maintenance, and operations) should be formed. Due to 

the complexity of many food safety problems, getting input from a diverse set of 

thinkers can help to identify novel causes, as well as innovative corrective actions. Once 

assembled, the team should clearly define the problem and discuss what information is 

needed to help solve the problem; this information or data should then be gathered. 

There are a variety of techniques that can then be used to identify root causes, including 

fishbone diagrams, the “five whys” technique, change analysis, fault tree analysis, 

among others. Each technique can be used on its own or they can be used in combination 

and each technique may be optimal in different situations (43). Fishbone diagrams, in 

particular, can be helpful when laying out all components of a problem. Then using the 

“5 whys” technique (i.e., continually asking why some event or practice occurred or is 

the way it is until reaching the root cause) can be useful when identifying the root cause 

associated with each bone of the diagram that has been deemed important. For instance, 

if a persistent Listeria subtype is present in a given processing environment, RCA 

should be performed to (i) identify the source of the persistent L. monocytogenes, (ii) 

eliminate this persistent L. monocytogenes, and (iii) identify a control strategy that will 

prevent a similar persistent Listeria in the future. Figure 2.1 lays out an example of a 

fishbone diagram, which can be used as a starting point for identifying potentially 

important preliminary causes. In this fishbone diagram, there are six major bones: 

company practices/ food safety culture, personnel, facilities, cleaning and sanitation, 

raw material introduction, and processing equipment. Each of these major bones 

represent an over-arching category where many food safety, or Listeria persistence, 
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problems originate. Using this fishbone diagram as a template, RCA can be performed; 

Figure 2.2 outlines a potential procedure for performing RCA. 
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Figure 2.1. Example of a fishbone diagram to identify the cause of Listeria persistence within a food processing environment. 
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Figure 2.2. Steps for conducting a root cause analysis. Major bones refer to the six 

broad categories in the fishbone diagram in Figure 2.1. Minor bones refer to the sub-

categories within each of the six major bones. 
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An RCA for identifying the source of contamination or persistent Listeria is 

typically part of a “for-cause” investigation that also includes efforts to gather sufficient 

data to facilitate the RCA. This type of “for-cause” investigation typically requires an 

intensified sampling of the implicated parts of the processing environment to identify 

contaminated sites and contamination sources; this type of sampling often involves 

collection of 100s to 1,000s of samples. While collection of environmental samples is 

typically key for Listeria RCA, raw material and finished product testing can also be 

useful and needed. Overall sampling as part of RCAs often represents an iterative 

process where the RCA identifies possible root causes that require sampling for 

confirmation (or exclusion), often followed by additional sampling to guide further 

discussions on the root cause and potential corrective actions to eliminate and prevent 

similar contamination problems in the future.  

Appropriate Use of Subtyping Methods, Including Whole Genome 

Sequencing, and Appropriate Interpretation of the Resulting Data. In many parts 

of the world, subtyping (“DNA fingerprinting”) methods are increasingly used as part 

of efforts to manage L. monocytogenes. These methods may be used by either (i) an 

individual company or (ii) regulatory and public health agencies. For example, 

individual companies may perform subtyping of all L. monocytogenes or all Listeria 

spp. isolates that are obtained as part of their routine environmental monitoring 

programs. While still uncommon, this practice is increasingly used, particularly in 

locations where regulatory agencies also perform subtyping on L. monocytogenes or 

Listeria spp. that may be obtained by an agency as part of either a routine inspection or 

for-cause investigations. Routine subtyping of all isolates helps companies to identify 

persistent contamination, particularly if positive test results are only sporadically 

obtained and subtyping is needed to determine whether two positive samples represent 

contamination with the same Listeria or independent events. In addition, some 
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companies do not perform routine subtyping but may perform subtyping only as part of 

investigations and RCA efforts. Many companies experience challenges with the use of 

molecular subtyping methods, including (i) the decisions of whether and when to 

perform subtyping; (ii) the decision of which subtyping method to use, and (iii) 

performing and interpreting the data analysis (particularly for WGS). The decisions of 

whether and when to perform subtyping are complex and involve a number of 

considerations (e.g., regulatory climate, food safety budget, history of Listeria issues, 

etc.), but companies with a strong food safety culture increasingly use these tools. 

Companies that require advanced information to successfully identify the root cause of 

a Listeria “issue” also typically use subtyping. As for selection of subtyping methods, 

commonly used methods include ribotyping, PFGE, and WGS; while industry often still 

uses methods such as PFGE and ribotyping, due to typically lower costs and a reduced 

need for highly technical data analysis, WGS is being increasingly used by industry 

(23). 

With regard to subtyping use by government agencies across the world, public 

health and regulatory agencies increasingly use WGS to characterize human and food-

associated L. monocytogenes isolates. For example, in the United States, WGS is 

performed on all human L. monocytogenes isolates as well as on any isolates from foods 

and food processing environments obtained by either the Food and Drug Administration 

(US FDA) or the USDA-FSIS. These WGS data are uploaded into the NCBI pathogen 

detection database (https://www.ncbi.nlm.nih.gov/pathogens/) and hence are publicly 

available, even though the metadata provided do not typically allow for identification 

of the facility an isolate was obtained from. As part of this process, isolates from foods 

and food processing environments are also clustered with closely related human isolates 

and other isolates from foods and food processing facilities. This clustering, and 

subsequent follow up genome comparisons, can be used to (i) identify possible human 
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cases that may be linked to a product or facility (providing hypothesis for subsequent 

epidemiological investigations) or (ii) possible instances where a specific strain may 

persist in an environment. However, these analyses do not identify definitive linkages, 

but rather WGS data need to be interpreted in conjunction with epidemiological data. 

Industry often struggles with these data analyses, particularly since they often need to 

be performed and interpreted rapidly to make correct decisions on recalls, recall scopes, 

and other matters with considerable public health and business impact. While some 

guidance documents and reviews on interpretation of WGS have been published (23, 

33), appropriate interpretation of WGS data and associated decision making are not 

trivial and should typically conducted in consultation with experts to avoid costly errors 

and misinterpretations. 

  

CONCLUSIONS 

 Listeria spp. and L. monocytogenes are prevalent in a variety of environments, 

including natural and urban environments as well as primary production, processing, 

and retail environments, among others. As such, there are a variety of points along the 

supply chain where RTE food products can become contaminated with L. 

monocytogenes. While L. monocytogenes poses substantial public health risks, it also 

poses business risks, including when it is found in RTE products that represent a low 

risk of human disease (e.g., products that do not support L. monocytogenes growth [15]). 

As such, risk-based stringent Listeria control programs should be implemented, which 

include GMPs; regular cleaning and sanitation programs; the use of equipment with 

sanitary designs (i.e., equipment without niches); and one-directional flow of 

employees, equipment, and food products. In addition, food products and their 

processing environments should be monitored for Listeria presence and persistence; 

these environmental monitoring programs need to be linked to specific goals (e.g., 
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verification of certain food safety programs, such as sanitation programs). Furthermore, 

robust supplier verification programs and non-thermal antimicrobial treatments are 

especially important for RTE products produced without a kill step. The large number 

of potential sources of Listeria throughout the food supply chain make it difficult to 

identify the true source of contamination when detected in the environment or products. 

The use of formal and well executed root cause analysis and “for-cause” investigations 

and subtyping tools are hence essential in investigations of Listeria positives in order to 

not only address the specific issue at hand, but also to create and implement control 

measures to prevent similar events from occurring in the future. 
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CHAPTER 3 

 

SMALL PRODUCE FARM ENVIRONMENTS CAN HARBOR DIVERSE 

LISTERIA MONOCYTOGENES AND LISTERIA SPP. POPULATIONS 

Published in: Journal of Food Protection (2021), 84 (1): 113–121  

 

ABSTRACT 

A comprehensive understanding of foodborne pathogen diversity in pre-harvest 

environments is necessary to effectively track pathogens on farms and identify sources 

of produce contamination. As such, this study aimed to characterize Listeria diversity 

in wildlife feces and agricultural water collected from a New York State produce farm 

over a growing season. Water samples were collected from a pond (N=80) and stream 

(N=52). Fecal samples (N=77) were opportunistically collected from areas <5m from 

the water sources; all samples were collected from a <0.5km2 area. Overall, 41% 

(86/209) and 24% (50/209) of samples were positive for Listeria monocytogenes and 

Listeria spp. (excluding L. monocytogenes), respectively. For each positive sample, one 

L. monocytogenes or Listeria spp. isolate was speciated by sequencing the sigB gene, 

which allowed for additional characterization based on the sigB allelic type (AT). The 

86 L. monocytogenes and 50 Listeria spp. isolates represented 8 and 23 different ATs, 

respectively. A subset of L. monocytogenes isolates (N=44) from pond water and pond-

adjacent feces (representing a ~5,000m2 area) were further characterized by PFGE; 

these 44 isolates represented 22 PFGE types, which is indicative of considerable 

diversity at a small spatial scale. Ten PFGE types were isolated more than once, 

suggesting persistence or re-introduction of PFGE types in this area. Given the small 

spatial scale, the prevalence of L. monocytogenes and Listeria spp., as well as the 

considerable diversity amongst isolates, suggests traceback investigations may be 
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challenging. For example, traceback of finished product or processing facility 

contamination with specific subtypes to pre-harvest sources may require collection of 

large sample sets, and characterization of a considerable number of isolates. Our data 

also support the adage, “absence of evidence does not equal evidence of absence” 

applies to L. monocytogenes traceback efforts at the pre-harvest level. 

 

HIGHLIGHTS 

• There is considerable Listeria diversity in the farm environment investigated. 

• Listeria subtypes were re-introduced or persisted over the growing season. 

• Four L. monocytogenes PFGE types were shared between feces and pond 

samples. 
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INTRODUCTION 

It is estimated that Listeria monocytogenes is responsible for approximately 

1,600 illnesses, 1,455 hospitalizations, and 255 deaths annually in the United States (1), 

and several high-profile outbreaks and recalls have been traced to L. monocytogenes 

contamination of fresh produce (8, 24, 44). For example, a 2011 outbreak was traced 

back to L. monocytogenes contamination of cantaloupes that resulted in 147 illnesses 

and 33 deaths (2). Additionally, there have been >30 recalls since 2016 due to L. 

monocytogenes contamination of produce and ready-to-eat produce products (36). 

While the majority of produce outbreaks and recalls due to L. monocytogenes 

contamination are traced back to the processing environment, L. monocytogenes can be 

introduced, or re-introduced, in the processing environment from the pre-harvest 

environment [e.g., on produce, in soil, on harvesting equipment, or on workers shoes; 

(32)] or could be introduced onto product in the field and remain on product until 

consumption.  

Following detection of a Listeria-positive sample during routine monitoring or 

an outbreak investigation, processors or investigators often conduct extensive sampling 

to identify potential contamination sources (i.e., traceback analysis). Identifying how a 

Listeria isolate was introduced onto product or into the processing environment is a 

critical step in performing a root cause analysis and establishing effective corrective 

actions (to control potential contamination pathways). To determine if an isolate 

originated in the pre-harvest environment, investigators and operators must collect 

environmental samples from farms that supply the product. However, the ubiquity of 

Listeria in the environment (1, 7, 12, 11) may make it challenging to prove a causal 

relationship between Listeria isolated from the pre-harvest environment and Listeria 

isolated from post-harvest environments and/or product. Previous studies of pre-harvest 

environments isolated Listeria from soil (3, 25, 35, 34, 48, 49), wildlife feces (5, 19, 37, 
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49), agricultural water (1, 6, 17, 20, 33), and biological soil amendments (25). As such, 

a more comprehensive understanding of the prevalence, diversity, and distribution of 

Listeria on produce farms is needed to better understand on-farm sources of Listeria, 

understand transfer of Listeria between sample types on produce farms, and facilitate 

traceback analysis. While some studies have investigated the diversity of Listeria in pre-

harvest produce environments (3, 19, 20, 33, 34, 35), these studies have examined 

diversity over large geographic areas. For instance, Chapin et al. (3) and Strawn et al. 

(34) investigated Listeria diversity on 5 New York State (US) farms located up to 205 

km from each other, while Stea et al. (33) examined Listeria diversity within an 

agricultural watershed in Nova Scotia, Canada with a drainage area of 135 km2. As there 

is limited data on Listeria diversity at small spatial scales (e.g., within individual farms), 

we aimed, in this study, to address this knowledge gap by examining the diversity of 

Listeria on a single produce farm.  

Agricultural water and wildlife intrusion in produce fields have been identified 

as key sources and pathways for dispersal of Listeria contamination in pre-harvest 

environments (14, 26, 37, 48). Multiple studies have isolated L. monocytogenes from 

agricultural water and wildlife feces collected in produce growing environments (6, 7, 

19, 25, 34, 48). For instance, Weller et al. (48) isolated L. monocytogenes from 45% 

(N=11) of wildlife feces collected on 10 produce farms in New York State. Falardeau 

et al. (7) isolated L. monocytogenes from 10% (N=223) of agricultural water samples 

collected from 2 watersheds in British Colombia, Canada. Furthermore, Cooley et al. 

(6) isolated L. monocytogenes from 43% (N=1405) of water samples collected from the 

California Central Coast agricultural region. As such, the primary objective of the study 

reported here was to characterize and compare the L. monocytogenes and Listeria spp., 

excluding L. monocytogenes, diversity in agricultural water and wildlife feces collected 

from a single produce farm in New York State. 
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MATERIALS AND METHODS 

Study design and sample collection. The study reported here was conducted 

between May and July 2014 on a produce farm in the Finger Lakes region of New York 

State. Two separate irrigation water sources are located on the farm: (i) a pond and (ii) 

a stream. The water sources are within a rectangular 0.5km2 (124 acres) area; the 

sampling sites in the pond and stream are approx. 775 m (2,546 ft) apart. 

Agricultural water and fecal samples were collected on 26 different days. Fifty-

two and 80 water samples were collected from the stream and pond, respectively; the 

Listeria prevalence and number of sigB allelic types for the 52 stream samples and the 

13 fecal samples collected near the stream were previously reported by Weller et al. 

(49). However, in order to better understand the Listeria diversity on the studied farm, 

this data was also included here. All water samples were collected as described in Weller 

et al. (49). Briefly, 250 mL of water were collected into a sampling cup (Nalgene, 

Rochester, NY) using a sampling pole and stored on ice until processing. Fecal samples 

(N=77) located within 5m of the pond (N=64) or stream (N=13) were collected 

opportunistically, as previously described (49); data for the fecal samples collected near 

the pond were not previously reported. A 5m buffer around the pond and stream was 

used for practical reasons. All samples were stored at 4°C and processed within 3h of 

collection. 

Listeria enrichment and isolation. All samples were processed as previously 

described (49). Briefly, 10 g of the fecal samples were aliquoted and transferred to 

separate Whirl-Pak bags (Nasco, Fort Atkinson, WI). The water samples were each 

passed through separate 0.45 µm filters, and each filter was transferred to a separate 

Whirl-Pak bag. Each sample was enriched in 90 mL of Buffered Listeria Enrichment 

Broth (BLEB; Becton Dickinson, Franklin Lakes, NJ) at 30°C, and after 4h, Listeria 
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Selective Enrichment Supplement (Oxoid, Cambridge, UK) was added to each sample. 

Each sample was incubated for a total of 48h at 30°C. After 24h and 48h of incubation, 

the enrichments were sub-streaked onto Modified Oxford Agar (MOX; Benton 

Dickinson) and Listeria monocytogenes Plating Medium (LMPM; Biosynth 

International, Itasca, IL). MOX plates were incubated at 30°C and LMPM plates were 

incubated at 35°C for 48h. After incubation, characteristic Listeria colonies on 24 and 

48h MOX plates (i.e., grey, donut-shaped colonies) were streaked onto LMPM for 

isolation and incubated at 35°C for 48h. One colony per presumptive Listeria-positive 

LMPM plate (up to 4 colonies total; 1 from the 24h LMPM plate, 1 from the 48h LMPM 

plate, 1 from the LMPM plate sub-streaked from the 24h MOX plate, and 1 from the 

LMPM plate sub-streaked from the 48h MOX plate) was selected, sub-streaked onto 

brain heart infusion agar (BHI, Becton Dickinson), and incubated at 37°C for 24h. If 

blue colonies were present (characteristic of L. monocytogenes, L. ivanovii, hemolytic 

L. innocua due to phospholipase C action, 29) on a given plate, they were preferentially 

selected to be sub-streaked on BHI. If a blue colony was not present, a round white 

colony was selected to be sub-streaked on BHI; this colony phenotype is characteristic 

of Listeria species other than L. monocytogenes, L. ivanovii, and hemolytic L. innocua. 

If no round white or blue colonies were present on any of the LMPM plates, the sample 

was considered negative for Listeria. If a round white or blue colony was present, sigB 

PCR was performed as a confirmation step and speciation of Listeria, as described 

below. 

sigB sequencing and allelic typing. All isolates per presumptive-positive 

Listeria sample (i.e., up to 4 isolates per sample) were confirmed as Listeria via PCR 

amplification of sigB as described by Nightingale et al. (22); all samples with 

presumptive-positive Listeria isolates in this study were confirmed as positive via sigB 

PCR. Sequencing of the sigB gene was then performed on 1 isolate per positive sample 
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for further characterization; if the colony characterized was identified as L. 

monocytogenes the sample was considered L. monocytogenes positive, if the colony 

characterized was identified as Listeria spp. other than L. monocytogenes, then sample 

was considered Listeria spp. positive. While only subtyping 1 isolate per sample may 

lead to an underestimation of the true diversity present in the sample types investigated 

here, this approach allowed us to get a preliminary estimate of the diversity present. 

There were 22 samples with both blue and white colonies present on LMPM plates (out 

of 209 total samples); for 21 of these samples the blue colony was selected for 

characterization (2/3 fecal samples, 8/8 stream samples, and 11/11 pond samples). Since 

only L. monocytogenes was selected for PFGE, preferentially selecting these blue 

colonies provided us with the larger sample size for further subtyping. A BLAST search 

was performed against an internal database 

(http://www.foodmicrobetracker.com/login/intro.aspx) to determine its sigB allelic type 

(AT) of each sequence. All isolates were archived as 15% glycerol stocks and stored at 

-80°C.  A sigB AT phylogeny was constructed based on the 660 bp nucleotide sequence 

of the sigB gene using the maximum likelihood method in MEGA7 version 7.0.26; the 

nucleotide substitution Tamura 3-parameter model was used, and 1,000 bootstraps were 

performed.  

Pulsed field gel electrophoresis. All confirmed L. monocytogenes isolates from 

the pond and the feces collected near the pond (N=44) were characterized by pulsed 

field gel electrophoresis (PFGE). Only isolates from pond water and feces were 

characterized by PFGE as a subset analysis to investigate diversity over a small spatial 

scale (i.e., the approx. 5,000m2 around the pond). PFGE was performed using AscI and 

ApaI restriction enzymes, according to the CDC PulseNet protocol (10). 

Statistical analysis. All statistical analyses were performed using R version 

3.5.1 (27). Chi-square tests were used to determine if L. monocytogenes and Listeria 
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spp. (excluding L. monocytogenes) prevalence differed between sample types. The 

Bonferroni correction was used to account for the 3 comparisons made for Listeria spp. 

(excluding L. monocytogenes) and the 3 comparisons made for L. monocytogenes (pond 

vs. fecal, pond vs. stream, fecal vs. stream; α=0.05/3=0.0167). While separate data for 

the feces collected near the pond and feces collected near the stream are provided in this 

study, these sample types were combined into a single fecal sample category for analysis 

due to the small number of fecal samples collected near the stream (N=13 of 77 total 

fecal samples). To determine the number of unique ATs and PFGE types, AT richness 

and PFGE type richness were estimated using the breakaway package version 4.6.7 (43), 

which calculates the transformed species richness estimation with 95% confidence 

intervals as outlined in Rocchetti et al. (28) and Willis and Bunge (42). To estimate AT 

and PFGE type diversity for each sample type, Simpsons Index of Diversity was 

calculated using the vegan package version 2.5-3 (23); 95% confidence intervals (95% 

CI) were calculated for the Simpson’s Index of Diversity, according to the methods 

described by Hunter and Gaston (13). The effective number of subtypes was also 

calculated to communicate Simpson’s Index of Diversity in a more intuitive form (i.e., 

the estimated number of subtypes present in a sample type given a certain value of 

Simpson’s Index of Diversity; 15).  

  

RESULTS AND DISCUSSION 

Seek and you shall find. If a reasonably large number of samples are collected 

from the pre-harvest environment in New York State and tested for Listeria (“seek”), it 

is likely Listeria will be “found.” The overall prevalence of Listeria in the study reported 

here was 65% (136/209); the prevalence of Listeria spp. (excluding L. monocytogenes) 

was 24% (50/209) and the prevalence of L. monocytogenes was 41% (86/209; Table 

3.1). While the Listeria spp. (excluding L. monocytogenes) prevalence in the pond 
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(31%; 25/80) and stream samples (27%; 14/52) were not significantly different 

(P=0.735), the L. monocytogenes prevalence in the pond (39%; 31/80) and stream 

samples (63%; 33/52) were significantly different even after the Bonferroni correction 

(P=0.009; Table 3.1). The frequency of Listeria isolation from agricultural water has 

been reported in several previous studies conducted in New York State (3, 34, 35, 48, 

40) and other produce-growing regions (1, 6, 7, 18, 33). In previous New York State 

studies, the L. monocytogenes prevalence ranged between 9% (48) and 59% (35) in pond 

samples, and between 10% (40) and 50% (48) in stream samples. As such, the frequency 

of L. monocytogenes isolation from pond samples in the current study falls within the 

range reported in the literature, while the frequency of L. monocytogenes isolation from 

the stream samples in the current study is higher than in previous studies. The higher L. 

monocytogenes prevalence in the stream sampled here, compared to those sampled in 

other studies, may be due to presence of two dairy operations immediately upstream of 

the sampling sites along the stream. Additionally, run-off from the dairy operations 

could explain the significantly higher L. monocytogenes prevalence in the stream 

compared to the pond. Previous studies have indicated upstream livestock operations 

are associated with an increased prevalence of L. monocytogenes in stream water (7, 19, 

41). Furthermore, another study suggested cattle may increase the prevalence and may 

distribute L. monocytogenes in the farm environment (22). Of note, the current study 

only tested 250 mL of water per sample, whereas other studies collected upwards of 1 

L per sample. As such, the prevalence reported for the pond and stream investigated in 

the current study may be an underestimation of the true prevalence. Regardless, while 

the current study supports agricultural water as a source of L. monocytogenes in the New 

York State preharvest produce environment, our findings also suggest future studies on 

agricultural water need to consider the impact of spatiotemporal factors (e.g., upstream 

land use) on downstream microbial water quality.  
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Table 3.1. Frequency and prevalence of Listeria spp. and L. monocytogenes in fecal and agricultural water samples. 

Sample 

Typeb Location 
No. of 

Samples 

No. of samples positive for (Prevalence in %) 

Listeria spp.a L. innocua L. seeligeri L. welshimeri L. monocytogenes 

Fecal - 77 11 (14) 6 (8) 4 (5) 1 (1) 22 (29) 

Near Pond 64 9 (14) 4 (6) 4 (6) 1 (2) 13 (20)  
Near Stream 13 2 (15) 2 (15) 0 (0) 0 (0) 9 (69) 

        

Water - 132 39 (30) 14 (11) 20 (15) 5 (4) 64 (48) 

Pond 80 25 (31) 8 (10) 15 (19) 2 (3) 31 (39) 

Stream 52 14 (27) 6 (12) 5 (10) 3 (6) 33 (63) 

aListeria spp. includes L. innocua, L. seeligeri, and L. welshimeri.  

bIn addition to the water samples collected from the pond water, one sediment sample was also collected and tested positive for L. 

innocua. 
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The prevalence of Listeria spp. (excluding L. monocytogenes) and L. 

monocytogenes in the fecal samples collected here were 14% (11/77) and 29% (22/77), 

respectively (Table 3.1). Based on fecal shape and consistency, the majority of the fecal 

samples appeared to be produced by Canadian geese (Branta canadenesis; N=71). This 

is logical given the large flock of Canadian geese that nested in the wetlands adjacent 

to the pond throughout the study. The remainder of the feces were produced by canids 

(N=5) and an unknown animal (N=1). The Listeria spp. (excluding L. monocytogenes) 

prevalence was 13% (9/71) in the goose and 40% (2/5) in the canid fecal samples. The 

L. monocytogenes prevalence was 28% (20/71) in the goose and 40% (2/5) in the canid 

fecal samples. Neither Listeria spp. (excluding L. monocytogenes), nor L. 

monocytogenes, were isolated from the one unidentified fecal sample. While multiple 

studies have isolated Listeria from wildlife feces (5, 19, 25, 34, 37, 48, 49), relatively 

few studies have examined the prevalence of L. monocytogenes in Canadian goose 

feces, specifically (5, 19). The L. monocytogenes prevalence in the goose fecal samples 

collected as part of the current study was greater compared to previous studies (5, 19). 

For instance, a study conducted in Ontario, Canada, did not detect L. monocytogenes in 

any of the 18 goose fecal samples collected (19), while Converse et al. (5) isolated 

Listeria spp. from 10% (47/495) of goose fecal samples. Although, the prevalence of L. 

monocytogenes in wildlife fecal samples varied between studies, our findings support 

previous studies’ findings (e.g., 33, 36, 37) that wildlife can act as source of L. 

monocytogenes in pre-harvest environments. 

Absence of evidence does not equal evidence of absence. The composition of 

the Listeria population in the agricultural water and fecal samples was characterized 

using sigB allelic typing. Allelic typing was used to speciate the isolates and provide a 

preliminary estimate of diversity. A total of 136 isolates were selected for sigB allelic 

typing (i.e., one isolate per Listeria-positive sample); L. monocytogenes isolates were 
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preferentially selected for subtyping based on colony morphology (blue colonies on 

LMPM). Of the 136 isolates, 20, 24, 6, and 86 isolates were identified as L. innocua, L. 

seeligeri, L. welshimeri, and L. monocytogenes, respectively. We identified 15 sigB ATs 

among the 50 Listeria spp. (excluding L. monocytogenes) isolates (approx. 1 unique AT 

per 3 isolates) and 8 ATs among the 86 L. monocytogenes isolates (approx. 1 unique 

AT per 11 isolates; Tables 3.2 & 3.3; Table S1). In addition, we estimated two diversity 

parameters, richness and the Simpson’s Index for Listeria spp. (excluding L. 

monocytogenes; Table 3.2) and L. monocytogenes (Table 3.3) in the pond, stream, and 

fecal samples. For example, the estimated L. monocytogenes AT richness for the pond 

water, stream water and fecal samples were 8 (95% CI= 7, 15), 9 (95% CI= 6, 73) and 

5 (95% CI= 5, 8) ATs, respectively, indicating the presence of a considerable diversity 

on the farm investigated. However, it should be noted that this may be an 

underestimation of the true diversity present in these sample types on this produce farm, 

as only one isolate per sample type was characterized by allelic typing. Even with this 

limitation our data indicate considerable Listeria diversity in the small area of the 

produce farm investigated here. The proportion of ATs identified relative to the total 

number of isolates subtyped in the current study was similar to the proportion reported 

by previous studies conducted on New York State produce farms (3, 34). For example, 

applying the same analysis as in the current study, Chapin et al. identified 50 sigB ATs 

among 186 Listeria spp. (excluding L. monocytogenes) isolates [(approx. 1 AT per 4 

isolates), (3)] and Strawn et al. identified 12 sigB ATs among 107 L. monocytogenes 

isolates [(approx. 1 AT per 8 isolates), (34)]; both studies isolated Listeria from soil, 

drag swabs, water, and fecal samples collected from the five produce farms across New 

York State. Since all samples collected in the study reported here were from a <0.5 km2 

area, compared to past studies which sampled larger areas (between 33 and 205 km 

apart), the similarity in the ratio of unique ATs relative to the total number of isolates 
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subtyped in this and these previous studies (3, 34) provides Listeria richness may be 

similar across spatial scales. However, additional research is required to confirm this 

finding, especially in other geographical areas. 
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Table 3.2. Diversity of Listeria spp. sigB allelic types (AT) in agricultural water and fecal samples.  

Sample Type 
No. of 

Listeria spp.a 

No. of 

ATs 

Estimated Subtype 

Richness (95% CI)b,c  
Simpson’s Index (95% CI)c Effective No. of 

ATd 

Fecal - 11 8 35 (8, 2871) 0.84 (0.75, 0.94) 6 

       

Water - 39 14 23 (14, 259) 0.84 (0.76, 0.92) 6 

Pond 25 11 32 (11, 1445) 0.79 (0.67, 0.92) 5 

Stream 14 8 11 (8, 39) 0.84 (0.76, 0.91) 6 

aExcluding L. monocytogenes 

bEstimated using weighted linear regression 

c95% CI: 95% confidence interval 

dEffective number of AT is calculated based on Simpson’s Index of Diversity 
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Table 3.3. Diversity of Listeria monocytogenes sigB allelic types and pulsotypes in agricultural water and fecal samples.  

Sample 

Type 
Location 

No. of  

L. monocytogenes 

Subtyping 

Methoda 

No. of 

Subtypes 

Estimated Subtype 

Richness (95% CI)b,c  

Simpson’s Index 

(95% CI)c 

Effective 

No. of 

Subtyped 

Fecal - 22 AT 5 5 (5, 8) 0.63 (0.46, 0.80) 3 
 Near 

Pond 

13 PT 7 9 (7, 33) 0.78 (0.63, 0.93) 5 

        

Water - 64 AT 7 7 (7, 8) 0.54 (0.41, 0.68) 2 

 Stream 33 AT 6 9 (6, 73) 0.41 (0.20, 0.62) 2 

 Pond 31 AT 7 8 (7, 15) 0.66 (0.49, 0.82) 3 

 Pond 31 PT 19 29 (19, 207) 0.93 (0.91, 0.95) 15 

a AT = allelic type; PT = PFGE type. PFGE was only performed on Listeria monocytogenes isolates and not on non-pathogenic 

Listeria species isolates. 

b Estimated using weighted linear regression 

c95% CI: 95% confidence interval 

dThe effective number of subtype is calculated based on Simpson’s Index of Diversity.  
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Furthermore, multiple Listeria (including L. monocytogenes) sigB ATs were 

isolated from a single sample type on a given day on multiple occasions. In the pond, 

stream, and fecal samples there were an average of 1.9, 1.5, and 1.7 Listeria (including 

L. monocytogenes) sigB ATs isolated per sampling day, respectively. There was also a 

maximum of 3, 2, and 4 Listeria (including L. monocytogenes) sigB ATs isolated per 

sampling day from the pond, stream, and fecal samples, respectively, indicating 

considerable Listeria diversity in the area sampled even on a given day. Six of the 8 L. 

monocytogenes sigB ATs were isolated from at least one sample type on multiple dates 

(see Figure 3.1, which shows the isolation of L. monocytogenes sigB ATs over time; 

equivalent data for Listeria spp. [excluding L. monocytogenes] are shown in Figure S1). 

Most notably, AT 57 was isolated from all three sample types (i.e., pond water, stream 

water, and feces) on multiple occasions, and was isolated from at least one sample type 

on 23 of the 26 sampling dates. AT 57 represents 13 PFGE types (Figure 3.2), consistent 

with previous reports that PFGE is considerably more discriminatory then sigB allelic 

typing (4). The high prevalence of a single AT (i.e., AT 57) makes it likely that less 

prevalent ATs are not isolated, as for example, AT 57 may outcompete other ATs. In 

addition, the considerable AT diversity observed also make it likely that samplings that 

do not include large sample numbers will not detect and isolate some Listeria sigB ATs. 

Hence, traceback investigations could mistakenly conclude that a given Listeria subtype 

is not present in a given pre-harvest environment, particularly in environments similar 

to the one investigated here.  
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AT  Date (2014) 

5/14 5/18 5/19 5/20 5/26 5/30 5/31 6/1 6/3 6/6 6/7 6/8 6/10 6/11 6/12 6/14 6/15 6/16 6/19 6/20 6/21 6/24 6/27 6/28 6/29 7/1 

57 

Pond                                                     

Stream                                              

Feces                                                     

58 

Pond                                                     

Stream                              

Feces                                                     

59 

Pond                                                     

Stream                             

Feces                                                     

60 

Pond                                                     

Stream                              

Feces                                                     

61 

Pond                                                     

Stream                               

Feces                                                     

63 

Pond                                                     

Stream                            

Feces                                                     

64 

Pond                                                     

Stream                            

Feces                                                     

67 

Pond                                                     

Stream                             

Feces                                                     

 

Figure 3.1. Date of L. monocytogenes sigB AT isolation from water and fecal samples. In total, 31, 33, and 22 isolates from pond, 

stream, and fecal samples were allelic typed, respectively. The colored squares indicate at least one isolate of the given AT was 

isolated on the given date from pond (█), stream (█), or fecal (█) samples; dates when a sample was collected, but the specified 

AT was not isolated are represented by █, and dates when a sample was collected but was negative for Listeria are represented by 

█. At each sampling event, 3 pond and 3 stream samples were collected. Fecal samples were collected opportunistically (i.e., when 

feces were present). If no fecal samples were collected, the square is white. The dates of Listeria spp. (excluding L. 

monocytogenes) sigB AT isolation is shown in Figure S1. 
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Figure 3.2. Date of L. monocytogenes PFGE type isolation from pond and fecal samples collected near the pond. In total, PFGE 

was performed on 31 and 13 isolates from pond and fecal samples, respectively. The colored squares indicate at least one isolate of 

the given PFGE type was isolated on the given date from pond (█) or fecal (█) samples; dates when a sample was collected, but the 

specified PFGE type was not isolated are represented by █, and dates when a sample was collected but was negative for L. 

monocytogenes are represented by █. At each sampling event, 3 pond samples were collected. Fecal samples were collected 

opportunistically (i.e., when feces were present). If no fecal samples were collected, the square is white.  
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AT Pulsotype  
Date (2014) 

5/14 5/18 5/19 5/20 5/26 5/30 5/31 6/1 6/3 6/6 6/7 6/8 6/10 6/11 6/12 6/14 6/15 6/16 6/19 6/20 6/21 6/24 6/27 6/28 6/29 7/1 

57 

CU-107,177 
Pond                           

Feces                           

CU-114,466 
Pond                           

Feces                           

CU-123,563 
Pond                           

Feces                           

CU-174,119 
Pond                           

Feces                           

CU-177,162 
Pond                           

Feces                           

CU-32,111 
Pond                           

Feces                           

CU-381,460 
Pond                           

Feces                           

CU-404,459 
Pond                           

Feces                           

CU-481,571 
Pond                           

Feces                           

CU-482,177 
Pond                           

Feces                           

CU-483,564 
Pond                           

Feces                           

CU-484,572 
Pond                           

Feces                           

CU-90,562 
Pond                           

Feces                           

58 CU-140,36 
Pond                           

Feces                           

59 CU-44,181 
Pond                           

Feces                           

60 CU-26,241 
Pond                           

Feces                           

61 

CU-30,25 
Pond                           

Feces                           

CU-485,565 
Pond                           

Feces                           

63 CU-11,534 
Pond                           

Feces                           

64 CU-480,561 
Pond                           

Feces                           

67 

CU-254,52 
Pond                           

Feces                           

CU-254,53 
Pond                           

Feces                           
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Additionally, a sigB AT phylogeny was constructed to investigate if there was 

any relationship between sigB AT isolation and sample type (Figure 3.3). The 

phylogeny suggests that neither specific sigB ATs nor specific sigB clades are associated 

with a given sample type. A Fisher’s exact test also found no significant relationship 

between sigB AT and sample type (P=0.30). While our data could also be interpreted as 

suggesting that none of the ATs isolated in this study have an enhanced fitness in the 

different habitats sampled here, future studies with larger data sets are needed to further 

probe niche adaptation of different Listeria species and clades. 

 

 

Figure 3.3. Maximum likelihood phylogeny of Listeria isolated from pond, stream, 

and fecal samples from a single produce farm in New York State based on a 660 bp 

fragment of the sigB gene. Values on the branches are bootstrap values from 1,000 

replicate trees. The scale displayed below the tree represents the genetic distance 

shown in the branch length. 
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In addition to characterization by sigB AT, we performed PFGE on the L. 

monocytogenes isolates from the pond (N=31) and feces collected near the pond (N=13) 

to better understand the diversity of the isolates at a very small spatial scale (approx. 

5,000 m2). We identified 19 PFGE types among the 31 L. monocytogenes isolates 

obtained from pond water samples (approx. 1 PFGE type per 2 isolates) and 7 PFGE 

types among the 13 L. monocytogenes isolates obtained from fecal samples (approx. 1 

PFGE type per 2 isolates). The estimated PFGE type richness for L. monocytogenes 

isolated from the pond water and fecal samples were 29 (95% CI= 19, 207) and 9 (95% 

CI= 7, 33) PFGE types, respectively (Table 3.3). Two concurrent studies conducted in 

a 200 km2 agricultural watershed in Ontario, Canada also performed PFGE on L. 

monocytogenes isolates from agricultural water and wildlife feces (19, 20); these studies 

used the same PFGE protocol as the current study (10). In the two Canadian studies, 

Lyautey et al., (19, 20) identified 21 PFGE types from 75 L. monocytogenes isolates 

from water samples (approx. 1 PFGE type per 3 isolates) and 18 PFGE types from 84 

L. monocytogenes isolates from fecal samples (approx. 1 PFGE type per 5 isolates). As 

such, the ratio of PFGE types identified relative to the number of L. monocytogenes 

isolates subtyped in the current study, which was conducted in a 40,000-fold smaller 

area, was larger than the ratio found in the Canadian studies (19, 20) for both the fecal 

samples and water samples. While this may suggest the L. monocytogenes population 

in the Finger Lakes region of New York is more diverse than Ontario, Canada, the 

greater diversity on the farm sampled in the study reported here may also be due to 

factors unique to the sampled farm. For example, since two dairy farms are located 

uphill of the sampled farm, continuous introduction of L. monocytogenes from the 

dairies may have resulted in a more diverse population of L. monocytogenes, compared 

to the other areas. To identify potential drivers of the greater PFGE type diversity 

observed in the study reported here, compared to Lyautey et al. (19, 20), a systematic 
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survey of Listeria populations across and within regions is needed. Regardless, the 

diversity of Listeria identified in this study, and other studies, suggests it often may be 

difficult to determine if an isolate found in a processing environment originated in a 

particular pre-harvest environment, as multiple subtypes may be present in a single 

environment. In fact, in order to either rule in or out any particular source in an 

environment with a considerable diversity, such as the one investigated in the current 

study, a large number of samples would have to be collected and a large number of 

isolates would have to be subtyped, including multiple isolates per sample, as previously 

suggested (9, 30). Consequently, the “absence of evidence” for presence of a given 

Listeria subtype (i.e., the Listeria subtype was not detected in any of the samples 

collected) in the pre-harvest environment in New York State and other pre-harvest 

environments with prevalent Listeria does not necessarily provide evidence that the 

given subtype is truly absent in this environment, particularly if sample size is small. 

Should I stay or should I go. The L. monocytogenes PFGE data collected here 

indicate the survival (“stay”) or continuous re-introduction (“go”) of L. monocytogenes 

into the farm environment. Specifically, 8 of the 19 PFGE types isolated from the pond 

and 3 of the 7 PFGE types isolated from the feces collected near the pond were isolated 

on more than one date (Figure 3.2). The repeated isolation of multiple PFGE types 

suggests these PFGE types were surviving or were continuously re-introduced in these 

sample types. For example, PFGE type CU-30,25 was isolated a total of 8 times in the 

study reported here, making it the most commonly isolated PFGE type (Figure 3.2). 

This could indicate PFGE type CU-30,25 has an increased fitness in this environment 

or there is a source of this PFGE type continuously contaminating the environment.  

Additionally, 4 out of the 22 PFGE types identified here were isolated from both the 

pond and feces collected near the pond (Figure 3.2). Lyautey et al. (19, 20) found similar 

results in two of their studies, as 5 of the 18 PFGE types from wildlife feces in the South 
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Nation watershed in Ontario, Canada, were also isolated in water samples collected from 

the same watershed. Since the same PFGE types can be found in agricultural water and 

feces collected in proximity of the sampled water in both studies, this supports transfer 

of L. monocytogenes between feces and agricultural water, and/or a common source 

leading to the contamination of both sample types in the investigated environment.  

Work smarter not harder. Allelic typing of the sigB gene has been used to 

speciate Listeria isolates and can provide initial characterization of Listeria strains 

present (16), but is not of high enough discriminatory power to elucidate the actual 

diversity of a Listeria population in an environment. For example, in the current study 

AT 57 represents 13 different PFGE types, AT 61 represents 2 different PFGE types 

and AT 67 represents 2 different PFGE types (Figure 4.2). Strawn et al. (34) also 

performed PFGE on L. monocytogenes isolates with matching sigB ATs from a single 

sample type in a survey of soil, feces, drag swabs, and water samples from 5 farms in 

New York State (i.e., repeatedly isolated sigB ATs). For 3 out of the 4 repeatedly 

isolated sigB ATs, they found multiple PFGE types corresponding to each individual 

AT. PFGE hence clearly provides improved discriminatory power (over sigB allelic 

typing), facilitating investigations of persistence, transfer between sample types, and 

continuous re-introduction (4). Interestingly, in the study reported here, all isolates of 

the same PFGE type also had the same AT (Figure 3.2). For instance, all isolates of 

PFGE type CU-371,460 were AT 57, all isolates of PFGE type CU-107,177 were AT 

57, all isolates of PFGE type CU-254,53 were AT 67, etc. This finding has not been 

directly reported in other studies, however, Liao et al. (16) have determined the sigB 

gene is genetically stable, as it is not a frequent site of homologous recombination or 

positive selection. As such, we expect this relationship between sigB ATs and PFGE 

types to hold true across different environments. While sigB allelic typing is not as 

discriminatory as PFGE, it can still be useful in performing traceback analysis, as it can 
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be used as an initial screen to determine which isolates should be selected for PFGE, or 

other fine resolution typing methods (e.g., whole genome sequencing, WGS) during a 

traceback investigation. As a result, to determine which isolates from an environment 

match an isolate from another environment (e.g., processing environment), allelic 

typing should first be performed (“work smarter”). Then, isolates from the pre-harvest 

environment that have the same allelic type as the isolate from the processing 

environment should be characterized by PFGE or WGS (“work harder”) to determine 

which are truly the same. This will save time and money, as PFGE and WGS are 

considerably more expensive and time intensive to perform. 

Overall, the data presented here and in previous studies (49) indicate Listeria is 

prevalent in the New York State pre-harvest produce environment, and as a result, it is 

likely for Listeria from the pre-harvest environment to contaminate produce, and/or be 

introduced to the processing environment (from the farm). The considerable Listeria 

diversity observed in the small area within the produce farm studied, and the evidence 

of transfer between sample types or continuous re-introduction of Listeria, indicate that 

it often may be difficult to successfully trace isolates from finished products or the 

processing environment (e.g., environmental swab) back to farm sources (e.g., feces, 

water), unless a large number of samples are collected and a large number of isolates 

are subtyped. However, it should be noted that these conclusions may be limited to 

similar preharvest produce environments that are continuously contaminated with 

livestock run-off. As such, additional research is needed to determine if the findings 

reported as part of this pilot study hold true for other produce farms and produce 

growing regions. 
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CHAPTER 4 

 

ROOT CAUSE ANALYSIS CAN BE USED TO IDENTIFY AND REDUCE A 

HIGHLY DIVERSE LISTERIA POPULATION IN AN APPLE PACKINGHOUSE: A 

CASE STUDY 

Published in: Food Protection Trends (2021), In Press 

 

ABSTRACT 

Root cause analysis (RCA) was utilized to identify Listeria elimination 

strategies in an apple packinghouse. While most of the Listeria was not persistent 

according to sigB allelic typing (i.e., 16 allelic types were isolated from 22 positive 

samples), the same packinghouse sites were continually positive. The root cause was 

identified as a limited understanding of how to eliminate Listeria. Based on these 

findings, we provided instructions on proper Listeria elimination strategies and 

supported implementation, including (i) increasing cleaning and sanitation from once to 

twice a week, (ii) use of quaternary ammonium compound (quat) powder around forklift 

stops and floor cracks, and (iii) removal of a dead-end pipe. Five samplings were 

conducted to test intervention effectiveness. While increased cleaning and sanitation 

frequency did not significantly reduce the log-odds of a site testing Listeria positive 

[11% (4/35) before and 13% (18/137) after, P=0.787 by logistic regression], the site-

specific interventions appeared to have controlled the Listeria at the respective sites. 

Specifically, after utilizing quat powder, Listeria was not isolated from the forklift stops 

or floor crack (0/5 samples positive after versus 6/10 samples positive before 

intervention). Therefore, this study provides a roadmap for performing RCA and 

implementing interventions for controlling Listeria in packinghouses. 
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INTRODUCTION 

Listeria contamination of fruits and vegetables is an issue that can be traced back 

to contamination from pre-harvest or post-harvest sources (e.g., packinghouses, 

processing plants). There have been 32 recalls caused by L. monocytogenes 

contamination of fruit and vegetable products in 2019 and 2020 (38). For example, there 

was a recall of apples in 2019 caused by L. monocytogenes contamination, which 

involved 2 bulk bins and 2,297 cases of apples (37). In addition, there have been several 

L. monocytogenes illness outbreaks linked to produce (8, 9, 10, 11, 12, 13). A L. 

monocytogenes illness outbreak linked to cantaloupes in 2011 (8) and a L. 

monocytogenes illness outbreak linked to caramel apples in 2014 (10) were of particular 

relevance; both outbreaks were linked to contamination in the packing environment (10, 

24).  

 Packinghouses (i.e., a facility that washes, sorts, culls, grades, and/ or packages 

produce but does not perform any processing steps) (15, 17, 27, 33, 35) and food 

processing facilities (5, 16, 19, 22, 25, 32), in general have been shown to often harbor 

Listeria. Listeria can be brought into the packing environment on produce or produce 

bins (via the preharvest environment), with employees serving as fomites, via forklifts 

or other transportation vehicles, among other routes (16, 17, 28, 34, 35, 48, 49). Once 

Listeria has been transferred into a packinghouse, it can contaminate different pieces of 

equipment and the packinghouse structure itself (e.g., floors, walls, or drains). A lack 

of Listeria control in a packinghouse can be identified through environmental sampling 

when the same sites within a packinghouse are repeatedly positive. Through further 

subtyping (e.g., using pulsed field gel electrophoresis or whole genome sequencing) of 

the Listeria present in “repeat positive” sites, two scenarios can be identified: (i) 

“persistent Listeria” and (ii) “persistent transient Listeria.” “Persistent Listeria” refers 

to the Listeria not removed from the packing environment (e.g., through cleaning and 
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sanitation, facilitated by proper sanitary design of equipment), allowing it to survive and 

replicate over time and facilitating its spread in the packing environment as well as 

possible contamination of finished product (16). On the other hand, “persistent transient 

Listeria” describes the scenario when the same sites within the packing environment are 

continuously positive but not necessarily with the same subtype of Listeria (e.g., due to 

continuous re-introduction of Listeria from the same sources) (4). Direct traceback of 

product contamination to persistent transient Listeria populations is more difficult 

compared to persistent Listeria populations because of the larger number of subtypes 

present. However, similar to persistent Listeria, persistent transient Listeria can still 

lead to product contamination and subsequent recalls and illnesses. There is a third 

scenario referred to as “transient Listeria,” which refers to the Listeria that enters the 

processing environment but is eliminated through routine cleaning and sanitation 

activities. 

 To avoid recalls and outbreaks it is necessary to identify sites of persistent 

Listeria and persistent transient Listeria within the packing environment and to 

subsequently implement corrective actions that eliminate contamination. However, only 

performing superficial “corrective” actions (e.g., re-cleaning and sanitation) may not 

truly eliminate contamination, leading to recurrence of contamination linked to the same 

root cause (e.g., an introduction vector that was not addressed). Therefore, identifying 

the root cause of the contamination or persistent Listeria in the packing environment is 

essential (36). As such, this study aimed to develop, implement, and test a protocol for 

performing root cause analysis (RCA) to identify interventions to eliminate Listeria. 

While the study reported here used an apple packinghouse as a model system, the RCA 

protocol and procedures will be broadly applicable to different produce and food 

processing operations. 
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MATERIALS AND METHODS 

Packinghouse characteristics and study design. An apple packinghouse in the 

northeastern US was investigated in this case study to evaluate a root cause analysis 

(RCA) procedure for reducing or eliminating Listeria in produce operations. The 

packinghouse is approx. 25,000 ft2 (approx. 2,300 m2), has a single packing line, and 

runs from September to May each year. The packinghouse is regulated under the US 

FDA rule for preventive controls for human food (1), as >50% of apples they pack come 

from growers not under their management; the packinghouse is not located on a primary 

production farm (2). The packinghouse performed daily dry cleaning (i.e., removal of 

leaves and debris from the equipment and floor) and performed full “wet” cleaning and 

sanitation weekly. The same employees who worked on the line during production also 

performed cleaning and sanitation activities. 

Initial data on Listeria detection in the same packinghouse investigated in the 

case study reported here was reported by Sullivan and Wiedmann (33), who designated 

this facility as “packinghouse A.” This previously reported data was utilized in the 

current study (i) as proof of Listeria presence in the packinghouse, (ii) for the 

identification of sampling sites with a higher likelihood of being positive for Listeria, 

and (iii) as evidence in the RCA. In addition to this previously collected data, sample 

collection was also performed as part of the current study to test the effectiveness of the 

interventions. 

In the current study, root cause analysis was performed to help identify 

interventions for reducing or eliminating persistent Listeria in the packing environment. 

To test the effectiveness of selected interventions, sampling of the packinghouse 

environment was performed before and after intervention implementation (see Figure 

4.1 for a timeline of sampling and intervention implementation).  
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Figure 4.1. Sampling events and intervention implementation timeline for eliminating 

Listeria in the apple packinghouse. 

 

Root cause analysis and intervention implementation. RCA was performed 

using a fishbone diagram and the “5 why’s procedure,” utilizing the procedure recently 

described by Belias and Wiedmann (4). RCA was performed in a 1.5 h meeting with the 

packinghouse manager, the quality assurance manager, the maintenance manager, and 

two members from the Cornell team (i.e., the RCA team) on October 25th, 2019. Briefly, 

a pre-constructed fishbone diagram was utilized as a brainstorming tool in the RCA 

(Figure 4.2); this fishbone diagram was adapted from Belias and Wiedmann (4) and 

modified to be specific to produce operations (i.e., packinghouse and processing 

facilities). There are 7 major bones in the fishbone diagram that represent high-level 

categories that can lead to Listeria problems: (i) company practices/ food safety culture, 

(ii) personnel, (iii) facilities, (iv) cleaning and sanitation, (v) produce introduction, (vi) 

packinghouse equipment, and (vii) produce processing equipment. The apples were not 

further processed, so the major bone “vii: produce processing equipment” was deemed 

irrelevant and was therefore removed.  Within each of these major bones, there are 
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minor bones specifying more specific qualities of a produce operation. As with the 

major bones, these were modified, removed, or added based on relevance; for instance, 

forklifts and forklift stops were added as minor bones under the “facilities” major bone.  
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Figure 4.2. Fishbone diagram utilized in root cause analysis to identify interventions to eliminate Listeria in the packinghouse 

environment. This fishbone diagram was adapted from: Belias, A. and M. Wiedmann. 2021. Hazards, risks, and challenges of Listeria 

in the food supply. Food Safety Management in Practice. In press.
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Based on the RCA, the following interventions were tested: (i) increasing 

cleaning and sanitation from once a week to twice a week, (ii) weekly (applied on 

Monday of each week) use of quat powder around forklift stops and floor cracks, (iii) a 

site-specific niche (a dead-end pipe) removal, and (iv) implementing a deep cleaning 

protocol in the drains.  

Sample collection. To test the effectiveness of intervention implementation, we 

performed sampling of the packinghouse environment (Figure 4.1) in addition to 

previous pre-intervention sampling reported by Sullivan and Wiedmann (33). Five 

samplings were performed from September 1st, 2020 to October 30th, 2020, including 

one sampling before and 4 samplings after intervention implementation. All sampling 

events were performed on Fridays to test if the second cleaning and sanitation event in 

a given week (performed on Wednesdays) was associated with a lower log odds of a 

sample testing positive for Listeria; in pre-intervention sampling a higher percent of 

Listeria positive samples were seen in end-of-week sampling as compared to early-in-

week samples. On each visit, 35 samples were collected from the “wet-area” of the 

packing house (i.e., the area with the bin dump, flume, brush beds and waxing 

equipment); only 32 samples were collected on the final sampling event (October 30th) 

because 3 sampling sites were no longer present due to removal of the dead-end pipe. 

All samples were collected from zones 2 and 3 (i.e., no food contact surface samples 

were collected). The sampling sites included: (i) 11 PVC pipe samples, (ii) 9 drain 

samples, (iii) 2 forklift stop samples, (iv) 1 floor crack sample, and (v) 12 equipment 

frame samples (Table S1). Samples were collected using sponges hydrated with Dey-

Engley broth (3M, Saint Paul, MN). Sampling was performed at least 2 hours into 

production. All samples were transported back to the lab on ice, then stored at 4°C until 

processing.  
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TABLE 4.1. List of root causes and corrective actions identified, and interventions 

tested to control repeatedly isolated Listeria in the packinghouse. 
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Identified 
Problem 

Minor 
bone 

Root Cause 
Corrective Actionsa 

Interventionsb 
Short-term Long-term 

Increase in 
Listeria 
positives 
over the 
course of a 
week 
(between 
cleaning and 
sanitation 
events) 

Cleaning 
and 
sanitation 
protocols 
and 
schedules  

Not knowing 
how 
frequently 
cleaning and 
sanitation 
must be 
performed to 
control 
Listeria 

 

(1) 
Increasing 
the 
frequency 
of cleaning 
and 
sanitation 
of the wet 
end to more 
than once a 
week 
(2) 
Improved 
cleaning 
and 
sanitation 
protocols 
(e.g., use of 
foamers to 
apply 
chemicals) 

Hiring 
additional 
employees 
for a 
cleaning 
and 
sanitation 
(as 
opposed to 
having the 
line 
workers 
stay after 
their shifts) 

Increasing 
cleaning and 
sanitation 
frequency of 
the wet end to 
twice a week 
(once on the 
weekend and 
once on 
Wednesday) 

      
A persistent 
transient 
Listeria 
population 
around the 
forklift stops 

Forklift 
stops 

The forklift 
stops trap 
moisture and 
nutrients 
underneath 
to support 
Listeria 
growth and 
are difficult 
to clean and 
sanitize 

(1) Use of 
quatc 
powder 
around 
forklift 
stops 
(2) 
Seasonal 
removal 
and deep 
cleaning of 
the forklift 
stops  

Raise 
forklift 
stops to 
facilitate 
easier 
cleaning 
and 
sanitation 

Weekly quatc 
powder 
application 
around the 
forklift stops 

      
A persistent 
transient 
Listeria 
population in 
a floor crack 

Floor 
crack 

Floor cracks 
created 
when drains 
were 
constructed 
were never 
filled in 

Use of 
quatc 
powder 
around 
floor crack 

Filling in 
crack to 
eliminate 
the 
harborage 
point 

Weekly quatc 
powder 
application in 
the floor 
crack 

      
A persistent 
Listeria 
population 
present in the 
catch pan 
and a dead-

Catch 
pan area 
under 
brush 
beds 

The catch 
pain area has 
several 
plastic-metal 
and metal-
metal 

Removal of 
the dead-
end from 
the pipe 

Redesign 
the catch 
pan area to 
eliminate 
juncture 
points that 

Removal of 
the dead-end 
from the pipe 
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end pipe that 
drains the 
catch-pan 

junctures, as 
well as a 
dead-end 
pipe that are 
difficult to 
clean and 
sanitize 

can harbor 
Listeria 
 

      
Persistent 
and 
persistent 
transient 
Listeria 
populations 
in a square 
drain and a 
connected 
trench drain 
under the bin 
dump/ flume 

Drains The drains 
were not 
designed to 
be easily 
cleaned and 
sanitized 

(1) Use of a 
cleaner 
sanitizer in 
a deep 
cleaning 
event 
(2) Use of 
quatc 
powder 
around the 
drain or 
quatc ring 
in the drain 
 

Installation 
of a 
diaphragm 
pump in 
the square 
drains to 
facilitate 
draining 
and prevent 
the buildup 
of organic 
matter 

Use of a 
cleaner 
sanitizer to 
perform deep 
cleaning of 
the drains 

aCorrective actions refer to actions that were identified as potential solutions to address 

each root cause. These corrective actions were not all implemented in the current study 

due to time and budget constraints but provide examples of additional steps that can be 

taken to control Listeria associated with the identified root causes.  

bInterventions refer to the actions taken in the current study to control Listeria associated 

with the identified root causes.  

cquat = quaternary ammonium compound 
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Listeria enrichment and isolation. All samples were processed within 24h of 

collection using a modified version of the FDA BAM method (18). Briefly, 90 mL of 

buffered Listeria enrichment broth (BLEB, BD, Franklin Lakes, NJ) was added to each 

sponge sample, followed by stomaching at 230 RPM for 1 minute and incubation at 

30°C for a total of 48h. After the initial 4h of incubation, 360 µL of Listeria selective 

enrichment supplement (LSES, Oxoid, Basingstoke, UK) was added. At 24h and 48h 

into incubation, 50 µL of the enriched samples are streaked for isolation onto modified 

Oxford agar (MOX, BD) and Listeria monocytogenes plating medium (LMPM, 

Biosynth International, Itasca, IL). The MOX plates were incubated at 30°C for 48h and 

the LMPM plates were incubated at 35°C for 48h. After incubation, characteristic 

Listeria colonies were sub-streaked from the MOX and LMPM plates onto brain heart 

infusion agar plates (BHI, BD); characteristic Listeria colonies on MOX are dimpled 

and pewter and characteristic L. monocytogenes colonies on LMPM are round and blue. 

Up to 16 characteristic colonies per sample were sub-streaked onto BHI, such that up to 

4 colonies were selected from 24h MOX plates, 24h LMPM plates, 48h MOX plates, 

and 48h LMPM plates. The BHI plates were incubated at 37°C for 24h. 

sigB sequencing and allelic typing. PCR and subsequent sequencing of a 660 

bp fragment of sigB was performed on all characteristic Listeria colonies sub-streaked 

to BHI for species identification; allelic type (AT) assignment based on the sigB 

sequence was performed for a preliminary assessment of the Listeria subtypes present 

in the packinghouse (16). PCR and sequencing were performed according to the 

protocol described by Sullivan and Wiedmann (33). All isolates confirmed as Listeria 

were stored as 15% glycerol stocks at -80°C. 

Statistical analysis. All data visualization, cleaning, and analyses were 

performed in R version 4.0.0 (27). Logistic regression was performed to determine if 

there were significant differences in the percent of samples positive for Listeria before 
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and after increasing cleaning and sanitation frequency to twice a week. Date of sampling 

and if the sample was collected before or after increased cleaning or sanitation were 

tested for inclusion in the models as potential explanatory factors. The model outcome 

was the percentage of samples positive for Listeria. To identify which of the explanatory 

factors were associated with the outcome, univariable logistic regression was first 

performed. Any variable with P<0.1 was then included in a multivariable regression 

model. To identify which explanatory factors should be included in the final 

multivariable logistic regression model, backwards selection was performed to identify 

the model with the lowest Bayesian Information Criterion (BIC) value. For a model to 

be selected as the final model, its BIC value had to be at least 2 less than the next 

simplest model. 

 In addition, the relationship between the increased cleaning and sanitation 

frequency and the percent of Listeria positive samples was also assessed using the 

sampling data collected over multiple seasons before intervention implementation to 

determine if the interventions were effective compared to historical data. To do so, the 

dataset in the current study was combined with the Listeria presence/absence data 

reported by Sullivan and Wiedmann (33) for the same packinghouse. However, the sites 

from Sullivan and Wiedmann (33) included in the analyses in the current study were 

reduced to only include sites collected from the “wet-end” of the packinghouse, as this 

was the only area sampled in the current study. In addition, only samplings on Thursdays 

or Fridays were included in the analyses performed here to determine the difference in 

samplings conducted after the second weekly cleaning and sanitation event (performed 

on Wednesdays). Logistic regression was used to determine the relationship between 

the log odds of a Listeria positive sample and if the sample was collected before or after 

increasing the frequency of cleaning and sanitation. The same procedure for logistic 

regression described above was used. No statistical analyses were performed to test the 
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quat powder, pipe removal, and drain cleaning interventions because there were too few 

samples.  

 

RESULTS 

Root cause analysis. At the RCA meeting an RCA team was assembled, which 

included the packinghouse manager, the quality assurance manager, the maintenance 

manager, and 2 members of the Cornell team. The RCA team reviewed the historical 

results to identify instances of repeat Listeria isolation (i.e., both persistent and 

persistent transient) in the packinghouse and opportunities for corrective actions. The 

historical results showed, that while there were persistent Listeria strains present in the 

packinghouse in the first years of sampling (2017 and 2018; based on whole genome 

sequencing data), the persistent strains were no longer present in the following year 

(2019) (34). However, there was a pattern of persistent transient Listeria, as indicated 

by the repeat isolation of Listeria of non-matching subtypes (according to WGS) from 

the same sites (e.g., drains, dead-end pipe and catch pan area, forklift stops) within the 

packinghouse. In addition, the historical results showed (i) the majority of the positives 

in the packinghouse were from the wet-end (i.e., the area with the dump tank, flume, 

brush beds, and waxing equipment), (ii) there tended to be a greater percentage of 

positive samples in samplings conducted at the end of the week compared to the 

beginning of the week (which is closer to the weekly cleaning and sanitation, which was 

originally performed on Saturday or Sunday), (iii) deep square drains in the 

packinghouse were commonly positive, however after a deep cleaning event during the 

first year of sampling, a decrease in drain positives was observed, (iv) forklift stops at 

the dump tank loading area were commonly positive, and (v) sites by the catch pan 

below the brush bed, which is drained by a dead-end pipe, were commonly positive. 

 Next, brainstorming was performed by reviewing the fishbone diagram (Figure 
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4.2). Major bones (i.e., bones “i” to “vi”; see Figure 4.2) were reviewed and prioritized 

in order of importance; the following 3 major bones were prioritized in this case: (iii) 

facilities, (iv) cleaning and sanitation, and (vi) packinghouse equipment. Within each of 

these major bones, the relevant minor bones were discussed to determine their 

likelihood of contributing to the repeat isolation of Listeria. After review and discussion 

of historical results with the RCA team, the minor bones that were potential causes 

requiring further explorations were determined. Once this was completed for all relevant 

minor bones, the 4 minor bones most likely to be the root cause of the repeat Listeria 

positive sites were identified. The 4 minor bones selected as being the most likely 

contributors to repeat isolation of Listeria in this case were (i) cleaning and sanitation 

protocols and schedules, (ii) the catch pan area (under the “packinghouse equipment” 

major bone), (iii) forklift stops (under the “facilities” major bone), and (iv) drains (under 

the “facilities” major bone). For each of these 4 minor bones, the “5 why’s procedure” 

was performed by asking: “what part of this procedure likely contributed to the 

persistent Listeria?” and “why is this procedure set up the way it is?” Then, we 

continually asked 5 additional “why” questions to get to the actual root cause. For 

instance, if the identified problem was a persistent Listeria population at the end of the 

catch pan and dead-end pipe, the “5 why” questions may be: (i) why is the persistent 

Listeria population found in this area? Because the Listeria is living in the dead-end; 

(ii) why is the Listeria living in the dead-end? Because moisture, apple juices/ organic 

matter, and Listeria cells get trapped in the dead-end; (iii) Why do these things get 

trapped in the dead-end? Because there is no easy way for these things to be removed 

from the dead-end (iv) Why is there no easy way for these things to be removed from 

the dead-end? Because it is difficult to get cleaning and sanitation chemicals, as well as 

brushes for mechanical cleaning, to reach the dead end; and (v) why is the pipe and 

dead-end designed the way it is and why is a dead-end pipe in use in the facility? From 
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there, long- and short-term corrective actions to eliminate the root cause(s) were 

identified. These corrective actions were then prioritized based on the cost and ease of 

implementation. A description of the root causes, long and short-term corrective actions 

that were identified, and the interventions tested in the packinghouse can be found in 

Table 4.1. See Figure 4.1 for the intervention implementation schedule. 

Listeria population. Overall, 13% (22/172) of samples were positive for 

Listeria spp. (including L. mono-cytogenes) across the 5 sampling events performed as 

part of the study reported here. The 22 positive samples came from 9 sampling sites; 

these sites include (i) 3 sites from a single dead-end PVC pipe that drained the catch pan 

under the brush beds, (ii) 2 forklift stops, (iii) 1 floor crack, (iv) and 3 sites within drains 

(2 sites within a single square drain and 1 site from a trench drain leading into the square 

drain) (Table 4.2). 
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TABLE 4.2. Listeria sigB allelic types (ATs) isolated on each sampling date from the positive samples in the packinghouse. 

Site 

IDa Site Description sigB ATs Historically 

Isolated from Each Siteb 

sigB ATs Isolated on Each Sampling Datec,d 

Sampling 1: 

9/11/20 

Sampling 2: 

9/25/20 

Sampling 3: 

10/2/20 

Sampling 4:  

10/23/20 

Sampling 5: 

10/30/20 

305 Pipe outlet 12, 61, 67 - - 9 - - 

306 Dead-end portion of PVC pipe Not sampled - - 9 - - 

309 Pipe inlet 12, 61, 67 - - 9 9 9 

318 Forklift stop, full bins - - - 12 - - 

319 Forklift stop, empty bins 3, 57 23, 57, 61, 67 - 20, 24 - - 

320 Floor crack by a trench draine Not sampled 23, 61 163 - 31 - 

328 Square drain, PVC pipe in drainf 2, 3, 12, 58, 60, 61, 103 22, 57, 67 - 4, 12, 58 - 58 

329 Square drain, outer edgef 2, 3, 12, 58, 60, 61, 103 22, 57, 67 57, 61 7, 20, 57 - 20, 24, 58 

335 Trench drain 1, 9, 57, 58, 61 - 7, 57, 60 3 20, 24 3, 20, 24, 57, 58 

aFull descriptions of all sampling sites can be found in Table S1. 

bHistorical results were obtained from the following study: Sullivan, G. and M. Wiedmann. 2020. Detection and prevalence of Listeria 

in U. S. produce packinghouses and fresh-cut facilities. J Food Prot. 83(10):1656-1666. 

cListeria sigB ATs 57, 58, 60, 61, 67, and 103 are L. monocytogenes; Listeria sigB ATs, 22, 23, and 31 are L. innocua, and Listeria 

sigB ATs 1, 2, 3, 4, 7, 9, 12, 20, 24, and 163 are L. seeligeri.  

d “-“ indicates the sample was negative on the given sampling date. 

dThis is not the same trench drain as in site 335. 

fHistorical isolates represent both sites in the square drain: PVC pipe in the drain and the outer edge. Therefore, the same ATs are 

listed is the historical column for both sites. 
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The Listeria species isolated included L. monocytogenes, L. innocua, and L. 

seeligeri; L. monocytogenes was isolated from 11 samples, L. innocua was isolated from 

5 samples, and L. seeligeri was isolated from 15 samples (with a total of 22 positive 

samples). Of the 22 positive samples, 9 had 2 species present (4 samples were positive 

for L. monocytogenes and L. innocua, while 5 were positive for L. monocytogenes and 

L. seeligeri).   

 sigB allelic typing was performed on a total of 199 isolates obtained from the 22 

positive samples; these isolates yielded 16 sigB allelic types (ATs) (Table 4.2). Between 

1 and 5 sigB ATs were isolated from each sample (mean=2 ATs per sample and standard 

deviation=1 AT per sample). In many cases, different sigB ATs were isolated from a 

given site on different sampling dates (Table 4.2). For instance, 6 sigB ATs were 

isolated from a forklift stop (Sample ID 319); each AT was only isolated on one 

sampling date (Table 4.2). In addition, among the 12 sigB ATs isolated from 2 sites 

within a single square drain and 1 site within the trench drain leading into the square 

drain, 6 ATs were only isolated on one sampling date (Table 4.2), suggesting a persistent 

transient population. In the catch pan area, sigB AT 9 (L. seeligeri) was isolated on 3 

sampling dates from the inlet to the dead-end pipe, on 1 sampling date from the dead-

end of the pipe, and on 1 sampling date from the outlet of the dead-end pipe (Table 4.2), 

suggesting persistence.  

Intervention effectiveness. The effectiveness of each intervention was tested 

by performing sampling before and after intervention implementation (Figure 4.1). For 

the increased cleaning and sanitation frequency intervention (from once a week to twice 

a week), one sampling was conducted prior to and four samplings were conducted after 

implementation; 11% (4/35) of samples were Listeria positive before and 13% (18/137) 

of samples were Listeria positive after implementation. There was no significant 

difference in the log odds of a sample testing positive for Listeria before compared to 
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after implementation (P=0.787 based on logistic regression; Table S2). In addition, date 

of sampling (P=0.866) was not significant (Table S2). Since only 1 sampling was 

conducted prior to implementation, the percent of positive samples after implementation 

was also compared to the percent of positive samples from historical samplings in the 

same wet-area in this packing house (33); only samplings conducted later in the week 

(after Wednesday when the 2nd weekly cleaning and sanitation was performed) were 

included in the analyses. Based on these historical results, 31% (25/81) of samples were 

Listeria positive prior to compared to 13% (18/137) of samples positive after 

intervention implementation. Based on univariable logistic regression, both (i) date of 

sampling (P<0.001) and (ii) if the samples were collected before or after intervention 

implementation (P=0.037) were significant. However, only date of sampling was 

retained in the final model (Table S3).  

To test the effectiveness of an intervention that involved weekly application of 

quat powder around the forklift stops, 3 samplings were performed before 

implementation and 2 samplings were performed after implementation. One of the 2 

forklift stops was positive on sampling 1 (9/11/20) and sampling 3 (10/2/20); no sigB 

AT was isolated from the forklift stop on more than one sampling date, indicating the 

presence of a persistent transient Listeria population (Table 4.2). Following the 

implementation of weekly quat powder application (samplings 4 and 5), Listeria was 

not isolated from this forklift stop (Table 4.2). The other forklift stop was positive on 

sampling 3 (10/2/20) and was also not positive after application of quat powder (Table 

4.2). To test the effectiveness of weekly quat powder application to a floor crack 

repeatedly positive for Listeria in the current study, 4 samplings were performed before 

and 1 sampling was performed after implementation. Listeria was isolated from the 

crack on sampling 1 (9/11/20), sampling 2 (9/25/20), and sampling 4 (10/23/20); no 

Listeria with the same sigB AT was isolated from the crack on more than one sampling 
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date, indicating the presence of a persistent transient Listeria population (Table 4.2). In 

the sampling after implementation of the quat powder intervention (sampling 5), 

Listeria was not isolated from the floor crack (Table 4.2). Therefore, the weekly quat 

powder application around the forklift stops and floor crack appear to be effective at 

controlling Listeria, as Listeria was no longer isolated from these sites following 

implementation of this intervention. 

As our initial study in this facility (33) found repeat positives in the outlet from 

the same dead-end pipe sampled in the current study (5/8 samples of the dead-end pipe 

were Listeria positive from October 2017 to April 2019 in the previous study), we also 

tested whether the removal of the dead-end portion of the pipe would lead to elimination 

of potentially persistent Listeria in this site; 4 samplings were performed before and 1 

sampling was performed after. Listeria was isolated from the dead-end and the pipe 

outlet on sampling 3 (10/2/20) but was not isolated in the sampling after removal of the 

dead-end (i.e., sampling 5). However, Listeria was isolated from the pipe inlet both 

before removal of the dead-end (samplings 3 and 4; 10/2/20 and 10/23/20, respectively), 

as well as after (i.e., sampling 5; 10/30/20) (Table 4.2). Interestingly, only sigB AT 9 

was isolated from the dead-end pipe (the pipe inlet, outlet, and the dead-end) in the 

current study, suggesting a persistent Listeria (Table 4.2). Since sigB AT 9 was isolated 

from the pipe inlet even after removal of the dead-end portion, sigB AT 9 was likely 

persistent and not remediated through intervention implementation; sigB AT 9 was not 

isolated from any other sites during the current sampling but was isolated from the 

trench drain leading into the square drain in 2018 (33). 

To test the effectiveness of a one-time deep cleaning event using a chlorinated 

cleaner in the square drain and a trench drain leading into the square drain with persistent 

transient Listeria (6 out of 12 sigB ATs isolated from the 3 drain sites were isolated only 

on 1 sampling date), 4 samplings were conducted prior to intervention implementation 
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and 1 sampling (sampling 5) was conducted after. Listeria was isolated from at least 1 

of the 2 sites within the square drain on sampling 1 (9/11/20), sampling 2 (9/25/20), 

sampling 3 (10/2/20), and sampling 5 (10/30/20). Listeria was also isolated from the 

trench drain on sampling 2 (9/25/20), sampling 3 (10/2/20), and sampling 4 (10/23/20), 

as well as on sampling 5 (10/20/20) (Table 4.2). Therefore, Listeria was still isolated 

from all drain samples following utilization of a chlorinated cleaner in the drains. While 

all 6 sigB ATs isolated from the 3 drain sites on the sampling after using the chlorinated 

cleaner had also been isolated from at least one of the drain sites prior to intervention 

implementation, the large number of sigB ATs isolated from these sites (3 ATs from the 

2 square drain sites and 5 ATs from the trench drain) is still indicative of a persistent 

transient population (Table 4.2). The exceptions would be the re-isolation of sigB AT 

57 (isolated on 4 out of 5 samplings) and sigB AT 20 (isolated on 3 out of 5 samplings) 

which may indicate persistence (Table 4.2). However, further subtyping (e.g., using 

whole genome sequencing) would be needed to confirm these hypotheses. 

 

DISCUSSION 

 Persistent or persistent transient Listeria contamination of packinghouse 

environments represent a considerable challenge for industry. Historical data (33, 34), 

as well as additional sampling data collected as part of this study, indicated both 

persistent and persistent transient Listeria populations were present in the investigated 

packinghouse. Specifically, Listeria was commonly isolated from forklift stops, a dead-

end pipe, and drains. In addition, based on historical results, the percentage of positive 

samples was higher at the end of the week compared to the beginning of the week (i.e., 

after the weekly cleaning and sanitation was performed). As such, this study used the 

packinghouse as a model to (i) implement a protocol for performing root cause analysis 

(RCA) to identify interventions to eliminate Listeria, and (ii) to implement interventions 
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and perform sampling to determine the effectiveness of the interventions. The following 

interventions were identified through RCA, implemented, and tested: (i) increasing 

cleaning and sanitation from once a week to twice a week, (ii) use of quat powder around 

forklift stops and floor cracks, (iii) a site-specific niche (a dead-end pipe) removal, and 

(iv) implementation of a deep cleaning protocol in the drains. The site-specific 

interventions (e.g., use of quat powder) appeared to be more successful at eliminating 

Listeria from the apple packinghouse compared to increasing the frequency of cleaning 

and sanitation. This apple packinghouse case study provides an example of how RCA 

could be performed to eliminate or reduce persistent or persistent transient Listeria 

populations from produce operations. 

A persistent and persistent transient Listeria population was present in the 

apple packinghouse investigated in the current study. Overall, our findings show the 

facility used in the study reported here had a number of sites with evidence for persistent 

transient Listeria, as well as at least 1 site with evidence of persistence. While most of 

the Listeria in the packinghouse in the current study represents persistent transient 

Listeria, the same sigB ATs were isolated ≥3 times from the square drain and the dead-

end pipe, indicating potentially persistent Listeria.  The dead-end pipe represented 3 

sampling sites (the pipe inlet, the pipe outlet, and the dead-end portion of the pipe).  In 

the dead-end pipe, sigB AT 9 was isolated on 3 sampling events from the pipe inlet and 

on 1 sampling event from the dead end and the pipe outlet. While a typing method with 

better discriminatory power (e.g., pulsed field gel electrophoresis or whole genome 

sequencing) would be needed to confirm these isolates as truly the same, the repeat 

isolation of this AT within one single pipe (and the lack of isolation of any other sigB 

ATs from this site) is likely to indicate persistence. This pipe is a likely site for 

persistence, as the dead-end portion can accumulate apple debris and other organic 

matter that can support the growth of Listeria. Consequently, cleaning and sanitation 
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can be a challenge because it is difficult to reach the dead-end portion. In addition, the 

inlet to the pipe is taped into a catch pan; the adhesive from the tape and the portion of 

the PVC pipe that overlaps with the metal catch pan (on the inside of the PVC pipe) can 

also act as harborage sites. While only one study was identified which listed plastic 

tubing as a harborage point for persistent Listeria (20), several studies have suggested 

equipment that is difficult to clean is a risk factor for persistent Listeria (6, 14, 21). Our 

findings provides further support of the importance of sanitary design in controlling 

persistent Listeria populations in processing environments and suggest that complete 

root cause analyses should include a consideration as to why equipment with poor 

sanitary design is present in a given facility.   

In addition, the site that included a square drain and a connected inflow trench 

drain, showed evidence for persistent and persistent transient Listeria populations. In 

the square drain and the connected trench drain, sigB AT 57 was isolated during 4 

sampling events. While this may indicate persistence of this subtype, sigB AT 57 is a 

common sigB AT (15, 28, 34, 33, 49) and has been shown to be highly diverse (3). As 

such, it is possible this does not truly represent a persistent Listeria. In addition, sigB 

AT 20 was isolated from at least 1 of the 3 drain sites during 3 sampling events, which 

may indicate persistence; while not as common as sigB AT 57, sigB AT 20 was also 

isolated from a forklift stop on 1 sampling in the current study and was isolated in 2 

previous studies (3, 28). Drains have been listed as harborage points for persistent 

Listeria in several previous studies (7, 19, 20, 29). However, additional subtyping (e.g., 

whole genome sequencing) is still needed in the current study to confirm persistence. In 

addition to the persistent population, the isolation of a highly diverse population of 

Listeria from the 3 drain sites (i.e., 12 sigB ATs were isolated from the 3 sites across 

the 5 samplings) indicates there is also a persistent transient Listeria population present 

in the drain. The drain is located under the dump tank and flume, which deposits large 
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amounts of organic matter and debris into the drain. Organic matter and soils originating 

from outdoor environments (e.g., similar to those environments apples are grown in) are 

a known source of Listeria (28, 34, 35, 48, 49) and are therefore a likely contributor of 

the diverse Listeria population present in this drain. Furthermore, the drain is deep and 

has poor drainage, which creates a large number of harborage points that are difficult to 

clean and that have sufficient moisture and nutrients to support Listeria growth; this can 

lead to both the persistent and persistent transient Listeria populations. 

A persistent transient Listeria population was isolated from one of the forklift 

stops sampled in the current study, as 6 different sigB ATs were isolated from the forklift 

stop and no AT was isolated more than once. The presence of a persistent transient 

Listeria population at the forklift stops can be expected, as the forklifts often go outside 

to pick up bins of apples to be run on the packing line. In this packinghouse there are 

no control measures (e.g., door foamers) for the forklift wheels that would prevent 

Listeria transfer into the packinghouse, and the outdoor environments in the northeast 

have been shown to harbor diverse Listeria populations (3, 28). As such, this could 

facilitate the transfer of the observed persistent transient Listeria population in the 

current study. Sullivan and Wiedmann (33) also identified forklift stops as harborage 

sites for Listeria; 1 out of 2 of the forklift stops positive for Listeria in this prior study 

was the same forklift stop as discussed in the current study.  

A persistent transient Listeria population was also isolated from the floor crack 

samples in the current study, as Listeria of 4 sigB ATs were isolated from the floor crack 

and no AT was isolated more than once. This floor crack is directly adjacent to a trench 

drain and was created when the drain was installed in the packinghouse. This is 

consistent with the findings of Murugesan et al (2015), who repeatedly isolated Listeria 

from a floor crack next to a trench drain. Therefore, while all floor cracks are likely 

harborage points, a floor crack’s proximity to the drain may increase the likelihood of 
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Listeria being present in the floor crack itself (i.e., due to potential splash from the drain 

into the floor crack). However, more extensive sampling is required to determine if floor 

cracks adjacent to other high-risk areas (e.g., drains) are at a higher likelihood of 

becoming contaminated.  

As such, PVC pipes (especially those with dead ends), drains, forklift stops, and 

floor cracks area a few examples of sites that should be included in environmental 

monitoring programs in produce operations. The contamination patterns (i.e., the 

diverse Listeria population and repeat Listeria isolation from the same sites) in the 

packinghouse investigated in the current study represent “persistent Listeria” and 

“persistent transient Listeria” populations. Persistent Listeria poses public health and 

business risks (e.g., recalls) because as the Listeria survives in the packing environment 

over time it can grow; as the Listeria grows it is more likely to be transferred to other 

areas in the packing environment (e.g., by employees or mobile pieces of equipment) 

and eventually contaminate product. Since persistent Listeria represent a single strain 

of Listeria, finished product contamination can be traced back to the packing 

environment through environmental and product testing and subsequent subtyping of 

isolates (e.g., via whole genome sequencing). While it is more difficult to link final 

product contamination to the environment when a persistent transient Listeria 

population is present (compared to persistent Listeria), it can represent an instance of 

continuous introduction of Listeria from the same sources. As such, a persistent 

transient population may indicate more stringent supplier verification programs are 

required, and in serious cases the identification of alternative suppliers may be needed. 

Control measures may also be necessary to prevent transfer of Listeria from employees, 

forklifts, distribution trucks, or storage crate, among other routes into the packing 

environment (e.g., captive boot programs, compartmentalization of forklifts). 

It is important to note a highly diverse persistent transient Listeria population 
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may hide a persistent population present in the packing environment (i.e., if there are a 

large number of Listeria subtypes present at any given site, the chance of identifying 

the persistent subtype is less likely as compared to if only the persistent subtype was 

present). Regardless, identifying a persistent Listeria that is covered up by a persistent 

transient Listeria population is still possible through large sampling efforts, such as 

“swab-a-thons” that subtype multiple isolates from each positive site. However, as we 

characterized up to 16 isolates from each positive sample, it is unlikely that true 

persistence was “covered up” by persistent transient strains in this case.  

Root cause analysis can be utilized to identify interventions to eliminate or 

reduce Listeria populations in the apple packing environment; however, multiple 

iterations of testing and intervention implementation may be required to reduce 

Listeria populations. RCA was utilized to identify likely root causes of frequent repeat 

Listeria detection in the apple packinghouse in the current study; a previous study as 

well as this study reported these issues represent a combination of (i) persistent Listeria 

(e.g., in a catch pan with an outflow pipe with a dead-end) as well as (ii) transient 

persistent Listeria (e.g., at the forklift stops). RCA provided a formal process for 

identification of possible root causes associated with (i) overall high frequency of 

Listeria detection and (ii) different areas where repeat isolation of Listeria was an issue. 

The identified root causes were then used to identity interventions deemed likely to 

reduce overall frequent Listeria isolation as well as frequent site specific isolation of 

Listeria. Overall, the facility implemented one plant-wide intervention and four site 

specific interventions, which are discussed in detail below. The root cause analysis and 

subsequent interventions were successful for the forklift stops and floor crack, but 

further iterations of the root cause analysis are required to control the Listeria 

populations in the drain and dead-end pipe, and to account for the increase in Listeria 

positives in the second half of the week between cleaning and sanitation events. In 
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addition, a multipronged approach that targets multiple interventions at the same time 

is likely needed to effectively reduce or eliminate persistent and persistent transient 

Listeria populations. In addition, further root cause analyses that explore the reasons for 

why certain practices were not implemented (e.g., selection of equipment with sanitary 

design) will be needed for long-term successful Listeria control.  

The plant-wide intervention tested in the current study was to increase the 

cleaning and sanitation frequency from once to twice a week; this was implemented to 

address the increase in percentage of Listeria positive samples observed when sampling 

was conducted at the end of the week. No significant change in the log odds of isolating 

Listeria after intervention implementation was observed in the 2020 sampling results. 

Increasing the frequency of cleaning and sanitation can also increase the amount of 

moisture present in the packinghouse. The increase in moisture can allow for an increase 

in the growth of Listeria and may explain the lack of a significant reduction in Listeria 

following implementation of this intervention. In addition, while the adequacy of the 

cleaning and sanitation protocol in the packinghouse was assessed, no changes in the 

protocol were made besides increasing the frequency. It is possible improvements in 

how cleaning and sanitation are performed (e.g., use of a foamer to apply cleaners and 

sanitizers) may be needed to further reduce the percent of Listeria positive sites in the 

wet are of the packinghouse. However, as only one sampling was conducted prior to 

increased cleaning and sanitation in the 2020 sampling events, the lack of a significant 

relationship may also be a function of chance (due to low sample size) or a fluctuation 

in the percent of positive samples just prior to intervention implementation for some 

unrecorded reason (e.g., lower than usual prevalence of Listeria on the incoming 

apples). When taking into account historical results, while both increased cleaning and 

sanitation frequency and date of sampling were significant for the log odds of a sample 

testing positive for Listeria according to univariable regression, only date of sampling 
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was retained in the multivariable model. This is due to the fact that the date of sampling 

and increasing cleaning and sanitation frequency are related with one another (i.e., 

increased cleaning and sanitation was only performed on dates in 2020), and the date of 

sampling was better able to explain differences in the log odds of a sample testing 

positive for Listeria. There was a decrease in Listeria positive samples as time went on. 

This is consistent with the findings of Sullivan and Wiedmann (33), where there was a 

lower percent of Listeria positive samples in the second half of the packing season 

compared to the first half of the packing season in all three packinghouses investigated, 

when comparing sites that were repeatedly positive. Therefore, as sampling of the 

packing environment continued, the percent of positive samples decreased. This may 

indicate the packers utilized information on which sites were at a higher likelihood of 

testing positive to implement corrective actions (e.g., more time spent during cleaning 

and sanitation) as the studies progressed. These findings also illustrate the difficulty of 

assessing the effectiveness of interventions without extremely large sampling data sets 

or without adequate pre-intervention sampling to determine the true percent of Listeria 

positive sites in a facility prior to implementation and if there was a meaningful change 

in the percent of Listeria positive samples after implementation. 

 Two of the four site-specific interventions did appear to be successful at 

controlling Listeria. For example, Listeria was no longer isolated from 2 forklift stops 

and 1 floor crack after weekly quat powder application at these sites. Murugesan et al. 

(25) also tested the effectiveness of using quat powder to reduce L. monocytogenes in a 

mushroom processing environment. While there was a reduction in the number of sites 

positive for L. monocytogenes in the facility, some floor sites were still positive; the 

authors hypothesized this was due to harborage of Listeria in the porous concrete (25). 

This likely indicates quat powder is effective against transient persistent Listeria, but 

not against persistent Listeria because elimination of persistent Listeria requires true 
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elimination of the niche. Therefore, while quat powder is not expected to eliminate 

Listeria, it can be used as a short-term solution for sites that are difficult to modify (e.g., 

floor cracks and forklift stops) to reduce their ability to harbor and spread Listeria. Quat 

powder is expected to prevent Listeria spread (i.e., the quat powder serves as a barrier 

that inactivates Listeria cells freed from the original site upon vibrations or contact with 

mobile equipment or employees) from the site to other sites within the packing or 

processing environments. However, while this intervention appeared to be successful at 

controlling persistent transient Listeria in two locations (e.g., forklift stops and the floor 

crack) in the current study, it must be stated that sampling was performed over a 

relatively short time frame (approx. 2 months). As such, continued sampling over a 

longer period is required to confirm the long-term effectiveness of the intervention. It is 

also important to note that this study does not provide evidence that widespread use of 

quat powders on the floors of a facility will eliminate repeatedly isolated Listeria 

populations, rather long-term interventions (e.g., improved equipment and facility 

design) would likely be more effective in this case. 

 A chlorinated cleaner for “deep-cleaning” of floor drains identified as a site with 

both a persistent and a persistent transient Listeria population was also tested. 

Assessment of this intervention is highly relevant as floor drains are common sites of 

persistent or persistent transient Listeria in packing or processing environments (15, 17, 

33). Cleaner sanitizers (such as the chlorinated cleaner used in the current study) are 

typically used in areas with a high likelihood of being contaminated, as they prevent the 

spread of Listeria to other sites during the cleaning process. The drains (both the square 

drain and the trench drain leading into it) are located right below the dump tank, and as 

such, they are commonly covered in a large amount of organic matter from splash out 

of the dump tank putting them at high risk for Listeria contamination. The implemented 

intervention did not appear to be effective, however, only 1 sampling was performed 
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after intervention implementation. Therefore, continued use of the cleaner sanitizer may 

be necessary to see an effect, especially because the large amount of debris in the drain 

may take several cleaning rounds before it is removed. In addition, because of the high-

risk nature of this site (i.e., the large amount of debris present and the poor sanitary 

design of the drain), it is possible complete elimination of Listeria may not be possible 

without re-designing the drain to eliminate niches and improve cleanability. Rather, 

measures to control spread of Listeria out of the drain should be utilized in the short 

term. Some control measures could include the use of a quat powder around the drain, 

a quat ring in the drain, and monitoring the drain for flooding that would disperse the 

Listeria to other areas of the packinghouse. Use of high-pressure hoses should also be 

avoided, especially in drains, as the high-pressure water facilitates splash and 

subsequent Listeria transfer from the drain to equipment. Installing a pump in the drain 

to improve its ability to drain could also improve cleanability.  

 We also identified a dead-end pipe appeared to have been contaminated with a 

persistent Listeria. While Listeria was no longer isolated from the pipe outlet after the 

removal of the dead-end portion of the pipe, the same subtype was still isolated from 

the pipe inlet. As such, it appears that while the dead-end portion does have potential to 

harbor Listeria, it was not the (only) harborage point in this case. Rather, the persistent 

Listeria is likely harbored in the pipe inlet (or upstream). More specifically, the pipe 

inlet is taped inside a hole in the catch pan (the tape is in the inside of the pipe inlet), 

which possibly allowed for the attachment of Listeria and made it difficult to eliminate 

the Listeria through cleaning and sanitation. In order to eliminate the Listeria, complete 

removal of the pipe prior to cleaning and sanitation or replacing the pipe for a new one 

at regular frequencies would be necessary. This specific situation illustrates how RCA, 

in many cases, must be an iterative process where the initial root cause or associated 

intervention identified may not be the correct one. In this case, it could be argued the 
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root cause was not correctly identified (if the root cause was “a dead-end pipe”) or the 

root cause was correctly identified (insufficient procedures to assure sanitary facility 

and equipment design), but the intervention was not correctly selected or implemented. 

As such, the root cause analysis should be reviewed with the newly acquired data (i.e., 

sampling data from the pipe and surrounding area following removal of the dead-end) 

to determine what further interventions should be applied. For instance, an appropriate 

intervention for the root cause of “insufficient procedures to assure sanitary facility and 

equipment design” would be to (i) correct all sanitary design deficiencies (including the 

aforementioned tape that holds the inflow pipe in place) and (ii) implement proactive 

procedures to assure sanitary equipment and facility design going forward. However, it 

should be noted that removal of all sanitary design deficiencies may take time, and as 

such, changes to the most critical pieces of equipment (i.e., most likely to lead to product 

contamination if Listeria was to develop harborage at the site) and the least expensive 

or time-consuming changes should be prioritized first. 

Conclusions. The aim of this study was to utilize a RCA procedure to identify, 

implement, and test interventions to eliminate Listeria from an apple packinghouse with 

both persistent and persistent transient Listeria populations. RCA was found to be a 

useful strategy for identifying the initial cause of Listeria contamination in the 

packinghouse, in that 2 out of 4 site-specific interventions were effective at reducing 

Listeria populations from the respective sites. Specifically, the use of quat powder was 

effective at preventing Listeria isolation from (i) forklift stops and (ii) a floor crack. 

However, the use of a cleaner sanitizer in drains and the removal of a dead-end pipe did 

not eliminate persistent or transient persistent Listeria populations. These instances 

indicate, that while they were not initially successful, use of an iterative process to test 

several possible options to identify the true root cause or identify and implement 

effective interventions is often necessary to truly control Listeria in the packing 
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environment. Regardless, the RCA protocol tested in this study can be used by other 

packinghouses, produce processing facilities, or, with modifications, other food 

processing facilities to identify, implement, and test interventions for reducing or 

eliminating Listeria repeat isolation from within the operations.  
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CHAPTER 5 

 

CROSS-VALIDATION INDICATES PREDICTIVE MODELS MAY PROVIDE AN 

ALTERNATIVE TO INDICATOR ORGANISM MONITORING FOR 

EVALUATING PATHOGEN PRESENCE IN SOUTHWESTERN US 

AGRICULTURAL WATER 

Published in: Frontiers in Water, Environmental Water Quality Special Issue (2021), 

In Press 

 

ABSTRACT 

Pathogen contamination of agricultural water has been identified as a probable 

cause of recalls and outbreaks. However, variability in pathogen presence and 

concentration complicates the reliable identification of agricultural water at elevated 

risk of pathogen presence. In this study, we collected data on the presence of Salmonella 

and genetic markers for enterohemorrhagic E. coli (EHEC; PCR-based detection of stx 

and eaeA) in southwestern US canal water, which is used as agricultural water for 

produce. We developed and assessed the accuracy of models to predict the likelihood 

of pathogen contamination of southwestern US canal water. Based on 169 samples from 

60 surface water canals (each sampled 1-3 times), 36% (60/169) and 21% (36/169) of 

samples were positive for Salmonella presence and EHEC markers, respectively. Water 

quality parameters (e.g., generic E. coli level, turbidity), surrounding land-use (e.g., 

natural cover, cropland cover), weather conditions (e.g., temperature), and sampling site 

characteristics (e.g., canal type) data were collected as predictor variables. Separate 

conditional forest models were trained for Salmonella isolation and EHEC marker 

detection, and cross-validated to assess predictive performance. For Salmonella, 

turbidity, day of year, generic E. coli level, and % natural cover in a 500-1,000ft (approx. 
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150-300m) buffer around the sampling site were the top 4 predictors identified by the 

conditional forest model. For EHEC markers, generic E. coli level, day of year, % 

natural cover in a 250-500ft (approx. 75-150m) buffer, and % natural cover in a 500-

1,000ft (approx. 150-300m) buffer were the top 4 predictors. Predictive performance 

measures (e.g., area under the curve [AUC]) indicated predictive modeling shows 

potential as an alternative method for assessing the likelihood of pathogen presence in 

agricultural water. Secondary conditional forest models with generic E. coli level 

excluded as a predictor showed <0.01 difference in AUC as compared to the AUC 

values for the original models (i.e., with generic E. coli level included as a predictor) 

for both Salmonella (AUC=0.84) and EHEC markers (AUC=0.92). Our data suggests 

models that do not require the inclusion of microbiological data (e.g., indicator 

organism) show promise for real-time prediction of pathogen contamination of 

agricultural water (e.g., in surface water canals). 
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INTRODUCTION 

Salmonella spp. and pathogenic Escherichia coli (such as enterohemorrhagic E. 

coli; EHEC) are common etiological agents of foodborne outbreaks and recalls linked 

to produce commodities. From 2004 to 2012, Salmonella has caused 71 and 40 

outbreaks linked to produce in the United States (US) and European Union (EU), 

respectively (12). During the same time frame, pathogenic E. coli have caused 46 and 7 

outbreaks linked to produce in the US and EU, respectively (12). Both livestock and 

wildlife have been identified as possible sources of Salmonella and EHEC in preharvest 

produce environments (16, 25), with fecal matter from livestock operations being a 

known source of foodborne pathogens in surface water (16, 25, 41). As such, application 

of surface waters to in-field produce has been identified as a potential route for pathogen 

contamination of produce (13, 38, 43, 49). In fact, several outbreaks are thought to have 

been caused by application of contaminated water to preharvest produce (23, 67, 68, 

69), including a 2018 E. coli O157:H7 outbreak linked to romaine lettuce grown in 

Arizona, which caused 210 illnesses and 5 deaths (69). 

While enteric pathogens, such as EHEC and Salmonella, are known surface 

water contaminants, they are present sporadically and at low levels, complicating 

detection and limiting the value of testing surface water for pathogens (30, 47). Instead, 

monitoring programs often test for indicator organisms, which are used to assess the 

hygienic quality of water and the likelihood of fecal contamination; indicator organisms 

include enterococci, fecal coliforms, and generic E. coli (30, 47). E. coli is used as an 

indicator for monitoring fecal contamination in agricultural water by industry 

agreements and by government regulations (11, 18, 21, 62, 70); see Table 5.1 for details. 

 

  



 

131 

 

Table 5.1. Microbial quality requirements or regulations established in different 

countries or regions for agricultural water applied to pre-harvest produce. 

Region Organization Requirement Reference 

United 

Statesa 

US FDA 20 water samples over a 2 to 4-year 

period must be collected: (i) geometric 

mean of <126 CFU generic E. coli/ 100 

mL and (ii) a statistical threshold value 

(i.e., the 90th percentile) of <410 CFU 

generic E. coli/ 100 mL 

14 

    

Europe European 

Union 

<100 CFU generic E. coli/100 mL of 

waterc 

18 

    

British 

Columbia, 

Canada 

British 

Columbia 

Ministry of 

Agriculture 

<77 CFU generic E. coli/100 mL of 

waterc 

62 

    

Australia Freshcare <100 CFU generic E. coli/ 100 mL of 

waterc 

21 

    

California 

and 

Arizona 

(leafy 

greens 

only)b 

Leafy 

Greens 

Marketing 

Agreement 

(LGMA) 

Furrow irrigation or overhead irrigation 

applied >21 days prior to harvest: 100 

mL of water should be collected at least 

monthly and the rolling geometric mean 

of the generic E. coli levels in the 5 most 

recent samples must be <126 CFU/ 100 

mL and no sample may have an E. coli 

level >576 CFU/ 100 mL.  

 

Overhead irrigation applied <21 days 

prior to harvest: generic E. coli should 

not be detected in the water. 

11 

aAs of January 2021, this policy is not being enforced and is currently under review 

(70). This requirement is established under the Food Safety Modernization Act (FSMA) 

bThis is a voluntary agreement. 

cNo sampling scheme for water collection is specified in this regulation. 
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There are however several drawbacks to using generic E. coli as an indicator of 

fecal contamination for surface water (48, 72). While some studies have established 

associations between generic E. coli levels and pathogen presence (10, 28, 39, 57, 65, 

74), several studies have not shown similar associations (7, 19, 24, 56). E. coli has also 

been shown to survive for extended periods of time in the preharvest environment (3, 

20, 41); therefore, a high level of generic E. coli does not necessarily indicate recent 

fecal contamination. High levels of indicator organisms also do not necessarily indicate 

the presence of pathogens, and alternatively, the absence or low levels of indicator 

organisms do not necessarily indicate the absence of pathogens (7, 19, 24, 56, 57). 

Lastly, generic E. coli testing takes approx. 24h to complete and generic E. coli levels 

in surface waters can vary substantially over short time periods (40, 74); therefore, it is 

impossible to know the generic E. coli level in irrigation water at the time of its 

application.  

Two previous studies have proposed the use of machine learning models for 

predicting pathogen presence in agricultural water; Weller et al. (75) utilized machine 

learning models to predict Salmonella presence and EHEC marker detection in New 

York streams and Polat et al. (51) utilized machine learning models to predict 

Salmonella presence in Florida ponds. While previous studies have explored the use of 

machine learning models for predicting pathogen contamination in specific produce 

growing areas, further model development is essential to verify that machine learning 

represents a viable approach in different locations and types of surface waters. We thus 

collected data on surface water quality and used several approaches, including machine 

learning, to model the presence enteric pathogens in southwestern US canal water. 

Regression was used as a preliminary assessment to determine which variables were 

associated with pathogen presence. Conditional forest models were used for prediction 

because they can utilize large numbers of predictors and better able to handle complex 
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and messy data than regression models (35). While modeling alone will not improve the 

safety of produce, these models can indicate when corrective actions (e.g., water 

treatments) should be applied to reduce the risk of recalls and illnesses associated with 

produce (2, 54). The southwestern US was selected for this study, because (i) it is a 

major produce growing region, (ii) there has been a high-profile outbreak associated 

with romaine lettuce contamination linked to irrigation water, and (iii) there is limited 

information on microbial quality of southwestern US canals (40, 74). As such, the 

specific objectives of this study were to (i) identify land use, water quality, weather, and 

other sampling site specific variables associated with Salmonella presence and EHEC 

marker detection (i.e., stx and eaeA detection) in southwestern US canal water, (ii) 

determine the feasibility of predicting the likelihood of Salmonella presence and EHEC 

marker detection in southwestern US canal water, and (iii) determine if only real-time 

variables (i.e., no microbial testing) can be used to predict the likelihood of Salmonella 

presence and EHEC marker detection. 

 

MATERIALS AND METHODS 

 Experimental design. A longitudinal study was conducted to assess agricultural 

water quality in the southwestern US. Water was sampled from 60 canals that provide 

water for irrigation from January 30thto November 19th, 2018; sampling was performed 

approx. twice a week every one to two weeks except in July when no sampling was 

performed (see Figure S5.1 for the exact sampling dates). Each canal was sampled 1 to 

3 times for a total of 169 samplings; all samples from a given canal were collected at 

the same site. Sampling sites were randomly selected from irrigation districts where 

produce was grown and where permission was given using ArcGIS. Ground truthing 

was then performed to identify a location as close as possible to the randomly generated 

GPS coordinates for each site. A site survey was conducted to collect information on 
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features present at a given site (see Table S5.1). 

 Sample collection and processing. At each sampling, two 10 L water samples 

(one per pathogen) and 1 L of water (for enumeration of E. coli and turbidity levels) 

were collected. Dissolved oxygen, pH, conductivity, and temperature of the canal water 

were measured using a Hach HQ40d meter (Loveland, CO, United States). Water 

surface flow was measured using the float method as described by Gore and Banning 

(22). After collection, all samples were put on ice until processing. The 10 L samples 

were processed <18 h after collection and the 1 L sample for E. coli level and turbidity 

was processed <6 h after collection. 

 Laboratory testing of all samples was performed as described in Weller et al. (74). 

Briefly, generic E. coli enumeration was performed on a 100 mL aliquot of the 1 L 

sample using the Colilert Quanti-Tray 2000 kit (IDEXX, Westbrook, ME, United 

States), according to the manufacturer’s instructions. Water turbidity was measured 

using the Hach 2100Q Portable Turbidimeter. The 10 L water samples were processed 

using the modified Moore swab (mMS) method (55). Each water sample was gravity-

filtered through a separate mMS, placed in a separate Whirl-Pak bag (Nasco, Fort 

Atkinson, WI, United States), and processed as described below for either Salmonella 

presence or EHEC marker detection.  

 Salmonella isolation. Briefly, 225 mL of buffered peptone water with 20 mg/L 

novobiocin (BPW + N) was added to the Whirl-Pak bag with the mMS, followed by 

incubation at 35°C for 24h. BPW+N inoculated with Salmonella Typhimurium (FSL 

F6-0826; http://www.foodmicrobetracker.com) and uninoculated BPW+N were 

included as positive and negative controls, respectively. Following incubation, a 1 mL 

aliquot of the enrichment was transferred to a sterile tube and was shipped overnight on 

ice to Cornell University for further processing. Upon arrival, all enrichments were used 

within 2 h for a Salmonella screen using the BAX real-time Salmonella assay (Hygiena, 
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Wilmington, DE, United States). BAX PCR-positive samples were culture confirmed. 

One mL and 0.1 mL of the BPW+N enrichment were added to 9 mL of tetrathionate 

broth (TT; Oxoid) supplemented with 200 µL of I2-KI and 100 µL of Brilliant Green 

and 9.9 mL of Rappaport Vassiliadis broth (RV; Acros Organic, Geel, Belgium), 

respectively. The TT and RV broth were incubated in a shaking water bath at 42°C for 

24h. Following incubation, 50 µL of each broth were streaked onto Salmonella 

CHROMagar (DRG International, Springfield, NJ, United States) and xylose lysine 

deoxycholate agar (XLD; Neogen, Lansing, MI, United States) plates (i.e., 1 plate for 

TT on CHROMagar, 1 plate for TT on XLD, 1 plate for RV of CHROMagar, and 1 

plate for RV on XLD). The CHROMagar and XLD plates were then incubated at 37°C 

and 35°C, respectively, for 24h. After incubation, PCR of the invA gene was performed 

on presumptive Salmonella colonies according to the protocol described by Kim et al. 

(34). If possible, 2 characteristic Salmonella colonies per media type (mauve colonies 

on CHROMagar and black colonies on XLD) were selected for PCR (4 colonies in 

total). If no characteristic colonies were present, up to 12 non-characteristic colonies 

were selected for PCR (blue colonies on CHROMagar and red colonies on XLD). All 

isolates were stored as 15% glycerol stocks at -80°C. 

 EHEC marker detection. PCR-based detection of stx and eaeA from the mMS 

was performed. 225 mL of tryptic soy broth with 10 g/L casamino acids and 8 mg/L of 

novobiocin (TSB+N) was added to the Whirl-Pak bag with the mMS, followed by 

incubation at 41°C for 24h. TSB+N inoculated with E. coli O157:H7 (FSL F6-0699; 

http://www.foodmicrobetracker.com) and uninoculated TSB+N were included as 

positive and negative controls, respectively. Following incubation, a 1 mL aliquot of the 

enrichment was shipped overnight on ice to Cornell University for further processing. 

All enrichments were used within 2 h of arrival to perform a PCR screen using the BAX 

real-time Shiga-toxin producing E. coli (STEC) assay (Hygiena) according to the 
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manufacturer’s instructions to determine if the eaeA and/or stx1/2 genes were present in 

the sample. If both eaeA and stx1/2 were detected in a sample, the sample was classified 

as positive for “EHEC markers.” However, such results could indicate either (i) both 

genes were present in a single organism (indicating presence of EHEC) or (ii) genes 

were present in separate organisms (e.g., eaeA indicates enteropathogenic E. coli 

presence, stx1/2 indicates STEC presence). 

 Land use data collection. Land use data around the sampling sites were extracted 

from the 2016 National Land Cover Database (NLCD; https://www.mrlc.gov/) and 

quantified using ESRI ArcGIS Pro 2.4.0. The percentage of land under (i) developed 

open space, (ii) developed (combines low-, medium-, and high-intensity developed 

cover), (iii) barren, (iv) natural (combines forest and wetland), (v) pasture/ hay, and (vi) 

crop cover at various intervals around each sampling site were calculated (Yang et al., 

2018). The intervals considered were: <250 ft (<approx. 75m), 250-500 ft (approx. 75-

150m), 500-1,000 ft (approx. 150-300m), 1,000-5,000 ft (approx. 300-1,525m), and 

5,00-10,000ft (approx. 1,525-3,050m). These buffer areas were selected, as they most 

closely represent the distances included in the California and Arizona Leafy Green 

Marketing Agreements Food Safety Practices (11) metrics; while it would have been 

useful to characterize land use directly adjacent to the canals, an accurate map of the 

canal networks was not available for the study area. The number of concentrated animal 

feeding operations (i.e., an animal feeding operation with >1,000 animal units confined 

on a site for more than 45 days of the year; CAFOs) within 10,000 ft of each site was 

also calculated.  

 Weather data collection. Temperature, solar radiation, precipitation, wind speed, 

and vapor pressure data were obtained from the University of Arizona 

(cals.arizona.edu/AZMET/). ESRI ArcGIS Pro 2.4.0 was used to identify the weather 

station closest to each of the sampling sites. Weather data were cleaned in R version 
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4.0.0 (52) and used to calculate weather at the time of sample collection and for the (i) 

0-12 h, (ii) 12-24 h, (iii) 1-2 d, and (iv) 2-3 d prior to sample collection. Due to the small 

amount of precipitation during the study, all precipitation variables were converted to a 

binary factor to indicate if there was precipitation (>0 mm) or if there was no 

precipitation (=0 mm). 

 Regression analysis. All data cleaning, visualization, and analyses were 

performed in R (52). A description of all variables used in analyses are provided in 

Table S5.1. All analyses were performed separately for Salmonella presence and EHEC 

marker detection. Logistic regression was used as a preliminary assessment to 

characterize associations between site specific (i.e., data on features present at each site, 

see Table S5.1 for details), water quality, land-use, and weather variables and 

Salmonella presence and EHEC marker detection. Conditional forest analysis was used 

to determine if these variables could be used to predict Salmonella presence or EHEC 

marker detection.  

 For logistic regression, normalization and scaling of all numeric variables was 

performed using the “caret” package (36). Univariable logistic regression was 

performed, using the “lme4” package (5), to determine which of the explanatory 

variables listed in Table S5.1 were associated with Salmonella and EHEC marker 

presence. The day of year (number of days since Jan 1st) and irrigation district were 

included in each univariable model as random effects to account for temporal and spatial 

autocorrelation. Following univariable regression, continuous variables with P<0.1 

were included in a principal component analysis (PCA) for variable reduction. PCA was 

performed using the prcomp function, such that the number of components retained 

must explain ≥90% of the variation in the data and each retained variable could only 

have major loading on one principal component. PCA was performed separately for 

Salmonella and EHEC marker presence. One representative continuous variable from 
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each principal component, as well as all categorical variables significant at P<0.1 by 

univariable analysis (categorical variables cannot be included in PCA) were included in 

the initial multivariable logistic regression models (implanted using the “lme4” 

package; 5). Day of year and irrigation district were included each multivariable model 

as random effects. Backwards selection based on AIC (Akaike Information Criterion) 

was performed; the final selected model was the simplest model with an AIC value that 

was at least 2 less than the next simplest model. Model fit was assessed using the 

protocol described by Beauvais et al. (6) to determine if model assumptions were met. 

Variance inflation factors were also calculated to test for multicollinearity. 

 Conditional forest analysis. Conditional forest analysis was used to determine if 

sampling site, water quality, land-use, and weather variables could be used to predict 

Salmonella presence and EHEC marker detection, as it can handle missing data, skewed 

data, and is robust to small sample sizes. Imputation could not be performed because 

>10% of observations were missing for some variables, and so imputation could 

introduce bias into the results. No additional machine learning algorithms were tested, 

as a comprehensive comparison of 23 learners for predicting enteric pathogen presence 

in New York streams found that conditional forest models performed well for the type 

of data used in the study presented here (75). The “mlr” (9) and “party” (29, 60, 61) 

packages were used for model training and testing. Oversampling was performed to 

account for imbalanced training data. Repeated (5 iterations) 5-fold cross-validation was 

used to tune hyperparameters (i.e., mtry, minbucket, and mincriterion) to maximize 

AUC (area under the curve) and minimize overfitting. For each forest, 20,001 trees were 

fit. Following hyperparameter tuning, models were trained, and model testing was 

performed. While a separate testing data set would have been preferable to better 

evaluate the predictive performance of these models, one was not available. Instead, 

cross-validation was performed as part of model training to estimate performance 
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measures. Variable importance scores were calculated (60, 61) and partial dependence 

plots were fit for the 4 top-ranked variables for each pathogen. While using conditional 

importance scores would have been preferable to account for correlation between 

variables, it could not be calculated due to missing data (>10% of observations were 

missing for some variables); as a result, the variable importance scores reported here 

may be biased by this correlation. Even with this limitation, we determined conditional 

forest was a good option in this case due to its ability to handle a large number of 

predictors and small sample sizes. 

 We also evaluated if the inclusion of generic E. coli levels as an input variable 

would substantially improve the performance of the conditional forest models. To do 

so, separate conditional forest models were re-un (one per pathogen) as described above 

but excluding generic E. coli level as a feature. Performance measures were used to 

compare the models that included and excluded E. coli levels. 

 All models presented here, were developed as a proof of concept. As such, these 

models should not be used to guide on-farm decision making, and instead should be 

used as a starting point for the development of field-ready models (i.e., that can be used 

by stakeholders to predict pathogen presence in agricultural water) as part of future 

studies (e.g., using larger datasets, validated using an independent test dataset).  

 

RESULTS 

 General water quality. In total, 169 samples were collected between January 

30th and November 19th, 2018 from 60 canals; each canal is referred to as a “site.” The 

sites were within an approx. 28,000 km2 area representing 9 irrigation districts. On 

average, the majority of land in the 10,000 ft surrounding the sites was classified as 

cropland or natural cover (Table S5.3). The mean generic E. coli level in the water 

samples was 1.4 log10 MPN/ 100 mL (standard deviation= 0.7 log10 MPN/ 100 mL) and 
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the mean turbidity in the water samples was 32.7 NTU (standard deviation= 92.7 NTU); 

similar statistics for other variables can be found in Tables S5.2-S5.4.  

Pathogen testing results. The overall prevalence of Salmonella was 36% 

(60/169). Of the 60 sites, 20 were Salmonella negative on all samplings, however, 2 of 

those sites were only sampled once. Conversely, 9 sites were positive on all samplings; 

(1, 5, and 3 of these sites were sampled 1, 2, and 3 times, respectively). The overall 

prevalence of EHEC markers (i.e., both stx1/2 and eaeA) in the water samples was 21% 

(36/169). Thirty-three sites were negative for EHEC markers on all samplings, however, 

3 of those sites were only sampled once. Conversely, 2 sites were positive on all 

samplings for EHEC markers (both sites were sampled 3 times). 

Regression and conditional random forest modeling of Salmonella 

contamination. Multivariable regression was used to determine which variables were 

associated with Salmonella presence. The percent of developed open space (e.g., large-

lot single family homes, golf courses, parks) in the 1,000-5,000 ft buffer area and 

precipitation 1-2d before sample collection were the only variables retained in the final 

model. The percent of developed open space in the 1,000-5,000 ft buffer area was 

negatively associated with the log-odds of a sample being Salmonella-positive 

(P=0.036, Table 5.2). Rain 1-2 d before sample collection was positively associated 

with the log-odds of a Salmonella positive sample (P=0.015, Table 5.2). Results of 

univariable regression and PCA are detailed in Table S5.5. 
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Table 5.2. Results of mixed effects regression modelsa that characterize the relationship 

between pathogen detection (Salmonella presence and EHEC marker detection) and 

environmental factors (e.g., land use, weather, sampling site characteristics, and water 

quality factors).  

Outcome Factorb Log 

Odds 
95% CIc 

Salmonella 

presence 

Intercept -0.9 (-3.2, 0.8) 

% Developed (open) Cover, 1,000-5,000ft Buffer -0.5 (-1.0, -0.1) 

 Precipitation, 1-2d (Yes)d 3.5 (1.0, 7.0) 

    

EHEC 

marker 

Intercept 0.3 (-2.3, 1.1) 

E. coli level (log10 MPN/ 100 mL) 1.7 (1.0, 2.6) 

 Point of Discharge Present (Yes)e -1.8 (-4.0, -0.1) 

 Road Crossing Present (Yes)f -1.8 (-3.5, -0.3) 

 Precipitation, 12-24h (Yes)d 3.7 (1.2, 6.7) 

aThe day of year and irrigation district were included in the models as random effects. 

bFor the Salmonella presence model, the residual variance and standard deviation for 

the day of year are 0.7302 and 0.8545, respectively, and the residual variance and 

standard deviation for the irrigation district are 2.9023 and 1.7036, respectively. For the 

EHEC maker model, the residual variance and standard deviation for the day of year are 

0.8895 and 0.9431, respectively, and the residual variance and standard deviation for 

the irrigation district are 0.1269 and 0.3562, respectively. 

c95% CI= 95% confidence interval 

dIndicates if there was precipitation in the time frame specified before sample collection. 

Baseline is no precipitation. 

eIndicates if a point of discharge (i.e., ground water well discharge into the canals) is 

present adjacent to the sampling site. Baseline is no point of discharge 

fIndicates if a road crossing is present adjacent to the sampling site. Baseline is no road 

crossing. 
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In addition to multivariable regression, we performed conditional forest analysis 

to predict Salmonella presence. The 10 top-ranked predictors included (i) three 

predictors related to natural cover, (ii) three weather-related predictors, (iii) two water 

quality related predictors, (iv) one temporal predictor, and (v) one sampling site 

predictor (Figure 5.1). Only “precipitation 1-2d before sampling,” was also retained in 

the final multivariable regression model and included in the 10 top-ranked predictors by 

the forest (Figure 5.1). While not retained in the multivariable regression analysis, 

several of the 10 top-ranked predictors in the conditional forest were significant 

according to univariable regression (Table S5.5). Given that conditional forest is better 

able to handle complex (e.g., interactions between features) and messy (e.g., missing 

data) data than regression, these differences are not unexpected (see Weller et al. [75] 

for more information). Partial dependence plots were fit to visualize the relationship 

between the 4 top-ranked predictors in the conditional forest model (Figure 5.2), which 

were, in order, turbidity, day of year, generic E. coli level, and percent natural cover in 

the 500-1,000 ft buffer area. 
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Figure 5.1. Variable importance values for the Salmonella conditional forest model 

with generic E. coli included as a predictor. Only the top 10 predictors are included and 

are listed from most to least important.  
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Figure 5.2. Partial dependence plots for the 4 top-ranked predictors according to 

variable importance in the Salmonella conditional forest model with generic E. coli 

included as a predictor; the plots indicate how the predicted probability of a water 

sample being positive for Salmonella presence changes as the x-axis variable (predictor) 

changes. The tick marks along the x-axis indicate values of the predictor variable in 

samples used to fit the conditional forest model. 
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The AUC (area under the curve) and kappa score for the Salmonella conditional 

forest model were 0.84 and 0.51, respectively (Table 5.3). When the probability 

threshold was set to 0.5 (i.e., to label a sample as positive, the predicted probability of 

that sample being positive for Salmonella must be 0.5 or greater), the sensitivity, 

specificity, positive likelihood ratio, and negative likelihood ratio were 0.69, 0.82, 3.83, 

and 0.38, respectively. The sensitivity of 0.69 indicates there is a 0.31 false negative 

rate, or 31% of the time the model will predict a sample as being negative for Salmonella 

when it is truly positive. Since the model predicts the probability of Salmonella being 

present in a sample (i.e., a continuous outcome), a probability threshold is needed to 

dichotomize the predicted pathogen status as positive or negative (Table 5.2). If a binary 

outcome (as opposed to the continuous outcome generated by the forest algorithm) is 

needed when applying a predictive model, sensitivity and specificity can be adjusted by 

changing the threshold value (Table 5.4). For instance, if the threshold value was set at 

0.4, the sensitivity, specificity, positive likelihood ratio, and negative likelihood ratio 

would be 0.78, 0.71, 2.70, and 0.31, respectively (Table 5.4). 
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Table 5.3. Performance measures for the conditional random forest models displaying the relationship of the pathogen detection 

outcomes (Salmonella and EHEC marker presence) with the land use, weather, sampling site characteristics, and water quality 

predictors with generic E. coli level included and excluded as a predictor. 

Outcome E. colia AUCb Kappac Sensitivityd Specificityd LR+d,e LR-d,f DORg (95% CIh) 

Salmonella Yes 0.84 0.51 0.69 0.82 3.83 0.38 10.06 (7.38, 13.70) 

 No 0.83 0.49 0.69 0.80 3.44 0.39 8.82 (6.52, 11.94) 

         

EHEC marker Yes 0.92 0.66 0.78 0.88 6.27 0.25 25.19 (18.27, 34.72) 

 No 0.91 0.63 0.78 0.85 5.25 0.26 20.54 (15.07, 27.98) 

aIndicates if E. coli level (log10MPN/100 mL water) was included (Yes) or not (No) as a variable in the forest. 

bAUC=area under the receiver operating characteristic curve. 

cKappa score (a measure of agreement between the observed outcome and the predicted outcome; a value of 1 is indicative of perfect 

agreement and a value of 0 is indicative of an agreement no greater than that of chance). 

dMeasure is biased by the decision threshold used. 

eLR+= positive likelihood ratio (the likelihood of a predicted pathogen presence when a pathogen is present compared to the 

likelihood of a predicted pathogen presence when a pathogen is absent.  

fLR-= negative likelihood ratio (the likelihood of a predicted pathogen absence when a pathogen is present compared to the likelihood 

of a predicted pathogen absence when a pathogen is absent.  

gDOR=diagnostic odds ratio (the ratio of the odds of a predicted pathogen presence if the pathogen is present to the odds of a predicted 
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pathogen presence if the pathogen is absent). 

h95% CI= 95% confidence interval 
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Table 5.4. Differences in performance measures for the conditional forest models displaying the relationship of the pathogen 

detection outcomes (Salmonella and EHEC marker presence) with the land use, weather, sampling site characteristics, and water 

quality predictors with generic E. coli level included and excluded as a predictora. 

Outcome E. colib Threshold Sensitivity Specificity LR+c LR-d 

Salmonella presence Yes 0.5 0.69 0.82 3.83 0.38 

  0.4 0.78 0.71 2.70 0.31 

  0.3 0.86 0.58 2.07 0.23 

       

 No 0.5 0.69 0.80 3.44 0.39 

  0.4 0.78 0.72 2.82 0.30 

  0.3 0.87 0.61 2.23 0.21 

       

stx/ eaeA co-detection Yes 0.5 0.78 0.88 6.27 0.25 

  0.4 0.83 0.82 4.72 0.20 

  0.3 0.93 0.73 3.40 0.10 

       

 No 0.5 0.78 0.85 5.25 0.26 

  0.4 0.88 0.75 3.50 0.16 

  0.3 0.95 0.65 2.67 0.08 

aThreshold value indicates the predicted probability a sample must be greater than to be labeled as a positive sample. 

bIndicates if E. coli level (log10MPN/100 mL water) was included (Yes) or excluded (No) in the model as a possible predictor. 

cLR+= positive likelihood ratio (the likelihood of a predicted pathogen presence when a pathogen is present compared to the 

likelihood of a predicted pathogen presence when a pathogen is absent. 

dLR-= negative likelihood ratio (the likelihood of a predicted pathogen absence when a pathogen is present compared to the likelihood 
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of a predicted pathogen absence when a pathogen is absent. 
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 Regression and conditional random forest modeling of EHEC marker 

presence. Generic E. coli level, precipitation 12-24h before sample collection, if there 

was a point of discharge (i.e., there was ground water well discharge into the canal) 

visible from the site, and if there was a road crossing visible from the site were retained 

in the final EHEC regression model (Table 5.2). Generic E. coli level (P<0.001) and 

precipitation 12-24h before sample collection (P=0.007) were positively associated with 

the log-odds of EHEC marker detection (P<0.001). A point of discharge and a road 

crossing visible from the site were negatively associated with the log-odds of EHEC 

marker detection.  

 A conditional forest model was also fit to predict EHEC marker detection. The 

top 10 ranked predictors included (i) six land cover predictors (five related to natural 

cover), (ii) one weather predictor, (iii) two water quality predictors, and (iv) one 

temporal predictor (Figure 5.3). While generic E. coli level and precipitation 12-24h 

before sample collection were included in the 10 top-ranked predictors in the forest 

model, the presence of a point of discharge and road crossing adjacent to the sampling 

sites were not among the 10 top-ranked predictors in the forest (Figure 5.3). For the 

EHEC forest, partial dependence plots were fit for the 4 predictors, which were (i) 

generic E. coli level, (ii) day of year, (iii) percent of natural cover in the 250-500 ft 

buffer area, and (iv) percent of natural cover in the 500-1,000 ft buffer area (Figure 5.4).  
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Figure 5.3. Variable importance values for the EHEC marker conditional forest model 

with generic E. coli included as a predictor. Only the top 10 predictors are included and 

are listed from most to least important.  
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Figure 5.4. Partial dependence plots for the 4 top-ranked predictors according to 

variable importance in the EHEC marker conditional forest model with generic E. coli 

included as a predictor; the plots indicate how the predicted probability of a water 

sample being positive for EHEC marker detection changes as the x-axis variable 

(predictor) changes. The tick marks along the x-axis indicate values of the predictor 

variable in samples used to fit the conditional forest model. 

 

The AUC and kappa score for the EHEC forest were 0.92 and 0.66, respectively 

(Table 5.3). The sensitivity, specificity, positive likelihood ratio, and negative 

likelihood ratio were 0.78, 0.88, 6.27, and 0.25, respectively for the EHEC marker 

model at a threshold value of 0.5 (Table 5.4). As with the Salmonella forest, changing 

the threshold value could improve performance measures that rely on dichotomizing the 

predicted probability of EHEC marker detection (e.g., sensitivity; Table 5.4). 

Performance of models that do not include generic E. coli levels as a 

predictor. To determine if including generic E. coli levels in the conditional forest 
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models substantially improved predictive performance, we re-ran the forest models 

without generic E. coli level as a predictor (see Figures S5.2-S5.5 for variable 

importance and partial dependence plots). There were no substantial differences in 

performance between the models with and without generic E. coli included as a 

predictor (Table 5.3). For instance, the AUC values were 0.84 and 0.83 for the 

Salmonella forests that included and excluded generic E. coli levels, respectively. 

Similarly, the AUC values were 0.92 and 0.91 for the EHEC forests that included and 

excluded generic E. coli levels, respectively. 

 

DISCUSSION 

The current study assessed Salmonella presence and EHEC marker detection in 

southwestern US canals used for agricultural water. Regression was used to identify 

associations between environmental conditions and Salmonella presence and EHEC 

marker detection. The data were also utilized to determine if forest-based models were 

a feasible approach for predicting Salmonella presence and EHEC marker detection in 

canals.  While these models were developed as a proof of concept, they provide a 

conceptual framework on which future work (development of models that can be 

integrated into on-farm decision-making) can build. Our results can also be used to 

identify factors important for predicting pathogen presence in southwestern US canal 

water to guide future data collection to be used to provide maximum value for the 

refinement of predictive models that can be deployed for industry use.  

 Salmonella and EHEC marker prevalence. Salmonella has been isolated from 

flowing surface water sources in both this and previous studies (7, 10, 15, 17, 19, 24, 

50, 57, 58, 59, 64, 65, 73, 74, 76, 77). While Salmonella prevalence varied widely 

between these studies, the Salmonella prevalence reported here (36%) falls within the 

range reported by these previous studies, which was between 3% (6/223) (British 



 

154 

 

Columbia, Canada; 19) and 76% (80/105) (Georgia, USA; 10).   

While several studies have attempted to assess the prevalence of EHEC or 

different EHEC subgroups (e.g., E. coli O157) in surface water, the specific 

methodologies used can have a considerable impact on prevalence estimates. Some 

studies reported the percent of culture-confirmed EHEC or STEC positive samples  (7, 

15, 19, 27, 45, 50, 58, 63, 64, 65, 76, 77), others solely relied on PCR screens for either 

O157 markers (57) or EHEC markers (10, 56, 73, 74), such as the study reported here. 

Regardless, most of these previous studies that assessed EHEC in running surface 

waters have reported lower prevalence than found here (21%). For example, the EHEC 

prevalence ranged from <1% (5/818) (Ontario, Canada; 76) to 19% (63/330) (British 

Columbia, Canada; 45); both studies utilized culture confirmed EHEC results. While 

the higher EHEC prevalence in the current study could be due to a truly higher 

prevalence, the use of a PCR screen for stx and eaeA in a single sample without culture 

confirmation may overestimate the prevalence of EHEC, as this method may (i) detect 

stx and eaeA in different organisms and (ii) may detect genetic material from dead 

organisms. The lower prevalence of EHEC in previous studies that used culture 

confirmation is also likely explained by the lack of reliable EHEC culture-conformation 

methods which can underestimate its true prevalence (4, 8, 44). 

 The complexity of relationships observed was dependent on the analytical 

approach. Two modeling approaches were utilized, including (i) multivariable 

regression to identify associations between environmental variables and Salmonella 

presence and EHEC marker detection, and (ii) conditional forest to develop models to 

predict Salmonella presence and EHEC marker detection. For both Salmonella presence 

and EHEC marker detection, there were several differences in the variables retained in 

the regression models and the variables ranked as important by the forests, even though 

there are some overlaps between important variables between the modeling strategies. 
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This highlights the fact that different modeling strategies are able to detect different 

relationships in the data (35). For instance, regression relies on the assumption that there 

is a linear relationship between independent variables and the log-odds of the dependent 

variable being detected, and therefore, non-linear relationships cannot be detected. In 

addition, logistic regression cannot handle a large number of independent variables 

simultaneously (requiring variable selection before model development), missing data, 

or correlated variables, and can only account for a limited number of interactions. In 

comparison, conditional forest utilizes tree-based modeling which does not require the 

same linear assumption to be met, implicitly accounts for hierarchical relationships and 

interactions in the data, and can handle missing data, large numbers of independent 

variables, and correlation.  For example, some variables were important by univariable 

regression but could not be included in final multivariable regression models because 

they loaded on more than 1 principal component (e.g., percent of natural cover around 

the sampling site for the Salmonella model). PCA is one strategy used for variable 

selection in regression analysis, as regression analysis is unable to handle overly 

complex models (see Kuhn and Johnson [35] for additional variable reduction 

strategies). On the other hand, variable selection is incorporated into the conditional 

forest algorithm and as such is better able to capture the complex relationships inherent 

to environmental data (74). However, regression-based analysis does have its 

advantages, especially for hypothesis testing of the relationships between specific, 

independent variables and the outcome. Regression models are more interpretable than 

forests, making it easier to understand the relationships in a regression as opposed to 

forest models (35).  

 Only precipitation 1-2 d before sampling was included among the 10 top-ranked 

predictors in the Salmonella forest and retained in the final regression model. Several 

other studies also found an increased likelihood of Salmonella detection following rain 
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events (24, 37, 57, 73, 76). For instance, in a survey of surface water in Georgia, USA, 

Haley et al. (24) found significant (P<0.005) positive correlations between Salmonella 

levels, and rainfall 1 and 2 days before sample collection. This relationship may be 

driven by increases in run-off during rain events, which can transfer Salmonella from 

terrestrial sources to waterways. Unlike rain, developed open space was included in the 

final Salmonella regression model but was not highly ranked in the Salmonella forest. 

According to the regression model, as the percent of developed open space increased, 

the log-odds of detecting Salmonella decreased. Developed open space may act as a 

proxy for built-landscape features that prevent run-off and microbial contaminants from 

entering canals, such as vegetative buffers (e.g., in parks) or improved drainage systems. 

Consistent with these findings, a survey of Central California waterways found a 

significantly lower prevalence (P<0.05) of Salmonella in human-impact areas (47%) 

compared to animal-impacted areas (74%) (64). However, several studies have found a 

positive association between Salmonella presence and variables linked to human 

presence human presence (33, 73). Johnson et al. (33) speculated this inconsistency 

between studies could be due to the quality of wastewater removal infrastructure in the 

sampling area.   

For the EHEC models, generic E. coli levels and precipitation before sampling 

were included in both the regression and forest models. The relationship between 

precipitation and an increased log-odds of EHEC detection was likely also driven by an 

increase in run-off during rain events, similar to the relationship between Salmonella 

and precipitation discussed above. The relationship between EHEC detection and 

precipitation is also consistent with past studies (45, 57). Conversely, there is 

considerable variability between previous studies in the existence, direction, and 

strength of the relationship between EHEC detection and generic E. coli levels. For 
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example, some studies, like the study presented here, found evidence of a relationship 

(10, 19, 28, 57, 65, 74), while others did not (7, 19, 50, 56, 73).  

While there were overall differences in the variables identified as being 

associated with Salmonella presence or EHEC marker detection by regression analysis 

and those identified as a top ranked predictor by conditional forest analysis, both 

modeling strategies used together can provide a more complete understanding of the 

processes that drive pathogen presence. For instance, the variables associated with 

pathogen presence via regression provide easy to interpret information on associations 

between a subset of factors and likelihood of pathogen contamination. On the other 

hand, the top ranked variables in the Salmonella presence or EHEC marker detection 

conditional forests may provide insight into what variables are important for inclusion 

in models that predict pathogen presence in agricultural water. This can be used to 

determine what additional information should be collected to improve the performance 

of these predictive models so they can be implemented by industry. However, the 

complex interactions between variables included in the conditional forest models can 

make it difficult to assess how a change in one variable alone (e.g., occurrence of 

rainfall) will impact the outcome (i.e., pathogen presence). 

Machine-learning-based models have potential for prediction of pathogen 

contamination likelihood, including real time prediction that does not require 

microbiological data. Generic E. coli is traditionally used as a fecal indicator in 

agricultural water to indicate potentially unhygienic conditions. However, the high cost, 

slow turnaround time, uneven distribution of generic E. coli in surface waters, and 

inconsistent relationships between pathogen presence and generic E. coli level limit its 

value and feasibility of routine use (48, 72). Our data here provide further support that 

conditional forest models are able to predict the presence of Salmonella and EHEC 

markers, as supported by AUC values of 0.84 for the Salmonella model and 0.92 for the 
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EHEC marker model (AUC values of 0.8 to 0.9 are generally indicative of excellent 

predictive performance; 42). Previous studies by Polat et al. (51) and Weller et al. (75) 

also previously reported that machine learning models show potential as a strategy for 

identifying contaminated agricultural water in Florida ponds and New York streams, 

respectively. However, these AUC values from the current study were calculated using 

cross-validation, as opposed to an independent test dataset, and may be overfit. 

Regardless, overfitting concerns are mitigated by the fact that the models developed 

here were developed as a proof of concept and conceptual framework, and not intended 

for actual use on-farms. If predictive models are going to be developed as an alternative 

or supplement to indicator-based monitoring, sufficient data is needed, ideally spanning 

several years and regions, to allow for separate, independent training and test data. 

Furthermore, additional information is needed to determine if predictive models should 

be developed for individual waterways, specific regions, or if a standard model can be 

used across multiple regions. 

Importantly, the removal of generic E. coli level as a predictor in the Salmonella 

presence and EHEC marker detection conditional forests did not substantially decrease 

predictive performance of either model. This provides evidence that it is possible to 

eliminate the use of generic E. coli water testing (or other microbial water testing 

strategies) and replace it with real-time predictive models with limited impact on the 

accuracy of identifying when water may be contaminated with pathogens and thus at an 

increased potential risk. These real-time models would be advantageous, as produce 

growers could estimate the likelihood of pathogen presence in their water sources at the 

time of water application.  

Presenting predictive modeling outcomes as continuous risk measures and 

dichotomized outcomes have distinct advantages. The output of the conditional forest 

models is the predicted probability that a sample will be positive for Salmonella 
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presence or EHEC marker detection. One method for using this predicted probability 

for making decisions on how to utilize the water would be to dichotomize the outcome 

(i.e., pathogen is present or absent) based on if the predicted probability is greater than 

or less than some set threshold value. If this strategy is used, specificity, sensitivity 

positive likelihood ratio, and negative likelihood ratio can be calculated. While the 

specificity is adequate for our Salmonella model, the sensitivity is low (0.69). This is 

particularly concerning as this means the model often calls Salmonella-positive samples 

as negative, and thus may lead to instances where corrective actions (e.g., water 

treatment) were not performed when they should have been. However, by lowering the 

threshold value, the sensitivity of the model can be increased, minimizing this risk. A 

similar phenomenon was observed for the EHEC forest. If predictive models are to be 

used by produce growers to guide on-farm decision making (e.g., if corrective actions 

are needed before using water to irrigate crops), optimization of this threshold value is 

needed. A future quantitative microbial risk assessment would be helpful to identify the 

risk of illness associated with different threshold values (53, 71). This information could 

then be used to optimize what threshold value should be used to balance the predicted 

number of illnesses versus the costs associated with different corrective actions (e.g., 

water treatment). While dichotomizing the outcome of the model, as described above, 

creates an easier to interpret model, it does cause a loss of information. As an alternative, 

the predicted probability of a sample being positive could instead be directly used for 

decision making; however, this would also require quantitative risk assessment to 

determine how predicted probabilities should be used.  

Natural cover and the day of year are important for prediction of 

Salmonella presence and EHEC marker detection. As previously discussed, there 

were some differences in variables associated with pathogen presence by multivariable 

regression and the top ranked variables for predicting pathogen presence by conditional 
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forest. However, a specific discussion of the top ranked variables is important for 

informing what information should be collected for future refinement of models used to 

predict pathogen presence in agricultural water. Natural cover variables and the day of 

year were included in the ten top-ranked predictors in the Salmonella and EHEC forests. 

For both Salmonella and EHEC, there was a positive monotonic relationship between 

the percent of natural cover around the sampling site and pathogen presence. Since 

natural cover may function as habitat for wildlife, this may indicate wildlife is acting as 

a pathogen source in southwestern US canals; this is supported by the limited number 

of past studies that examined the prevalence of enteric pathogens in southwestern 

wildlife (e.g., 31, 32). For example, an Arizona study found 32% (N=103 total samples) 

of coyote fecal samples were positive for Salmonella, while none were STEC-positive 

and 4.9% were enteropathogenic E. coli-positive (32). On the other hand, in a study 

investigating E. coli O157:H7 in feral swine in the central California coast, 14.9% 

(13/87) of samples were positive for E. coli O157:H7 (31). Since, in the current study, 

the relationship between natural cover and Salmonella presence and EHEC marker 

detection is weak, additional research is needed to fully characterize the role wildlife 

plays as a source of enteric pathogen contamination for southwestern canals. Given the 

need for additional research, and the important ecosystem services provided by natural 

cover (e.g., water filtration) and wildlife (e.g., pest control, pollination), the authors 

want to emphasize we are not advocating the removal of natural cover or wildlife from 

growing areas (1, 3, 46).  

Temporal trends in Salmonella presence and EHEC marker detection were 

accounted for by including the day of year each sample was collected on as a predictor 

in the forests. The day of year was used instead of season, as seasons are arbitrary 

periods of time; the end of a season is more similar to the beginning of the subsequent 

season than the beginning of the season itself. As such, using the day of year as a 
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continuous variable reduces bias in the final model by not forcing the data into arbitrary 

categories. For both models, the probability of a sample being pathogen-positive 

remained low until approx. September, after which the probability of a positive 

increased. This likely indicates some event occurs during early fall that leads to an 

increased likelihood of pathogen contamination of southwestern US canals. For 

instance, it is possible the canals are cleaned at this time of year, which causes the 

sediments at the bottom to re-distribute and re-contaminate the water. However, the 

current study only spanned one year so additional research is needed to determine if this 

relationship holds across time. Despite this limitation, our finding of intra-annual trends 

in microbial water quality is consistent with past studies that looked at Salmonella (15, 

37, 57, 64, 74, 76) and EHEC (45, 56, 57, 64). For instance, Cooley et al. (15) found a 

higher Salmonella prevalence in the spring and summer compared to the fall and winter 

in Central California surface water samples. Furthermore, consistent with our current 

study, Stea et al. (57) found a higher prevalence of STEC in the later summer and fall 

compared to all other seasons in Nova Scotia, Canada. Overall, the data collected to date 

appear to indicate that enteric pathogen contamination of surface water often shows 

some type of seasonality, although the specific trends appear to differ across locations 

and studies.  

Limitations. While a large area (approx. 28,000 km2) of the produce growing 

region in the southwestern US is represented here, stratification for certain land-use or 

sample site factors was not performed during sample site selection. As such, this could 

have biased the results (i.e., some potentially important factors could have been missed 

due to underrepresentation of certain variables). Additionally, since this is a proof of 

concept, only a small number of samples were collected (N=169) and each site was only 

visited few times (1-3 times), which could result in combinations of factors associated 

with an altered likelihood of pathogen presence being missed (e.g., if the greatest 
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likelihood of Salmonella contamination is after a rain event next to a dairy farm but no 

samples were collected after a rainfall from a site next to a dairy farm, this signal would 

have been missed). Therefore, further studies, with larger sampling efforts and spanning 

multiple years and geographical locations or growing regions, are needed to yield 

models appropriate for industry use and to answer key questions such as if a single 

model can be used from water source to water source, if a single model can be used 

from climate to climate (or region to region), and if a single model can be used over 

several years. In addition, there are other factors that may be important for pathogen 

presence in canals such as difference in elevation between surrounding land and the 

canal, livestock density surrounding the canals (instead of just CAFO presence), land 

use along canal flow paths, and relative humidity; future model building efforts should 

consider collecting these data to include in their models. Furthermore, there were several 

factors with missing data (e.g., flow rate could not be measured at all sites due to safety 

concerns). This could lead to information bias (i.e., bias caused by a lack of correct or 

complete information) in logistic regression, but we expect this to be non-differential 

(i.e., the bias direction is independent of the model outcome), indicating it should not 

have impacted the results of the study. 

 

CONCLUSIONS 

Machine learning-based predictive models, such as conditional forest models 

show promise for predicting Salmonella presence and EHEC marker detection in 

southwestern US canals used as sources for agricultural water. The use of machine 

learning models, in addition to regression analysis, provides a more complete 

assessment of the relationships between spatial and temporal factors and foodborne 

pathogen presence in agricultural water due to the complexity in the system. 

Furthermore, the use of predictive modeling, and real-time predictive models (using no 
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microbiological data), may provide an alternative or supplement to traditional generic 

E. coli testing for fine-tuning when and where food safety hazards may be present in 

agricultural water and corrective action is needed. The forests developed in the current 

study specifically indicate that use around the sampling site and day of the year are 

important predictors for both Salmonella presence and EHEC marker detection in 

southwestern US canal water. Despite the promising results in this and previous studies, 

these studies were proof of concept. Therefore, before predictive models can be 

deployed on farms and integrated into on-farm risk management plans additional 

research is needed to determine if models can predict pathogen presence accurately for 

regions, water types (e.g., canal, stream, pond), and years, other than the region(s), water 

type(s), and year(s) where the training data were collected.  
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CHAPTER 6 

 

EFFECT OF WEATHER ON THE DIE-OFF OF ESCHERICHIA COLI AND 

ATTENUATED SALMONELLA ENTERICA SEROVAR TYPHIMURIUM ON 

PREHARVEST LEAFY GREENS FOLLOWING IRRIGATION WITH 

CONTAMINATED WATER 

Published in: Applied and Environmental Microbiology (2020), 86:e00899-20 

 

ABSTRACT 

The Food Safety Modernization Act (FSMA) includes a time-to-harvest interval 

following the application of non-compliant water to pre-harvest produce to allow for 

microbial die-off. However, additional scientific evidence is needed to support this rule. 

This study aimed to determine the impact of weather on the die-off rate of E. coli and 

Salmonella on spinach and lettuce under field conditions. Standardized, replicated field 

trials were conducted in California, New York, and Spain over two years. Baby spinach 

and lettuce were grown and inoculated with a ~104 CFU/mL cocktail of E. coli and 

attenuated Salmonella. Leaf samples were collected at 7 timepoints (0-96h) following 

inoculation; E. coli and Salmonella were enumerated. The associations of die-off with 

study design factors (location, produce type, and bacteria) and weather were assessed 

using log-linear and biphasic segmented log-linear regression. A segmented log-linear 

model best fit die-off on inoculated leaves in most cases, with a greater variation in the 

segment 1 die-off rate across trials [-0.46 (95% confidence interval (95% CI): -0.52, -

0.41) to -6.99 (95% CI: -7.38, -6.59) log10 die-off/day] compared to the segment 2 die-

off rate [0.28 (95% CI: -0.20, 0.77) to -1.00 (95% CI: -1.16, -0.85) log10 die-off/day]. A 

lower relative humidity was associated with a faster segment 1 die-off and an earlier 

breakpoint (the time when segment 1 die-off rate switches to the segment 2 rate). 
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Relative humidity was also found to be associated with whether die-off would comply 

with FSMA’s specified die-off rate of -0.5 log10 die-off/day. 

 

IMPORTANCE 

 The log-linear die-off rate proposed by FSMA is not always appropriate, as the 

die-off of foodborne bacterial pathogens and specified agricultural water quality 

indicator organisms appear to commonly follow a biphasic die-off pattern with an initial 

rapid decline followed by a period of tailing. While we observed substantial variation 

in the net culturable population levels of Salmonella and E. coli at each time point, die-

off rate and FSMA compliance (i.e., at least a 2 log10 die-off over 4 days) appear to be 

impacted by produce type, bacteria, and weather; die-off on lettuce tended to be faster 

than that on spinach, die-off of E. coli tended to be faster than that of attenuated 

Salmonella, and die-off tended to become faster as relative humidity decreased. As such, 

the use of a single die-off rate for estimating time-to-harvest intervals across different 

weather conditions, produce types, and bacteria should be revised.  

 

INTRODUCTION 

As consumers increase consumption of fresh produce and as detection of illness 

cases and contaminated products improve, there has been an increase in the number of 

foodborne illnesses and recalls linked to produce (31). In particular, 51.7% (N=571) of 

produce related outbreaks in developed countries have been linked to leafy greens (46). 

In the United States, there have been 6 multistate E. coli O157:H7 outbreaks linked to 

leafy greens between 2017 and 2019, which have caused a total of 497 illnesses and 6 

deaths (10, 11, 12, 13, 14, 64). There have also been 3 recalls in 2019 caused by 

Salmonella contamination of leafy greens (65).  As such, there is a shared pressure 

among industry, academia, and public health agencies to develop better risk 



 

176 

management strategies for contamination of leafy greens by foodborne pathogens, 

including E. coli and Salmonella. Equally, there is a need to challenge the underlying 

assumptions of existing one-size-fits-all interventions and standards for well-known 

hazards, such as contaminated agricultural water.  

A common route for transfer of pathogenic E. coli and Salmonella in the 

preharvest produce environment is surface water (8, 22, 29, 32, 35, 54, 55, 59, 66); 

surface water has also been identified as a potential cause of several outbreaks (9, 11, 

12). Surface water can be applied to preharvest produce as irrigation water, through 

agrichemical applications, and frost protection, among others. As such, as part of the 

Food Safety Modernization Act (FSMA), the FDA proposed an agricultural water 

standard to define the microbial quality required for any source of surface water applied 

to the harvestable potion of produce (63). The standard states 20 water samples must be 

collected from each water source over a two to four-year period prior to water 

application and tested for generic E. coli level. The geometric mean E. coli level must 

be <126 CFU/100mL and the statistical threshold value (i.e. the 90th percentile) must be 

<410 CFU/100mL for those samples (15). If the water does not meet this standard, 

growers can choose to (i) not use the water source, (ii) treat the water prior to use, or 

(iii) wait up to 4 days from water application to harvest to achieve microbial die-off to 

a level compliant with the agricultural water standard. This assumes a -0.5 log10 die-off 

per day (16, a negative die-off rate indicates a reduction in bacterial counts and a 

positive die-off rate indicates an increase in bacterial counts). However, the die-off rate 

within the agricultural water standard has been challenged due to lack of agreement in 

literature (71). 

Several studies have investigated the survival and die-off of attenuated EHEC 

and non-pathogenic E. coli (3, 6, 17, 18, 24, 26, 27, 28, 33, 37, 40, 45, 47, 49, 50, 52, 

72, 73) and Salmonella (33, 42, 45) on in-field leafy greens. For instance, Moyne et al. 
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(49) irrigated in-field lettuce with water contaminated with attenuated E. coli O157:H7 

in 3 replicated trials in Salinas, California and observed a 2-3 log10 reduction within 2h 

of inoculation. In comparison, Chase et al. (18), inoculated in-field lettuce with the same 

strains of attenuated E. coli O157:H7 in 2 replicated trials in Salinas, California and 

observed a net reduction of 2.6 and 3.2 log10 over 10 days. This indicates substantial 

variation in observed die-off between studies. As such, additional research is needed to 

better understand the drivers (e.g., weather) of this variability in foodborne pathogen 

population dynamics on produce under field conditions. Additionally, only a small 

number of studies have investigated die-off in multiple climatic regions using a 

standardized protocol (6, 27). Without multiple climatic regions there is insufficient 

variability in weather conditions, making it difficult to identify associations between 

weather and die-off. Furthermore, several studies indicate the log-linear die-off pattern 

included in the FSMA agricultural water rule may not be appropriate to model in-field 

pathogen die-off (47, 72). The use of an inappropriate die-off pattern can lead to an 

over- or under-estimation of the actual net die-off, which can lead to an under-estimation 

of the bacterial counts on produce at the time of harvest. Alternatively, it can require 

produce growers to extend the time between water application and harvest more than is 

actually required. Lastly, more information is needed on the difference between die-off 

of foodborne pathogens, indicator organisms, and surrogate organisms used to conduct 

such field studies, as the majority of studies were conducted on E. coli die-off on lettuce; 

additional information on die-off variability on different leafy green varieties is also 

needed.   

As such, the current study aimed to help fill these knowledge gaps and develop 

a better understanding of the population dynamics of surrogate organisms across three 

climatic regions to investigate the impact of weather on net viable bacteria recovery 

over the proposed die-off interval. In particular, the objectives of this study were to (i) 
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quantify and compare the die-off rates and die-off patterns of E. coli and attenuated 

Salmonella on in-field baby spinach and lettuce in replicated controlled trials in 

California, New York, and Spain and (ii) identify weather factors associated with the 

die-off rate and die-off pattern.  

 

MATERIALS AND METHODS 

Field set-up. Replicated controlled field trials were conducted in 2017 and 2018 

in three locations: Davis, California (University of CA, Plant Sciences Field Research 

Facility); Freeville, New York (Homer C. Thompson Research Farm); and Murcia, 

Spain (La Matanza Research Farm). In each trial, 6 rows of lettuce or spinach seed were 

sown into approx. 1.5 m wide by 4 m long plots; the seeding rate was between 1.25 cm 

and 4 cm. Seeding in California was performed by creating multirow seed line slots with 

tractor-mounted shallow shanks and hand-distributing pre-calibrated seed masses 

blended with sterile horticultural sand to assist in uniform placement. Seeding in New 

York was performed using a JANG Seeder, model JPH (Mechanical Transplanter 

Company, Holland, Michigan). Seeding in Spain was performed by hand, using foam 

trays with evenly spaced holes to push the seeds through and into the soil. Due to 

uncontrollable factors (e.g., animal intrusion, poor stand germination, and adverse 

weather), the number of plots, spinach and lettuce varieties, and time between planting 

and harvest varied between trials (Table 6.1). For instance, in trial NY3 two varieties of 

spinach were compared: the variety used in the other two locations and a variety well 

suited for New York conditions. The new variety was used in the remaining New York 

trials (i.e., NY1, NY2, and NY4) due to the poor stand germination of the variety used 

in California and Spain. Fertilization, pesticide application, and overhead irrigation 

during produce growing were applied as deemed necessary for the conditions 

experienced in each location and according to industry standards. 
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Table 6.1. Description of the experimental setup for each trial.  

Location Trial 
Produce 

Type 

Produce 

Varietya,b 

Number 

of Plotsc 

Date of 

Inoculation 

Time from 

Planting to 

Inoculation 

(days) 

Sample Collection 

Times (h)d 

No. Samples 

Collected per 

Plot per 

Timepoint 

Data 

included 

in 

analysise 

California CAp Lettuce Tamarindo 4 7/19/2018 44 0, 24, 96 3 No 

  Spinach Acadia F1 4 7/12/2018 37 0, 24, 96 3 No 

 CA1 Lettuce Tamarindo 4 11/12/2018 38 0, 4, 8, 24, 48, 72, 96 5 Yes 

  Spinach Acadia F1 4 11/12/2018 38 0, 4, 8, 24, 48, 72, 96 5 Yes 

 CA2 Lettuce Tamarindo 4 12/18/2018 57 0, 4, 8, 24, 48, 72, 96 5 Yes 

  Spinach Acadia F1 4 12/18/2018 57 0, 4, 8, 24, 48, 72, 96 5 Yes 

 CA3 Lettuce Tamarindo 4 7/1/2019 59 0, 4, 8, 24, 48, 72, 96 5 Yes 

  Spinach Acadia F1 4 7/1/2019 59 0, 4, 8, 24, 48, 72, 96 5 Yes 

          

New York NY1 Lettuce Tamarindo 3 8/27/2018 28 0, 4, 8, 24, 48, 72, 96 5 Yes 

  Spinach Seaside F1 3 8/27/2018 48 0, 4, 8, 24, 48, 72, 96 5 Yes 

 NY2 Lettuce Tamarindo 3 10/1/2018 38 0, 4, 8, 24, 48, 72, 96 5 Yes 

  Spinach Seaside F1 3 10/1/2018 38 0, 4, 8, 24, 48, 72, 96 5 Yes 

 NY3 Spinach Acadia F1 2 7/16/2018 31 0, 4, 8, 24, 48, 72, 96 5 Yes 

  Spinach Seaside F1 2 7/16/2018 31 0, 4, 8, 24, 48, 72, 96 5 Yes 

 NY4 Lettuce Tamarindo 4 7/1/2019 40 0, 4, 8, 24, 48, 72, 96 5 Yes 

  Spinach Seaside F1 4 7/1/2019 40 0, 4, 8, 24, 48, 72, 96 5 Yes 

          

Spain SP1 Lettuce Tamarindo 4 5/29/2018 47 0, 4, 8, 24, 48, 72, 96 5 Yes 

  Spinach Acadia F1 4 5/29/2018 47 0, 4, 8, 24, 48, 72, 96 5 Yes 

 SP2 Lettuce Tamarindo 4 1/8/2019 91 0, 4, 8, 24, 48, 72, 96 5 Yes 

  Spinach Acadia F1 4 1/8/2019 91 0, 4, 8, 24 5 No 

 SP3 Lettuce Tamarindo 4 4/29/2019 77 0, 4, 8, 24, 48, 72, 96 5 Yes 

  Spinach Acadia F1 4 4/29/2019 77 0, 4, 8, 24, 48, 72, 96 5 Yes 

 SP4 Lettuce Tamarindo 2 7/1/2019 26 0, 4, 8, 24, 48, 72, 96 3 Yes 

  Spinach Acadia F1 4 7/1/2019 26 0, 4, 8, 24 3 No 
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aTamarindo lettuce and Acadia F1 spinach were supplied by Enza Zaden (Enkhuizen, Netherlands). Tamarindo is red leaf lettuce. 

Tamarindo and Acadia F1 are ideal for baby leaf.  

bSeaside F1 spinach was supplied by Harris Seeds (Rochester, NY) and is ideal for baby leaf. 

cThe number of plots planted per trial varied to balance available resources and the need for additional trials in each location.  

dSample collection times are reported in hours past inoculation. Trials where samples were not collected at all seven time points 

was caused by crop loss. 

eTrials or produce types in a trial where samples were not collected at all time points were excluded from data analysis. This was 

due to crop loss. 
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Testing for naturally occurring rifampicin resistant E. coli and attenuated 

Salmonella. The following control samples were collected prior to each trial to test for 

naturally occurring rifampicin resistant E. coli and Salmonella: soil samples from each 

experimental plot, one spinach sample, one lettuce sample, and 1L of water used for 

irrigation. The samples were stored on ice, transferred to the lab, and processed within 

24h of collection. For produce and soil samples, 25g was weighed out in separate sterile 

bags (Nasco, Fort Atkinson, WI). The samples were then diluted 1:10 with tryptic soy 

broth (Becton Dickson, Franklin Lakes, NJ) supplemented with 0.1 g/L Rifampicin 

(TSB+R; MilliporeSigma, Burlington, MA). The 1L water sample was run through a 

0.45 µm NEO-GRID filter (Neogen Corp., Lansing, MI). If the water contained large 

amounts of sediment, multiple filters were used. The filters were then transferred to a 

sterile bag and 90 mL of TSB+R was added. All control samples were incubated at 37°C 

for 18 to 24h. After incubation, 50 µL of each enriched sample was streaked onto an 

E.coli ChromAgar (DRG International, Springfield, NJ) plate supplemented with 0.1 

g/L Rifampicin (ECC+R) and onto a Salmonella ChromAgar (DRG International) plate 

supplemented with 0.1 g/L Rifampicin (SC+R). The plates were incubated at 37°C for 

18-24h. The presence of blue colonies on ECC+R plates indicates a positive result for 

rifampicin resistant E. coli and the presence of mauve colonies on SC+R plates indicates 

a positive result for rifampicin resistant Salmonella. 

Inoculum preparation and inoculation. Three strains of rifampicin resistant 

E. coli (TVS 353, TVS 354, and TVS 355), provided by the Suslow lab at the University 

of California, Davis (62), and two strains of rifampicin resistant attenuated Salmonella 

[Salmonella enterica sv. Typhimurium strain MHM112 (23) and Salmonella enterica 

sv. Typhimurium UK-χ3985 (21)] were used to inoculate the lettuce and spinach plots. 

The rifampicin resistance in the two Salmonella strains was developed by the Suslow 

lab using the procedure described by Lopez-Velasco et al. (44); the rifampicin resistant 
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strains derived from MHM112 and UK-χ3985 were named attPTVS 355 and attPTVS 

337, respectively. Each strain was streaked onto separate tryptic soy agar plates (Becton 

Dickson) supplemented with 0.1 g/L Rifampicin to form a confluent lawn. The plates 

were incubated at 37°C for 18-24h. After incubation, each plate was flooded with 5 mL 

of phosphate buffered saline (PBS), and the cells were suspended using a sterile loop or 

L-spreader. Each strain’s suspension was then transferred to a separate sterile bottle. If 

there were visible cell masses remaining on the plates, the washing step was repeated. 

Enough PBS was then added to each sterile bottle containing the cell suspensions to 

reach final volumes of 100 mL. Each bottle was vortexed, and 10 mL was transferred 

to a separate, sterile 15 mL tube. The cell suspensions for each strain were spun down 

at 2,000 x g for 10 min in New York and 2,500 x g for 5 min in Spain and California; 

the differences in centrifuge conditions were due to differences in the equipment 

available in each lab. Following centrifugation, the supernatant was pipetted off and the 

cells were washed twice in PBS using the same centrifuge conditions listed above. The 

cells were then re-suspended in 6 mL of PBS and the optical density at 600 nm was 

measured to confirm the suspensions were at approx. 9 log10 CFU/mL. The cell 

suspensions were stored at 4°C overnight; since die-off was calculated relative to the 0h 

timepoint, the 12h hold at 4°C should not bias the results. After approx. 12h, 4 mL of 

each E. coli strain’s suspension were mixed into a sterile 15 mL tube and 6 mL of each 

Salmonella strain’s suspension were mixed into a second sterile 15 mL tube. Serial 

dilutions were then performed on each bacteria cocktail (i.e., E. coli and Salmonella) to 

reach approx. 6 log10 CFU/mL. Four sanitized 2 L bottles were then obtained, and 1.8 

L of PBS, 100 mL of the E. coli cocktail, and 100 mL of the Salmonella cocktail were 

added to each bottle to reach a final concentration of approx. 5 log10 CFU/mL for each 

bacterium (i.e., Salmonella and E. coli). A 5 mL aliquot from each bottle was transferred 

to separate, sterile 15 mL tubes and stored at 4°C to be used to confirm the inoculum 
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concentration. 

Confirmation of the inoculum concentration was performed within 24 h of 

inoculum preparation. The aliquot from each bottle was diluted by 10-1 and 10-2, and 

100 µL of each dilution was plated on ECC+R. The plates were incubated at 37°C for 

18-24h. After incubation, the number of blue colonies (E. coli) and white colonies 

(Salmonella) were counted and recorded.  

Inoculation was targeted to be performed when the lettuce plants developed 6 

true leaves, or 30 to 40 days following seeding. At this time, the spinach plants were 

expected to have 10 to 12 true leaves. However, due to weather conditions, some trials 

could not be conducted at this targeted time (Table 6.1). In all three experimental 

locations, inoculation was performed using the same make of a CO2 powered backpack 

sprayer with the pressure between 27 and 30 psi and 2 Turbo TeeJet (tip #8) nozzles 

spaced 38 inches apart (R&D Sprayers, Opelousas, LA). The inoculum was applied to 

the plots at 2 L per approx. 45 m2.  

Sample collection. Following inoculation, samples were collected at the 

following time points: 0, 4, 8, 24, 48, 72, and 96h. For trials CAp (preliminary trial in 

California), SP2 spinach, and SP4 spinach, samples were collected at a reduced number 

of time points due to crop loss and were excluded from all data analyses (Table 6.1). At 

each time point, 5 samples were collected per plot, with the exceptions of trials CAp 

and SP4 (Table 6.1). Each sample consisted of 6 adjacent plants from a single row. The 

locations of these samples were randomly selected. No samples were harvested from 

the outer plot rows. The samples were harvested by cutting each plant in the identified 

sample approx. 2 cm above the soil line with scissors and transferring them to a sterile 

bag. The scissors were wiped with a 20% bleach wipe, followed by a 70% ethanol wipe 

between each sample. Gloves were changed and sprayed with 70% ethanol between 

each sample. The samples were stored on ice and transferred back to the lab for 

microbial testing. All microbial testing was performed within 24h of sample collection. 
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Die-off of Salmonella and E. coli in the soil of spinach and lettuce plots in trials CA1 

and CA2 was also assessed; details are provided in Supplementary Information 

Appendix A.  

Microbial testing. The weight of each sample was measured and recorded. 

Samples collected at 0, 4, or 8h past inoculation were diluted 1:5 with PBS. Samples 

collected at 24, 48, 72, or 96h past inoculation were diluted 1:10 with PBS. Larger 

dilution factors were used at the later time points to ensure enough washate was 

available to plate larger volumes (e.g., 100 mL). All samples were massaged by hand 

for 1 min. 

All samples were enumerated for rifampicin resistant E. coli and Salmonella. 

Based on the discretion of each location, between 10 µL and 100 mL were plated for 

each bacterium per sample to increase the likelihood of observing the countable range. 

For plating volumes less than or equal to 250 µL, the samples were spread plated on 

ECC+R and incubated at 37°C for 18-24h. The blue and white colonies were counted 

and recorded as E. coli and Salmonella, respectively. For plating volumes of 1 mL or 

greater, the samples were filtered through 0.45 µm pore-size NEO-GRID units. When 

using the filters, Salmonella can no longer be reliably counted on ECC+R plates, so 

filtering of each sample was performed in duplicate; the first filter was aseptically 

transferred to an ECC+R plate and the second filter was aseptically transferred to a 

SC+R plate. The ECC+R plates were incubated at 37°C for 18-24h and the blue colonies 

were counted and recorded as E. coli. The SC+R plates were incubated at 37°C for 42-

48h and the mauve colonies were counted and recorded as Salmonella. Following 

plating, the samples were stored at 4°C. The number of colonies per plate where 

converted to CFU/100g of produce, which is referred to as the “population level” of 

Salmonella or E. coli present on the sample; all counts were reported in log10 CFU/100g 

of produce to avoid negative log10 counts. 
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Enrichment. Enrichment was performed on any sample negative by 

enumeration. To do so, the sample was diluted 1:2 with 2X TSB supplemented with 200 

g/L of Rifampicin (2X TSB+R), based on the volume of PBS remaining in the sample 

(the sample refers to the plant material and the PBS remaining in the sample). For 

example, if there was 50 mL of PBS remaining in the sample bag, 50 mL of 2X TSB+R 

was added. The enrichments were then incubated at 37°C for 18-24h. Following 

incubation, 50 µL of the enrichment was streaked onto an ECC+R plate to test for the 

presence of E. coli and/ or onto a SC+R plate to test for the presence of Salmonella. All 

plates were incubated at 37°C for 18-24h. The presence of blue colonies on ECC+R 

were recorded as E. coli positive and the presence of mauve colonies of SC+R were 

recorded as Salmonella positive.  

Strain identification. A PCR protocol was developed to differentiate the E. coli 

inoculum strains to determine if there was a difference in strain survival. The protocol 

utilized 4 primer sets: 1 specific for each strain and 1 that amplified all 3 strains (Table 

6.2). Dirty lysates were prepared for each isolate by transferring a portion of a colony 

into 100 µL of dH2O in a 0.2 mL tube. These suspensions were placed in the 

thermocycler and heated to 95°C for 15 minutes. Fifty µL reactions were performed, 

with the reagents at the following final concentrations: 1X Green GoTaq Flexi Reaction 

Buffer (Promega, Madison, WI), 1.5 mM MgCl2 (Promega), 0.2 mM of each dNTP 

(Thermo Scientific, Waltham, MA), 0.2 µM 353F, 0.2 µM 353R, 0.2 µM 354F, 0.2 µM 

354R, 0.2 µM 355F, 0.2 µM 355R, 0.2 µM 35XF, 0.2 µM 35XR (Integrate DNA 

Technologies, Coralville, IA), 1.25 U GoTaq Polymerase (Promega), <0.5 µg/50 mL 

DNA template. The thermocycler conditions were as follows: 94°C for 2 minutes; 30 

cycles of 94°C for 30 seconds, 57°C for 1 minute, 72°C for 1.5 minutes; 72°C for 7 

minutes, 4°C for ∞. Gel electrophoresis was performed using a 1.5% agarose gel at 120 

volts. The primers amplified a 240 bp fragment from TVS 353, a 521 bp fragment from 
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TVS 354, a 960 bp fragment from TVS 355, and an 1835 bp fragment with the universal 

primers. In California, PCR was performed as follows for E. coli positive samples: up 

to 6 isolates per sample in CAp; 1-29 isolates per 24, 72, and 96h samples in CA1; 2-

18 isolates per 24 and 96h samples in CA2; and 1-89 isolates per 24, 72, and 96h samples 

in CA3. Strain characterization of E. coli in the soil samples collected in trials CA1 and 

CA2 was also performed; details can be found in Supplementary Information Appendix 

A. In New York, PCR was performed on up to 6 isolates for each E. coli positive sample 

(by either enumeration or enrichment) for each trial. In Spain, PCR was performed as 

follows on E. coli positive samples: up to 1 isolate per 48, 72, and 96h samples in SP1; 

up to 6 isolates per 24 and 48h lettuce samples in SP2; up to 6 isolates per 8, 24, and 

48h samples in SP3; and up to 6 isolates per 8 and 24h spinach samples and up to 6 

isolates per 8, 24, and 48h lettuce samples in SP4.  

 

Table 6.2. Primer sequences used to differentiate between the 3 E. coli inoculum 

strains. 

Primer Name Target Strain Sequence 

353F TVS353 TGACGGACAGGGACTCTATCTG 

353R TVS353 CAGCGTTCGCTCACTGAGAG 

354F TVS354 TAGGTTTGTTCACATTAGGTGATGTCG 

354R TVS354 AAATGTGGGTATGGCATATGGCAG 

355F TVS355 GTGACACCAATGACATCTGATGTTATCC 

355R TVS355 CGTCCTTATCCTGTTGGCTTGTG 

35XF All 3 strains TTCGACAACGGTATTATTCTCTGCC 

35XR All 3 strains TATCAATGACCCGAATCTGATCCTCG 

 

To evaluate differential survival of the 2 attenuated Salmonella inoculum strains, 

Salmonella colonies were streaked on Xylose Lysine Deoxycholate agar supplemented 

with 0.1 g/L Rifampicin (XLD+R). The XLD+R plates were incubated at 35°C for 18-

24h and the resulting color of the colonies was recorded. PTVS 337 does not produce 

H2S and forms pink colonies on XLD+R, while PTVS 355 does produce H2S and 



 

187 

produces black colonies on XLD+R. In CA1, CA2, and CA3, 1-121 colonies per plot 

were tested from two time points (24 and 96h). In NY4, 40 characteristic Salmonella 

colonies per plot were tested from two time points (24 and 96h). In SP2 and SP3, 25 

characteristic Salmonella colonies per plot were tested from two time points (24 and 

96h).  

Monitoring environmental conditions. The following weather conditions were 

recorded in all locations: Temperature (°C), relative humidity (%), solar radiation 

(kilowatts per meter square, kW/m2), precipitation (mm), and wind speed (m/s). The 

geographic coordinates (WGS 84 Web Mercator) of the weather stations were: Lat: 

38.53, Lon: -121.79 (elevation: 18.3 m) in California; Lat: 42.52, Lon: -76.33 

(elevation: 335.3 m) in New York; and Lat: 38.11, Lon: -1.03 (elevation: 135 m) in 

Spain. All weather data was cleaned in R version 3.5.3 (R Core Team, Vienna, Austria). 

Hourly dew point was also calculated using humidity.to.dewpoint function in the 

“weathermetrics” package (1). Leaf wetness (min) was collected in New York and 

Spain, however, no associations between leaf wetness and die-off were identified (and 

so no data are shown). The weather variables derived from recorded weather data are 

listed in Table 6.3. All weather variables were calculated over the 96, 24, and 8h 

following inoculation. The summary variables for the three time periods were developed 

to serve as three practical ways a grower could use the study findings (at the end of a 4-

day wait period, 24h, or 8h after irrigation) to plan harvest. No solar radiation variables 

were calculated for the 8h following inoculation because the weather station 

malfunctioned during this time in trial NY3. The weather station during trial SP4 also 

malfunctioned 55h following inoculation, so 96h weather variables for this trial were 

only calculated with available data. However, the weather appears to be relatively stable 

from day to day, so we did not expect this to affect the results. A standard operating 

procedure (SOP) document was developed to provide the basis for the above described 
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standardized field and microbial testing components of study design across the three 

experimental locations. The SOP is provided in Supplementary Information Appendix 

B. 
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Table 6.3. Definitions of die-off outcomes and predictor variables (study design and 

weather), considered in statistical analyses at the plot-level. Weather variable sets 

were created for three specified time periods of interest (i.e., the 8ha, 24h, and 96h) 

following inoculation and one set was used at a time in analysis. 
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Variable 

typeb 

Notation Definition Unit 

O seg1 Segment 1 die-off rate log10 die-off/day 

O se1 Segment 1 die-off rate standard error log10 die-off/day 

O seg2 Segment 2 die-off rate log10 die-off/day 

O se2 Segment 2 die-off rate standard error log10 die-off/day 

O Bp Breakpoint between segment 1 and segment 2 Days 

O Die-off pattern Indicates if a biphasic segmented log-linear fit is superior 

to a log-linear fit for each plot and bacteria combination. 

The superior model fit for each plot and bacteria subset 

was determined such that for the segmented fit to be 

superior, its Bayesian information criteria (BIC) value 

must be 10 or more than the BIC value of the log-linear 

model 

log-linear (baseline)/ 

segmented 

O FSMA compliance If the observed segmented die-off in each bacterium, plot 

combination is compliant with the Food Safety 

Modernization Act (FSMA) (i.e., ≥2 log10 overall die-off 

from 0h to 96h) 

Not compliant (baseline)/ 

compliant 

S Produce type Designates spinach or lettuce. Lettuce is the baseline in 

all regression models 

Lettuce (baseline)/ spinach 

S Bacteria Designates Salmonella or E. coli. E. coli is the baseline in 

all regression models. 

E. coli (baseline)/ 

Salmonella 

S Location Geographic location where the experiment was 

conducted 

California (baseline)/ New 

York/ Spain 

W Min. Temperature Minimum temperature during a time period of interest °C 

W Max. Temperature Maximum temperature during a time period of interest °C 

W Avg. Temperature Average temperature during a time period of interest °C 

W Temperature Range Maximum minus minimum temperature during a time 

period of interest 

°C 
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W Max. Temperature 

Change Rate 

Maximum change in temperature from one hour to the 

next during a time period of interest 

 

°C/h 

W Min. Relative 

Humidity 

Minimum relative humidity during a time period of 

interest 

% 

W Max. Relative 

Humidity 

Maximum relative humidity during a time period of 

interest 

% 

W Avg. Relative 

Humidity 

Average relative humidity during a time period of 

interest 

% 

W Relative Humidity 

Range 

Maximum minus minimum relative humidity during a 

time period of interest 

% 

W Max. Relative 

Humidity Change 

Rate 

Maximum change in relative humidity from one hour to 

the next during a time period of interest 

%/h 

W Max. Solar Radiationa Maximum solar radiation during a time period of interest kW/m2 

W Avg. Solar Radiationa Average solar radiation during a time period of interest kW/m2 

W Max. Solar Radiation 

Change Ratea 

Indicates to the maximum change in solar radiation from 

one hour to the next during a time period of interest 

kW/m2·h 

W Precipitation  Designates if there was precipitation during a time period 

of interest 

yes/ no 

W Min. Wind Speed Minimum wind speed during a time period of interest m/s 

W Max. Wind Speed Maximum wind speed during a time period of interest m/s 

W Avg. Wind Speed Average wind speed during a time period of interest m/s 

W Wind Speed Range Maximum minus minimum wind speed during a time 

period of interest 

m/s 

W Max. Wind Speed 

Change Rate 

Maximum change in wind speed from one hour to the 

next during a time period of interest 

m/s·h 

W Min. Dew Point  Minimum dew point during a time period of interest °C 

W Max. Dew Point Maximum dew point during a time period of interest °C 



 

192 

W Avg. Dew Point Average dew point during a time period of interest °C 

W Dew Point Range Maximum minus minimum dew point during a time 

period of interest 

°C 

W Max. Dew Point 

Change Rate 

Maximum change in dew point from one hour to the next 

during a time period of interest 

°C/h 

aSolar radiation variables were not created for the 8h weather variables due to missing data. 

bO = outcome, S = study design, W = weather.
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Statistical Analyses.  

Data processing. All data cleaning and analyses were performed in R version 

3.5.3. Due to the microbial testing strategy, samples could be (A) positive with 

microbial counts but above the countable range [i.e., too numerous to count, N=7], (B) 

positive with counts within the countable range [i.e., positive by enumeration, 

N=4,237], (C) negative by enumeration and positive by enrichment [N=452], and (D) 

negative by enumeration and enrichment [N=185]. There were also positive samples 

with an unknown population level due to (E) sample loss after enumeration [i.e., 

enumeration was performed but no enrichment was performed (N=12)] or (F) inability 

to read plates because of excessive mud on the sample [N=7]. To account for unknown 

population levels on positive samples, previous studies have imputed a single value 

(e.g., lower-detection limit, the mid-point between lower- and upper-detection limits, or 

the upper detection limit). However, this strategy is not optimal, as it can lead to biased 

results (30). As such, in the current study, multiple imputations were performed for the 

samples with unknown population levels (in categories A, C, D, E and F), as this has 

been shown to limit bias (30). To do so, the lower and upper limits of detection were 

calculated for each of these samples (based on the sample dilution) and a population 

level between those two limits of detection was randomly selected (i.e., imputed) using 

a uniform distribution to reflect uncertainty; ten imputation rounds were performed per 

sample. For samples that were lost after enumeration (category E), the concentration 

was imputed such that the lower bound for imputation was 0 and the upper bound for 

imputation was the limit of quantification for enumeration. For samples with un-

readable plates (category F), it was known if the bacterium of interest was present, 

however, the exact concentration was unknown. As such, the lower bound of imputation 

was set at the lower limit of quantification by enumeration and the upper bound was set 

at 107 CFU/100g (i.e., ~1 log10 above the highest counted population level with filter 
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plating). For samples above the countable range (category A), the upper limit was set at 

107 CFU/100g of produce. The microbial counts recorded for samples in category B 

were used as is, in the analysis except for a correction due to the filter vs spread plating 

methodology explained below. Samples in the category D were imputed with a value 

between 0 and the limit of detection for enrichment, as each sample was used for testing 

E. coli and Salmonella. This means the entire sample could not be tested for each 

respective bacterium, and it is unknown if the samples negative by enrichment were 

truly negative; the consequence is a possible overestimation by imputation in these 

samples. However, considering only 185 samples required this treatment we do not 

expect a measurable effect on the findings. The raw and imputed microbial counts data 

were compiled into a “raw imputed” dataset. 

Through data visualization, it was determined there were systematically higher 

population levels of Salmonella on the spinach and lettuce when samples were tested 

using spread plating as compared to filtering. We hypothesized 2 potential reasons for 

this difference: (i) there were false positive Salmonella colonies on ECC+R plates used 

for spread plating, since different plating media were used for enumerating Salmonella 

by spread plating (i.e., ECC+R) and filter plating (SC+R) and (ii) the NEO-GRID filters 

restricted the diffusion of nutrients from the SC+R plates to allow for Salmonella colony 

growth. To assess the potential for false positive Salmonella colony growth on ECC+R, 

3,588 colonies were streaked from ECC+R plates onto SC+R plates and incubated at 

37°C for 18-24h; the development of mauve colonies indicates a Salmonella positive. 

After incubation, 99.6% (3,572/ 3,588) of colonies were mauve, indicating the 

difference between spread and filter plates was not due to false positives on ECC+R. As 

such, we concluded the difference was due to the reduced ability of nutrients to pass 

from SC+R media through the NEO-GRID filter to allow for Salmonella colony growth. 

To correct for this, the percentage difference between spread and filter plates was 
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calculated separately for spinach and lettuce using samples for which we had available 

counts from both spread and filter plates (N=368 for spinach, N=300 for lettuce). The 

percentage difference in spinach and lettuce were used to adjust the population levels of 

spread plates samples down to the expected concentration if filter plating had been used, 

because the difference in concentrations between spread and filter plates was thought to 

be caused by the underestimation of the number of colonies by filter plates. This 

methodology was chosen because there were fewer spread plated samples than filtered 

samples over the whole length of the experiment, therefore requiring correcting the 

concentration of fewer samples. Also, the main interest was in correctly capturing the 

difference in counts from time point to time point to allow estimation of the microbial 

die-off rate. An acceptable side-effect of this approach was that the true microbial 

concentration at each time point was likely slightly underestimated.  

After the above correction for the enumeration method (filter vs plate spreading) 

was applied, the “raw imputed” microbial count data was subset by each combination 

of plot and bacteria (Figure 6.1), resulting in a total of 70 plot level subsets across all 

trials for E. coli and an equal number for Salmonella (since each plot was inoculated 

with a mixture of strains of both bacteria). For instance, an individual subset of data was 

created for E. coli on the first spinach plot in trial NY3 comprising of “raw imputed” 

counts at each of the 7 timepoints of sample collection. A log-linear and a biphasic, 

segmented log-linear regression model were fit using the lm function for each of the ten 

imputed data sets for each subset (i.e., for each plot-commodity-bacteria combination). 

These are referred to as plots. The breakpoint in each of the segmented models was 

identified by selecting the breakpoint that minimized the deviance of the model. 

Additional biphasic models (e.g., Weibull) were not evaluated due to the difficulty with 

practical interpretation. Each of the ten models for a given plot were then combined 

using the pool function (based on the principles explained by Rubin, 57) in the “mice” 
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package (67) into a single model. For each of plot models, Table 6.3 and Figure 6.1 

show the statistics that were recorded and subsequently used as outcome variables in 

the plot-level analysis of predictors: (i) segment 1 die-off rate coefficient (seg1), (ii) 

segment 1 die-off rate standard error (se1), (iii) segment 2 die-off rate coefficient (seg2), 

(iv) segment 2 die-off rate standard error (se2), (v) breakpoint between segment 1 and 

segment 2 (bp), (vi) if a segmented log-linear or log-linear model had a superior fit for 

the subset (die-off pattern), and (vii) if the observed die-off in the subset is faster than 

the FSMA die-off rate with FSMA (FSMA compliance). The 7 outcomes and predictors 

[i.e., study design factors (i.e., bacteria, produce type, and location) and weather factors] 

from individual plots were compiled into a “processed” dataset for further plot-level 

analyses of microbial die-off (Table 6.3). This approach was taken because we 

hypothesized there were different association between weather factors and die-off for 

each of the segments. Additionally, it is more practical for produce growers, public 

health agencies, and academia to utilize the relationship between weather, study design 

factors, and die-off rates compared to the relationship with microbial concentration on 

individual samples. This analysis method also readily takes data from multiple 

imputations in “raw imputer” dataset into the “processed” dataset. For the “die-off 

pattern” outcome (Table 6.3), to assess if a segmented log-linear or log-linear model 

had a superior fit for each plot, the Bayesian information criterion (BIC) was estimated 

for each model type. For the segmented fit to be considered preferred, its BIC value 

must be 10 or more than the BIC value of the log-linear model. A cut-off value of 10 

was selected according to the findings of Kass and Wasserman (41). For the “FSMA 

compliance” outcome (Table 6.3), to assess if the observed die-off in a plot is compliant 

with FSMA (i.e., at least a 0.5 log10 reduction/day), it was determined if the segmented 

die-off calculated for each plot would achieve at least a 2 log10 reduction in 4 days. This 

assumes, starting at a population level of 4 log10 CFU/100g of produce and 100 mL is 
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applied to each 100g of produce, at least a 2 log10 reduction would need to be achieved 

in 4 days for the produce to be considered compliant (i.e., <126 CFU/100mL) with the 

FSMA agricultural water standard. 

 Figure 6.1. Overview of the statistical analysis plan.  

 

Univariable analyses. Mixed effects linear regression was performed on the 

“processed” dataset using the lmer function in the “lme4” package (4) to determine 

univariable associations between each of the 7 continuous outcomes [(i) seg1, (ii) se1, 

(iii) cov1, (iv) seg2, (v) se2, (vi) cov2, and (vii) bp] and explanatory variables (study 

design factors and weather factors). Trial was included in the models as a random effect. 

Each study design factor and weather factor were tested separately as fixed effects. A 
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F-test was used to compare the model fit with the fixed predictor to the model fit with 

only random effects. Similarly, mixed effects logistic regression was performed on the 

“processed” dataset using the glmer function in the “lme4” package (4) to determine the 

univariable associations between each of the binary outcomes [(i) die-off pattern, and 

(ii) FSMA compliance] and explanatory variables (study design factors and weather 

factors). Trial was included in the models as a random effect. Each study design factor 

and weather factor were tested separately as fixed effects.  

Multivariable analyses. Following both the linear and logistic regression 

analyses, weather factors with a p-value of less than 0.1 in univariable analysis were 

included in principle component analysis (PCA) for variable reduction. PCA was 

performed using the prcomp function, such that the number of components retained 

must explain ≥90% of the variation in the data and each retained variable can only have 

a major loading on 1 principle component. PCA was performed separately for each 

outcome in Table 5.3 (because each outcome is associated with different predictors in 

univariable analysis). If an outcome had 4 or fewer weather predictors with P<0.1, PCA 

was not performed. One representative variable at a time for each principle component 

was included in multivariable analysis. 

Mixed effects linear regression was performed using the lmer function in the 

“lme4” package (4) for multivariable analysis for each of the 5 continuous outcomes: 

seg1, se1, seg2, se2, and bp (Table 6.3). Trial was included in the models as a random 

effect. All study design factors significant at a 10% level in univariable analysis were 

first included in the multivariable models. Backwards selection was performed by 

removing the variable with the lowest t-value. The final base model was selected as the 

simplest model that was significantly different (p<0.05) from the next simplest nested 

model using a F-test. Once the base model was developed, representative weather 

variables for each principle component were included in the base model and backwards 
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selection was performed as described above to determine the final model. Separate 

models were fit with 96h, 24h, and 8h weather variables due to the strong correlation 

between weather variables across the time points. The corresponding regression models 

are referred to as the 96h regression model, 24h regression model, and 8h regression 

model to distinguish the time frames over which the weather variables were calculated. 

Model fit was also assessed using the protocol described by Beauvais et al. (5) to check 

for normality of the residuals, heteroskedasticity, and a linear relationship between the 

exposure and outcome.  

Similarly, mixed effects logistic regression was performed using the glmer 

function in the “lme4” package (4) for multivariable analysis of each of the following 

binary outcomes: (i) die-off pattern and (ii) FSMA compliance (Table 6.3). Trial was 

included in the models as a random effect. All study design factors significant at a 10% 

level in univariable analysis were first included in the multivariable models. Backwards 

selection was performed by removing variables with the highest p-value. The final base 

model was selected as the simplest model significantly different (p<0.05) from the next 

simplest nested model using a likelihood ratio test. Once the base model was developed, 

representative weather predictors for each principle component were included in the 

base model and backwards selection was performed as described above to determine 

the final model. Model fit was also assessed using the protocol described by Beauvais 

et al. (5) to determine if the assumption of linearity between the exposure and log odds 

of the outcome was met. 

 Classification and regression trees (CART) were fit for each of the seven 

outcomes (Table 6.3) using the rpart function in the “rpart” package (61) to visualize 

possible interactions and aid interpretation of regression analysis. Tree pruning was 

performed such that the complexity parameter was set to minimize the cross-validation 

relative error to prevent overfitting in the trees; a 10-fold cross-validation was used. 
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Classification and regression trees cannot control for clustering of plots within a trial, 

however, subsetting as part of the performed 10-fold cross-validation is expected to 

have reduced the effect of pseudo-replication at the trial level. As an internal validation 

step, the predictions from the classification trees are described in terms of sensitivity, 

specificity and negative and positive predictive values. Only 96h weather variables and 

study factors important by univariable regression analysis (Table S4) were tested for 

inclusion in the classification and regression trees. These are referred to as the 96h 

classification trees and 96h regression trees.  

 Identification of inoculation strains. To assess differential survival of 

inoculation strains over the 4-day experiment, the following analyses were conducted 

at the sample level. To determine the effect of trial, time, and produce type on the 

survival of the 3 E. coli inoculum strains, multinomial regression was performed using 

the multinom function in the “nnet” package (69). To determine the effect of trial, time, 

and produce type on the survival of the 2 Salmonella inoculum strains, mixed effects 

logistic regression was performed using the glmer function (4); sample id (i.e., the 

sample the isolate was taken from) was included in the model as a random effect. Plot 

id was included as a random effect instead of sample id in the Spain Salmonella model, 

as the sample each isolate came from was not recorded. For both the E. coli and 

Salmonella strain identification protocols, isolates were taken from both enumerated 

samples and enriched samples. However, all isolates from an enriched sample are likely 

to have propagated from the same cell or same couple of cells. To account for this, all 

models were weighted such that all isolates from non-enriched samples were given a 

weight of 1 and all isolates from enriched samples were given a weight of 1 divided by 

the number of isolates tested from that sample. Weighting was not performed in Spain 

Salmonella models because it was unknown which isolates came from enumerated vs. 

enriched plates; as such, these results may be biased. Additionally, all strain 
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identification analyses were performed separately for each location to account for 

differences in sample sizes and sampling times. For E. coli, N=1,920 isolates from 

California, N=4,700 isolates from New York, and N=1,313 isolates from Spain were 

tested. For Salmonella, N=1,910 isolates from California, N=640 isolates from New 

York, and N=640 isolates from Spain were tested. 

Unless otherwise stated, statistical significance was evaluated at the 5% level. 

Correction for multiple testing was not applied due to the foundational nature of the 

study.  

 Data availability. All data used in this study can be found at 

https://github.com/abelias/die_off.  

 

RESULTS 

Descriptions of samples and weather. In total, 5,252 sample-level data points 

were collected. However, only 4,900 of these sample-level data points were used in 

statistical analyses due to crop loss in some trials (Table 6.1). Of those 4,900 data points 

used in analyses, 1,260 were E. coli on lettuce, 1,260 were Salmonella on lettuce, 1,190 

were E. coli on spinach, and 1,190 were Salmonella on spinach. Of the 4,900 data points, 

1,680, 1,680, and 1,540 data points were from California, New York, and Spain trials, 

respectively. Summary statistics of the weather variables across all locations can be 

found in Tables S1-S3. 

Descriptions of microbial counts from field data. The levels of Salmonella 

and E. coli in the inoculum ranged from 3.68- 5.84 log10 CFU/mL and 3.77- 5.84 log10 

CFU/mL in all trials, respectively. Due to the variations in inoculum microbial 

population levels across trials, the association between 0h population levels on the 

produce and die-off rate was assessed, as the 0h population level described the 

effectively applied inoculum concentration levels. The inoculum population levels were 
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not used directly due to the possibility of slight differences in inoculation rate achieved 

with the backpack sprayer across locations or trials, even though a standard protocol 

was used. To do so, each 0h population level was categorized as low (i.e., <4.8 log10 

CFU/100g produce) or high (i.e., ≥4.8 log10 CFU/100g produce); the cut-off value was 

set so there was an approx. equal number of data points in the low and high starting 

population level categories. Salmonella and E. coli were modeled separately. There was 

no significant difference in die-off rates between the starting population level groups 

for Salmonella (P=0.374) or E. coli (P=0.678). The range in total E. coli reduction over 

4 days was 3.48- 4.40 log10 CFU/100g produce in California trials, 2.29- 4.21 log10 

CFU/100g produce in New York trials, and 2.63- 4.97 log10 CFU/100g produce in Spain 

trials (Figure S1).   

In trial NY3, microbial die-off on two varieties of spinach were compared: 

Harris Seeds Seaside F1 (new variety) and Enza Zaden Acadia F1 (original variety); the 

original variety, which was used in California and Spain trials, showed poor stand 

germination under New York conditions. No significant differences in the E. coli and 

Salmonella counts via a Wilcoxon rank sum test (p=0.801) or log-linear microbial die-

off (p=0.988) were observed between the two spinach varieties. As such, the new variety 

of spinach was utilized in the remainder of New York trials and data from the new 

variety of spinach was combined with that of the original spinach variety for all 

analyses.  

Several control samples (i.e., water used for irrigation, soil, or produce prior to 

inoculation) were presumptively positive (i.e., blue colonies on ECC+R or mauve 

colonies on SC+R for E. coli and Salmonella, respectively) for the presence of naturally 

occurring rifampicin resistant E. coli and Salmonella in New York trials. In trial NY3, 

naturally occurring rifampicin resistant E. coli and Salmonella were isolated from 1/1 

irrigation water samples used in spinach growth. However, no further testing was 
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performed, as no colonies indicative of E. coli or Salmonella were isolated from soil or 

produce samples. In trial NY1, naturally occurring rifampicin resistant E. coli was 

identified in 3/6 soil samples and naturally occurring rifampicin resistant Salmonella 

was found in 2/6 soil samples and in 1/1 irrigation water samples. No further testing 

was performed, as Salmonella was not isolated from the produce samples. However, 1/1 

spinach sample was positive for rifampicin resistant E. coli. To determine if the 

contamination of spinach samples altered the population levels of E. coli on 

experimental spinach samples, the E. coli strain identification PCR protocol, followed 

by PCR and subsequent sequencing of the clpX gene, was performed on 24 randomly 

selected (i.e., using a random number generator) E. coli isolates from produce samples 

in this trial. PCR and subsequent sequencing on the clpX gene were performed as 

previously described by Walk et al. (70) and Weller et al. (72). If the E. coli strain 

identification PCR banding pattern and clpX allelic type of the 24 isolates did not match 

one of the inoculum strains, there was 95% confidence the percentage of colonies of 

naturally occurring rifampicin resistant E. coli was below 12%. This threshold was 

selected as there is indication that the uncertainty threshold of a typical plate count is 

approx. 12% (39). Zero of the 24 isolates tested from spinach samples in trial NY1 

matched the E. coli strain identification PCR banding pattern and clpX allelic type of 

the inoculum strains. This indicated the presence of naturally occurring rifampicin 

resistant E. coli on spinach did not impact the results of the plate counts by more than 

would be expected in the typical uncertainty of the method at a 95% confidence level. 

In trial NY2, naturally occurring rifampicin resistant E. coli and Salmonella were 

isolated from the 1 irrigation water sample. Naturally occurring rifampicin resistant 

Salmonella was also isolated from 6/6 soil samples. To account for the presence of 

rifampicin resistant E. coli on the spinach sample collected in trial NY1, enumeration 

of naturally occurring E. coli and Salmonella in 1 spinach and 1 lettuce sample was also 
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performed in trial NY3 and NY4. Both produce samples were negative for naturally 

occurring rifampicin resistant E. coli and Salmonella by enumeration, with a limit of 

detection of 0.04 CFU per gram of produce. No control samples were positive for 

rifampicin resistant E. coli or Salmonella in trial NY4, California, or Spain.  

Variation in microbial die-off across trials. While the FSMA die-off rate (i.e., 

-0.5 log10 die-off/day) assumes a log- linear die-off pattern of foodborne pathogens and 

indicator organisms on in-field fresh produce, visual examination of the data and results 

from previous studies (47, 72) indicated a biphasic pattern may be more appropriate in 

most cases. As such, initially both segmented log-linear and log-linear models were fit 

to the data from each trial (data for both produce types and bacteria were combined in 

these trial level models, Figures 6.2-6.3). The overall log-linear die-off rate across all 

trials, produce types, and bacteria was -0.60 (95% C1: -0.63, -0.58) log10/day. However, 

when comparing the log-linear die-off among trials, there was substantial variation in 

the die-off rate, which ranged from -0.20 (95% CI: -0.27, -0.13) log10/day in trial NY1 

to -1.01 (95% CI: -1.06, -0.95) log10/day in trial SP1 (Figure 6.2). The overall segmented 

log-linear die-off rate across all trials was -4.41 (95% CI: -4.69, -4.12) log10/day for 0-

10h and -0.3 (95% CI: -0.33, -0.26) log10/day for 10-96h. When comparing die-off 

among trials, the segment 1 die-off rate ranged from -0.46 (95% CI: -0.52, -0.41) 

log10/day in trial CA2 to -6.99 (95% CI: -7.38, -6.59) log10/ day in trial CA1. The 

breakpoints ranged from 2.5h in trial NY1 to 3.48d in trial NY2, with 9 out of 11 trials 

having a breakpoint at 12h or earlier. The segment 2 die-off rate was less variable than 

the segment 1 die-off rate, in that it ranged from 0.28 (95% CI: -0.20, 0.77) log10/day in 

trial NY2 to -1.00 (95% CI: -1.16, -0.85) log10/day in trial CA2 (Figure 6.3). The die-

off rates on the plot level followed the same overall trend as those on the trial level, 

however, there was substantial variation in die-off between plots from a single trial in 

some cases (Table 6.4). As such, the remainder of the analyses were conducted on the 
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plot level to account for this variation; trial was included as a random affect.  
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Figure 6.2. Log-linear die-off by trial expressed as log10 CFU die-off/day. Black point 

indicates the mean die-off for data across all trials, yellow points indicate die-off for 

New York trials, blue points indicate die-off for California trials, and pink points 

indicate die-off for Spain trials. Error bars represent the 95% confidence interval for 

the mean die-off rate for the corresponding trial(s). Calculation of the die-off rates at 

the trial-level shown here was conducted on all data from a trial (i.e., both produce 

types and bacteria and across all plots combined) to allow visual examination of data; 

all further analyses were performed on the plot-level to better represent variations in 

die-off rates within trials.  
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Figure 6.3. Segmented log-linear die-off by trial. (A) Segment 1 die-off rate in log10 

CFU die-off/day, (B) Segment 2 die-off rate in log10 CFU die-off/day, and (C) 

breakpoint between segment 1 and segment 2 die-off. In plots A and B, black points 

indicate the mean die-off rate for data across all trials, yellow points indicate die-off 

for New York trials, blue points indicate die-off for California trials, and pink points 

indicate die-off for Spain trials. Error bars for segment 1 and segment 2 die-off rate 

represent the 95% confidence intervals for the mean die-off rates from the 

corresponding trial(s). Calculation of the die-off rates at the trial-level shown here was 

conducted on all data from a trial (i.e., both produce types and bacteria and across all 
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plots combined) to allow visual examination of data; all further analyses were 

performed on the plot-level to better represent variations in die-off rates within trials. 
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Table 6.4. Summary statistics for die-off outcome variables from the log-linear and 

segmented log-linear regression, separated by produce type (i.e., spinach and lettuce) 

and bacteria (i.e., Salmonella and E. coli). Die-off rates were calculated on the plot 

level. 
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Category Variablea Minimum Q1b Median Q3b Maximum Mean SDc 

E. coli, spinach Linear Die-off -1.16 -0.93 -0.80 -0.62 -0.07 -0.72 0.29 

 Linear SE 0.04 0.06 0.09 0.12 0.14 0.09 0.03 

 seg1 -10.42 -7.32 -4.93 -3.45 -0.14 -5.07 2.80 

 se1 0.07 0.48 0.64 0.89 2.48 0.69 0.46 

 seg2 -0.75 -0.56 -0.44 -0.17 15.80 0.13 2.79 

 se2 0.03 0.06 0.09 0.12 3.45 0.21 0.58 

 Bp 0.17 0.38 0.45 0.54 3.92 0.77 0.95 

         

E. coli, lettuce Linear Die-off -1.04 -0.94 -0.79 -0.67 -0.33 -0.77 0.21 

 Linear SE 0.04 0.09 0.11 0.13 0.20 0.11 0.04 

 seg1 -16.52 -9.04 -6.66 -5.52 -0.47 -7.07 3.41 

 se1 0.06 0.48 0.66 1.57 4.12 1.07 0.94 

 seg2 -1.94 -0.55 -0.22 -0.13 3.04 -0.24 0.70 

 se2 0.03 0.06 0.09 0.13 0.95 0.14 0.18 

 Bp 0.11 0.25 0.38 0.48 3.71 0.68 0.98 

         

Salmonella, spinach Linear Die-off -1.04 -0.72 -0.56 -0.15 0.40 -0.45 0.38 

 Linear SE 0.04 0.07 0.08 0.09 0.14 0.08 0.02 

 seg1 -7.52 -3.88 -2.77 -0.18 0.97 -2.37 2.10 

 se1 0.04 0.25 0.36 0.54 1.41 0.41 0.29 

 seg2 -1.16 -0.40 -0.28 -0.07 1.81 -0.20 0.55 

 se2 0.05 0.08 0.10 0.13 0.62 0.12 0.09 

 Bp 0.21 0.50 0.87 1.20 3.56 1.09 0.86 

         

Salmonella, lettuce Linear Die-off -1.00 -0.70 -0.56 -0.42 0.07 -0.55 0.24 

 Linear SE 0.03 0.06 0.09 0.11 0.13 0.08 0.03 

 seg1 -9.70 -5.32 -4.63 -0.93 0.33 -3.71 2.62 
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 se1 0.05 0.24 0.43 0.72 4.32 0.64 0.78 

 seg2 -7.30 -0.43 -0.25 -0.08 0.45 -0.48 1.21 

 seg2 0.04 0.06 0.08 0.11 2.56 0.16 0.42 

 Bp 0.11 0.45 0.52 1.00 3.89 0.86 0.84 

aseg1 = segment 1 die-off rate (log10 die-off/ day), se1 = segment 1 die-off rate standard error (log10 die-off/ day), seg2 = segment 2 

die-off rate (log10 die-off/ day), se2 = segment 2 die-off rate standard error (log10 die-off/ day), bp= breakpoint between segment 1 

and segment 2 (days). Linear Die-off and Linear SE denote the log-linear die-off rate (log10 die-off/ day) and the log-linear die-off 

rate standard error (log10 die-off/ day). 

bQ1: 1st quartile, or 25% of observations are below and 75% of observations are above this value; Q3: 3rd quartile, or 75% of 

observations are below and 25% of observations are above this value. 

cSD: standard deviation in the respective variable across all plots. 
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Associations between the die-off pattern outcome and explanatory 

variables: study design factors (i.e., produce type, bacteria, and location) and 

weather. Log-linear and segmented biphasic log-linear regression models were fit to 

the data from each plot (e.g., Salmonella population levels from the second lettuce plot 

in the first trial in Spain or E. coli population levels from the fourth spinach plot in trial 

NY4). Model fits were compared for each plot to determine superior fit. Based on the 

threshold of ≥10 larger BIC score for a segmented model to be considered superior, 

there was log-linear die-off on 33 plots (24%) and a segmented log-linear die-off on 107 

plots (76%). Results of 96h univariable and PCA analyses can be found in Table S4. 

For the 96h multivariable regression, the only predictive factors retained in the model 

were average dew point (°C) and relative humidity range (%). A 1°C increase in average 

dew point was associated with a -0.35 (95% CI: -0.37, -0.32) change in log odds of 

segmented vs. log linear (baseline) die-off pattern and a 1% increase in relative humidity 

range was associated with a 0.09 (95% CI: 0.08, 0.09) change in log odds of following 

a segmented die-off distribution. No study design factors were retained in the model 

(Table 6.5). For the 96h die-off pattern classification tree, only the maximum change in 

dew point from one hour to the next (i.e., maximum dew point change rate, °C/h) was 

retained (Figure 6.4). Based on internal validation of this classification tree, the 

sensitivity, the specificity, positive predictive value, and negative predictive value were 

0.64, 0.97, 0.88, and 0.90, respectively.  
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Table 6.5. Final mixed effects multivariable logistic regression models displaying the 

relationship of the categorical die-off outcomes (die-off pattern and FSMA 

compliance) with the study design factors (i.e., produce type, location, and bacteria) 

and 96h weather factors (i.e., weather factors calculated over the 96h following 

inoculation). Trial was included in the models as a random effecta. 

Outcomeb Factor Log Odds 95% CI 

Die-off Patternb Intercept 2.02 (1.63, 2.41) 

 Avg. Dew Point (oC) -0.35 (-0.37, -0.32) 

 Relative Humidity Range (%) 0.09 (0.08, 0.09) 

    

FSMA 

Complianceb 

Intercept 17.88 (17.06, 18.70) 

Produce Type (Spinach)c -1.63 (-1.74, -1.51) 

 Bacteria (Salmonella)c -3.02 (-3.14, -2.89) 

 Avg. Relative Humidity (%/10) -1.88 (-1.98, -1.77) 

aFor the die-off pattern model, the variance and standard deviation for the trial random 

effect were 1.291 and 1.136, respectively. For the FSMA compliance model, the 

variance and standard deviation for the trial random effect were 2.343 and 1.531, 

respectively. 

bDie-off Pattern = Indicates if a biphasic segmented log-linear fit is superior to a log-

linear fit for each plot and bacteria combination. The superior model fit for each plot 

and bacteria subset was determined such that for the segmented fit to be superior, its 

Bayesian information criteria (BIC) value must be 10 or more than the BIC value of 

the log-linear model. FSMA Compliance = If the observed segmented die-off in each 

bacterium, plot combination is compliant with the Food Safety Modernization Act 

(FSMA) (i.e., ≥2 log10 overall die-off from 0h to 96h). 

cThe baseline for produce type is lettuce and the baseline for Bacteria is E. coli. 
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Figure 6.4. Classification tree displaying the relationship between the die-off pattern 

outcome (i.e., “Linear Die-off” vs. “Segmented Die-off” denoting the best fit of the 

log-linear vs. segmented log-linear model, respectively) and max. dew point change 

rate (i.e., maximum change in dew point from one hour to the next °C/h) for the 

experimental plots (N=140 representing both produce types and bacteria). The 

superior model fit for each plot and bacteria subset was determined such that for the 

segmented fit to be superior, its BIC (Bayesian Information Criterion) value must be 

10 or more than the BIC value of the log-linear model. The classification tree was fit 

using the rpart function in R; tree pruning was performed to avoid overfitting. At the 

end of each terminal node, the superior die-off pattern is designated. The first number 

below the designated die-off pattern indicates the probability the segmented log-linear 

model is superior, and the second number indicates the percentage of plots that fall in 

that node.  
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Associations between outcomes describing segmented die-off, study design 

factors and weather. Associations between segmented model outcomes and predictors 

describing study design and weather were assessed. We hypothesized the associations 

between study design factors, weather, and individual segmented die-off outcomes 

would differ, so each of the following outcomes were modeled separately: (i) segment 

1 die-off rate (seg1), (ii) segment 1 die-off rate standard error (se1), (iii) segment 2 die-

off rate (seg2), (iv) segment 2 die-off rate standard error (se2), (v) breakpoint between 

segment 1 and segment 2 (bp; Table 6.3). For each of these statistics, we report the 

outcomes as interquartile ranges (IQR; i.e., the middle 50% of observations), because 

the interquartile ranges were less impacted by outliers compared to the standard 

deviation; the mean and standard deviation are reported in Table 6.4. Linear die-off rate 

and linear die-off rate standard error are also reported in Table 6.4. Similarly, we report 

all die-off rates per day rather than per hour to allow comparison of results within the 

study and to available literature. However, for plots where a steep seg1 die-off occurred 

over a few hours before the bp (breakpoint) and leveling off in seg2, the die-off rate 

represents the rate that would occur over a whole day. A die-off rate expressed per day 

can easily be converted to a die-off per hour to further aid interpretation. For instance, 

a seg1 of -10 log10/day is equivalent to -10 log10/ 24h = -0.41 log10/h. The results of 96h, 

24h, and 8h univariate analysis can be found in Tables S4, S5, and S6, respectively. 

The IQR of seg1 (log10 change/day) was from -7.32 to -3.45 for E. coli on 

spinach, -9.04 to -5.52 for E. coli on lettuce, -3.88 to -0.18 for Salmonella on spinach, 

and -5.32 to -0.93 for Salmonella on lettuce (Table 6.4). While there was seg1 die-off 

in the majority of plots, there was seg1 growth in 7.9% (11/140) of plots. For 96h 

multivariable regression of seg1, produce type, bacteria, and relative humidity range 

(%) were retained in the model, such that Salmonella had slower seg1 die-off rates 

compared to E. coli, seg1 die-off on spinach was slower than on lettuce, and as the 
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relative humidity range increased seg1 die-off was faster (Table 6.6, Figure S2). In 

addition to 96h regression models, 24h and 8h models were also fit (Tables S7-S8). In 

the 8h and 24h models, produce type and bacteria were retained, similar to the 96h 

model. However, minimum relative humidity (%) and average relative humidity (%) 

were retained in the 24h and 8h models, respectively, in place of relative humidity range. 

Relative humidity range, minimum relative humidity, and average relative humidity are 

strongly correlated, indicating the 96h, 24h and 8h models are similar, and that humidity 

during the first 8 or 24 hours after irrigation may be able to predict die-off and the 

necessary irrigation-to-harvest interval. Additionally, bacteria and minimum relative 

humidity were retained in the 96h seg1 regression tree (Figure 6.5). Therefore, a similar 

pattern was seen between the results of multivariable regression and the regression tree 

for seg1 die-off rate. 
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Table 6.6. Final mixed effects multivariable linear regression models displaying the 

relationship of the continuous segmented die-off outcomes (seg1, se1, seg2, se2, and 

bp) with the study design factors (i.e., produce type, location, and bacteria) and 96h 

weather factors (i.e., weather factors calculated over the 96h following inoculation). 

Trial was included in the models as a random effecta. 

Outcomeb Factor Coefficientc 95% CId 

seg1 Intercept -1.25 (-3.34, 0.87) 

 Produce Type (Spinach)e 1.77 (1.09, 2.43) 

 Bacteria (Salmonella)e 3.04 (2.40, 3.68) 

 Relative Humidity Range (%) -0.11 (-0.15, -0.07) 

    

se1 Intercept -0.28 (-0.36, -0.19) 

 Produce Type (Spinach)e -0.37 (-0.39, -0.36) 

 Bacteria (Salmonella)e -0.35 (-0.37, -0.34) 

 Max. Temperature (oC) 0.05 (0.05, 0.06) 

    

seg2 Intercept 6.22 (5.88, 6.56) 

 Max. Relative Humidity (%) -0.06 (-0.06, -0.05) 

 
Max. Relative Humidity Change 

Rate (%/h)f -0.06 
(-0.06, -0.05) 

    

se2 Intercept 0.43 (0.41, 0.45) 

 Relative Humidity Range (%) -0.01 (-0.01, 0.00) 

    

bp Intercept 2.22 (2.16, 2.28) 

 Bacteria (Salmonella)e 0.25 (0.23, 0.27) 

 Relative Humidity Range (%) -0.03 (-0.03, -0.03) 

aFor the segment 1 die-off rate model, the residual variance and intercept for the 

random effects are 3.713 and 0.899, respectively. For the segment 1 die-off rate 

standard error model, the residual variance and intercept for the random effects are 

0.331 and 0.093, respectively. For the segment 2 die-off rate model, the residual 

variance and intercept for the random effects are 2.245 and 0.015, respectively. For the 

segment 2 die-off rate standard error model, the residual variance and intercept for the 

random effects are 0.123 and 0.006, respectively. For the breakpoint model, the 
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residual variance and intercept for the random effects are 0.543 and 0.078, 

respectively. 

bseg1 = segment 1 die-off rate (log10 die-off/ day), se1 = segment 1 die-off rate 

standard error (log10 die-off/ day), seg2 = segment 2 die-off rate (log10 die-off/ day), 

se2 = segment 2 die-off rate standard error (log10 die-off/ day), bp= breakpoint 

between segment 1 and segment 2 (days).  

cCoefficients were estimated using multivariable mixed effects linear regression via 

the lmer function in R.  

d95% CI indicates a 95% confidence interval.  

eThe baseline produce type is lettuce and the baseline bacteria is E. coli. 

f Maximum change in relative humidity from one hour to the next 
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Figure 6.5. Regression tree displaying the relationship of the segment 1 die-off rate 

(seg1, log10 CFU/day) outcome with bacteria and min. relative humidity (%) for the 

experimental plots (N=140 representing both produce types and bacteria). The 

regression tree was fit using the rpart function in R; tree pruning was performed to 

avoid overfitting. The first number listed at each terminal node is the mean segment 1 

die-off rate (log10 CFU/day) for that node, the next number (i.e., N=) designates the 

number of plots that fall in that node, and the final number designates the percentage 

of plots that fall in that node. 
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The IQR of se1 (log10 change/day) was from 0.48 to 0.89 for E. coli on spinach, 

0.48 to 1.57 for E. coli on lettuce, 0.25 to 0.54 for Salmonella on spinach and 0.24 to 

0.72 for Salmonella on lettuce (Table 6.4). For 96h multivariable regression of the se1, 

produce type, bacteria, and maximum temperature (°C) were retained in the model 

(Table 6.6, Figure S3). The model showed there was a greater se1 for E. coli compared 

to Salmonella, there was a greater se1 for lettuce compared to spinach, and as the 

maximum temperature increased the se1 increased. The same variables (i.e., produce 

type, bacteria, and maximum temperature) were retained in the 8h and 24h multivariable 

models (Tables S7-S8). For the 96h se1 regression tree, maximum dew point (°C) and 

produce type were retained in the model (Figure 6.6). However, maximum dew point 

and maximum temperature were strongly correlated (Spearman’s rank coefficient = 

0.80), again providing support for similarity between results of the two modeling 

approaches. We hypothesized the increase in variation in die-off was due to more 

stressful conditions that occur at higher temperatures or dew points. In light of such 

conditions, an increased variability among die-off rates seems logical, assuming 

variable resistance across sub-populations of E. coli or Salmonella present on the 

spinach or lettuce.  
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 Figure 6.6. Regression tree displaying the relationship of the segment 1 die-off rate 

standard error (se1, log10 CFU/day) outcome with max. dew point (°C) and produce 

type for the experimental plots (N=140 representing both produce types and bacteria). 

The regression tree was fit using the rpart function in R; tree pruning was performed to 

avoid overfitting. The first number listed at each terminal node is the mean segment 1 

die-off rate standard error (log10 CFU/day) for that node, the next number (i.e., N=) 

designates the number of plots that fall in that node, and the final number designates 

the percentage of plots that fall in that node. 
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The IQR of seg2 (log10 change/day) was from -0.56 to -0.17 for E. coli on 

spinach, -0.55 to -0.13 for E. coli on lettuce, -0.40 to -0.07 for Salmonella on spinach, -

0.43 to -0.08 for Salmonella on lettuce (Table 6.4). While there was seg2 die-off in the 

majority of plots, there was seg2 growth in 16.4% (23/140) of plots. For 96h seg2 

multivariable regression, maximum relative humidity (%) and maximum relative 

humidity change rate (%/h) were retained in the model (Table 6.6). The 24h and 8h seg2 

regression models do not match that of the 96h regression model. For the 24h seg2 

model, temperature range (°C) and maximum wind speed (m/s) were retained in the 

model (Table S7). For the 8h seg2 model, maximum relative humidity change rate (%/h) 

and average wind speed (m/s) were retained in the model (Table S8). However, due to 

the small variation in seg2 die-off rates across plots, the effect size of these variables 

was small. Additionally, no variables were retained in the 96h seg2 regression tree. 

The IQR of se2 (log10 change/day) was from 0.06 to 0.12 for E. coli on spinach, 

0.06 to 0.13 for E. coli on lettuce, 0.08 to 0.13 for Salmonella on spinach, and 0.06 to 

0.11 for Salmonella on lettuce (Table 6.4). For the 96h multivariable se2 regression 

model, relative humidity range (%) was retained (Table 6.6). For the 8h and 24h 

multivariable se2 models, maximum relative humidity change rate (%/h) was retained 

(Tables S7-S8). However, the effect sizes of the weather variables on se2 were 

substantially smaller than those for se1. Additionally, no variables were retained in the 

96h se2 regression tree. 

The IQR of bp (days) was from 0.38 to 0.54 day for E. coli on spinach, 0.25 to 

0.48 day for E. coli on lettuce, 0.50 to 1.20 day for Salmonella on spinach, 0.45 to 1.00 

day for Salmonella on lettuce (Table 6.4). For the 96h bp multivariable regression 

model, bacteria and relative humidity range were retained in the model, such that 

Salmonella was associated with a later bp compared to E. coli and an increase in relative 

humidity range was associated with an earlier bp (Table 6.6, Figure S4). Minimum 
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relative humidity and average relative humidity were retained in the 24h (Table S7) and 

8h (Table S8) models instead of relative humidity range, respectively, which were the 

same variables important for seg1 for each timeframe (i.e., 8h, 24h, and 96h). This may 

indicate that, as conditions become more stressful, the more sensitive sub-population 

die-off more rapidly and the underlying slow die-off of the more resistant sub-

population becomes apparent at an earlier time following inoculation. However, the fit 

for the bp regression models was poor due to a non-linear relationship (i.e., at low 

relative humidity ranges the breakpoint appears to follow no pattern, and at higher 

relative humidity ranges the breakpoint tends to occur earlier; Figure S3). This indicates 

there were likely additional variables impacting bp. For the 96h bp regression tree, 

minimum relative humidity, average relative humidity, and bacteria were retained 

(Figure 6.7). The segment 1 and segment 2 coefficients of variation were also calculated 

for each plot, and regression models and regression trees were fit. However, they did 

not differ across plots, so the model results are not discussed.  
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Figure 6.7. Regression tree displaying the relationship of the outcome denoting the 

breakpoint (bp, days) between segment 1 and segment 2 with min. relative humidity 

(%), avg. relative humidity, and bacteria for the experimental plots (N=140 

representing both produce types and bacteria). The regression tree was fit using the 

rpart function in R; tree pruning was performed to avoid overfitting. The first number 

listed at each terminal node is the mean breakpoint (days) for that node, the next 

number (i.e., N=) designates the number of plots that fall in that node, and the final 

number designates the percentage of plots that fall in that node. 
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Additionally, the similarity in weather variables retained and the similar 

regression coefficients in the 8h, 24h, and 96h regression models for seg1, se1, and bp 

indicate 8h or 24h weather variables can be used instead of 96h weather variables. This 

will allow produce growers to use weather data in real-time to plan time-to-harvest 

intervals. 

Associations between the FSMA compliance outcome, study design factors, 

and weather. FSMA compliance was designated if the segmented die-off rate 

calculated for each plot would achieve at least a 2 log10 reduction in 4 days (i.e., assumes 

a 0.5 log10/day reduction as specified in FSMA; Table 6.3). In total, 75% (105/140) of 

plots were compliant with FSMA. Additionally, 79% (27/34) of E. coli on spinach plots, 

97% (35/36) of E. coli on lettuce plots, 56% of Salmonella on spinach plots, and 67% 

of Salmonella on lettuce plots were compliant with FSMA. According to 96h 

multivariable logistic regression, produce type, bacteria, and average relative humidity 

(%) were retained (Table 6.5). Spinach was associated with a decrease in log odds of 

compliance compared to lettuce (P<0.001), Salmonella was associated with a decrease 

in log odds of compliance compared to E. coli (P=0.017), and a decrease in average 

relative humidity was associated with an increase in log odds of compliance (P=0.002). 

Minimum relative humidity (%) and bacteria were retained in the 96h FSMA 

compliance classification tree (Figure 6.8). Internal validation indicated the sensitivity, 

specificity, positive predictive value, and negative predictive value for this classification 

tree were 0.69, 0.96, 0.86, and 0.90, respectively. 
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Figure 6.8. Classification tree displaying the relationship of the compliance with 

FSMA outcome with min. relative humidity (%) and bacteria for the experimental 

plots (N=140 representing both produce types and bacteria). Compliance was 

designated if the segmented die-off calculated for an experimental plot would achieve 

at least a 2 log10 reduction in 4 days (i.e., assumes a 0.5 log10 die-off/day as specified 

in FSMA). The classification tree was using the rpart function in R; tree pruning was 

performed to avoid overfitting. At the end of each terminal node, whether the 

experimental die-off was FSMA compliance is designated. The first number below the 

FSMA compliance designation is the probability of being compliant and the second 

number indicates the percentage of plots that fall in that node.  

 

Comparison in the survival of E. coli and Salmonella inoculum strains. PCR 

of E. coli isolates was performed in each study location to investigate differential strain 

survival. For E. coli, N=1,920 isolates from California, N=4,700 isolates from New 

York, and N=1,313 isolates from Spain were tested. According to multinomial 

regression, there were no obvious trends regarding the associations between time, 

produce type and the survival of the 3 inoculum strains across trials in the 3 study 
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locations (Tables S9-S11). For instance, in New York, there was a significantly higher 

odds of isolating TVS 354 compared to TVS 353 as time increased, however, the effect 

size was small [OR=1.004 (95% CI: 1.002, 1.006)]. There was also a significantly 

higher odds of isolating strain TVS 355 compared to TVS 353 in trial NY2 (P<0.001), 

with an OR of 1.858 (95% CI: 1.417, 2.435). There were no other significant differences 

between strains. Produce type was not retained in the model (Table S9). Similar 

inconsistencies were seen in California (Table S10) and Spain (Table S11). 

Identification of Salmonella strains was performed in each study location. For 

Salmonella, N=1,910 isolates from California, N=640 isolates from New York, and 

N=640 isolates from Spain were tested. According to mixed effects logistic regression 

for New York, there was an interaction between produce type and time (P<0.001); as 

such, separate models were fit for spinach and lettuce for interpretation of results. For 

New York spinach, the odds of isolating attPTVS 355 compared to attPTVS 337 

significantly decreased with time [OR=0.973 (95% CI: 0.957, 0.987); P<0.001; Table 

S12]. For lettuce, the odds of isolating attPTVS 355 compared to attPTVS 337 appeared 

to be stable with time (Table S12). A similar trend was seen in California (Table S13). 

In comparison, in Spain, there was no significant change in odds of isolating attPTVS 

355 compared to attPTVS 337 from spinach samples with time (Table S14). 

Additionally, on lettuce samples, there was a 17.664 (95% CI: 7.398, 54.225; P<0.001) 

times greater odds of isolating attPTVS 355 compared to attPTVS 337 regardless of 

time (Table S14). However, it should be noted that this difference in Salmonella strain 

survival in Spain may be due to the bias from not accounting for isolates coming from 

enumerated vs. enriched samples in the analysis. 

   

DISCUSSION 

The current study quantified the die-off rates of E. coli and Salmonella on baby 
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spinach and lettuce under field conditions in three distinct climatic regions: California, 

New York, and Spain. The differences in die-off between Salmonella and E. coli and 

differences between die-off on spinach and lettuce were evaluated. The replication of a 

standard protocol across the three locations also allowed for a more comprehensive 

assessment of the associations between weather and microbial die-off. It was found that, 

in most cases, a log-linear die-off pattern did not fit the data as well as a segmented, 

biphasic die-off pattern, with a rapid initial decline followed by a period of tailing. 

Additionally, the initial period of decline (seg1) is associated with relative humidity, 

produce type, and bacteria, and the same factors also predict if experimental die-off is 

compliant with the FSMA regulation. In comparison, the period of tailing (seg2) is less 

affected by weather, produce type, and bacteria; however, the bacterial population levels 

were still highly variable, indicating caution should be taken when implementing a wait 

period between non-compliant (according to FSMA) water application and harvest until 

more data is available to explain the variability. These results can be used by industry 

to inform food safety programs, by academia to develop risk assessment models, and 

by government to update regulations. 

The assumption of a log-linear die-off pattern is not appropriate in most 

cases. The FDA FSMA agricultural water standard specifies the use of a wait period 

between water application and harvest as a possible intervention if agricultural water 

applied to the harvestable portion of a crop does not meet the standard. The allowed 

corrective measure assumes a log-linear die-off (0.5 log10 die-off/day) of E. coli for a 

maximum of 4 days. However, the results of the current study showed a biphasic, 

segmented log-linear die-off pattern was more appropriate than a log-linear die-off 

pattern in 76% (107/140) of plots. Additionally, the produce plots in 6 out of the 11 

trials did not follow the same die-off pattern (i.e., some of the plots followed a 

segmented log-linear pattern and some of the plots followed a log-linear die-off pattern). 
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Previous studies have also indicated a log-linear die-off pattern is not appropriate for 

foodborne pathogens, indicator organisms, and surrogates on in-field produce (2, 6, 17, 

18, 24, 25, 28, 47, 49, 50, 72). For instance, in a study conducted by McKellar et al. 

(47), which fit log-linear, Cerf, and Weibull regression models to E. coli O157:H7 die-

off data from several different experimental trials, found the biphasic models (i.e., Cerf 

and Weibull) best fit the data in most cases with an initial period of rapid decline 

followed by a period of tailing. Similar patterns were also seen in several other studies 

(6, 24, 25, 28, 49, 50, 53, 72). Brouwer et al. (7), summarized possible mechanisms of 

this biphasic pattern, which include heterogeneity in the hardiness of the inoculum 

population, hardening off (i.e., differential gene expression following exposure to harsh 

environmental conditions), cells entering the viable but not culturable state, and the 

effect of cell density. However, additional information is needed to better understand 

the underlying mechanism which caused the biphasic die-off pattern observed in the 

current study.  

In the current study, there were also some plots with periods of growth (7.9% 

for segment 1, 16.4% for segment 2; N=140). Chase et al. (17, 18) also saw periods of 

growth in their studies, which investigated the population of E. coli O157:H7 on lettuce; 

they hypothesized this growth was caused by an increase in moisture on the plants. If 

the possibility of growth is not accounted for when using time-to-harvest intervals as an 

intervention, food safety incidents may occur. This growth can be accounted for using 

predictive models that are able to identify periods of growth based on weather 

conditions, rather than a one-size-fits-all strategy that only accounts for net microbial 

death. 

The effect of weather on die-off distribution was also assessed. According to 

96h regression analysis, a decrease in average dew point and an increase in relative 

humidity range were associated with occurrence of a segmented compared to a log-
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linear pattern. Furthermore, according to the 96h classification tree, at higher maximum 

dew point change rates (i.e., describing a rapid change in dew point over an hour and 

thus presumably more stressful conditions for bacteria) there is an increased probability 

die-off will follow a segmented pattern. The difference in identified risk factors in the 

two modeling approaches is likely to be due to the different strengths and weaknesses 

the two methods have. Regardless, both sets of risk factors are plausible, particularly, 

as dew point was found to play a role in both modeling strategies and the two methods 

may be identifying different mechanisms of the effect of dew point on die-off. As such, 

these results support the need to revise the die-off pattern proposed in the FSMA 

agricultural water standard to account for biphasic decay, the possibility of growth 

rather than decay following water application, and the effect of weather.  

 Weather, produce type, and bacteria are differentially associated with 

segment 1 and 2 die-off. Based on examination of the interquartile ranges of seg1 and 

seg2 on the plot level, there is substantially greater variability in seg1 (Table 6.3). This 

indicates seg1 has a greater impact on the plot to plot variability in overall die-off 

compared to seg2. In addition, the substantially smaller degree of variation in the seg2 

from plot to plot indicates it is less impacted by weather and environmental conditions 

compared to seg1.  

 According to regression analyses and the 96h regression tree, relative humidity 

was associated with seg1. Several previous studies have also shown that an increase 

relative humidity was associated with a decrease in microbial die-off (19, 40, 43, 48, 

72). Additionally, Wood et al. (73) and Moyne et al. (50), saw slower initial die-off after 

inoculation of spinach and lettuce, respectively, with E. coli O157:H7 when inoculation 

was performed at night as compared to in the morning. It was suggested this 

phenomenon was caused by the higher moisture/ relative humidity typically 

experienced at night compared to in the morning. The mechanism by which relative 
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humidity is related to die-off in this study and in previous studies has been referred to 

as desiccation; the lack of moisture in the air causes a drying effect that is associated 

with a reduction in the number of bacteria.  

Produce variety and bacteria were also retained in the seg1 model, such that the 

die-off of Salmonella and die-off on spinach were slower than that of E. coli and lettuce, 

respectively. While no studies looked at the difference in die-off or survival of these 

two microorganisms or produce types during the initial decay period (i.e., segment 1), 

several have assessed the overall survival of these organisms on these produce varieties. 

For instance, Erikson et al. (25) showed Salmonella had better survival compared to E. 

coli O157:H7 under growth chamber and field conditions. Lopez-Velasco et al. (45), 

also saw better survival of Salmonella compared to E. coli on a variety of lettuce 

cultivars. Additionally, Hutchison et al. (33) saw better survival of Salmonella on lettuce 

and spinach compared to E. coli O157:H7 (i.e., greater number of positive samples at 2 

weeks following inoculation); survival of Salmonella on spinach was better than 

survival of Salmonella on lettuce in this study. Stine et al. (60), saw greater inactivation 

rates for E. coli and E. coli O157:H7 compared to Salmonella enterica when sprayed on 

the surface of lettuce under both dry and humid conditions. However, when 

investigating this relationship between E. coli and Salmonella on other produce varieties 

(i.e., cantaloupe and bell pepper), the results were inconsistent. This indicates there may 

be interactions between the effects of bacteria and produce type on die-off. As such, 

additional studies are needed to further understand these relationships. Regardless, the 

improved survival or slower die-off of Salmonella compared to E. coli reported in this 

and previous studies demonstrates, while E. coli is used as an indicator of fecal 

contamination, it likely cannot be used as a surrogate for in field pathogen die-off. 

However, it is possible to use E. coli as a surrogate if the findings are appropriately 

adjusted for the expected reduction in die-off of Salmonella from the data collected in 
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this and in other studies. 

 While seg2 regression analysis included weather in the final model, no weather 

was retained in the final regression tree. Additionally, the small effect sizes of weather 

in seg2 regression analysis indicate it is not a strong risk factor. The lack of variation in 

seg2 from plot to plot further supports this point. As such, it appears after seg1 is 

complete, the bacteria behave similarly regardless of weather or other environmental 

conditions not explored in the current study (e.g., native microflora). Some potential 

explanations for this include a phenotypic switch occurs in the bacteria after exposure 

to the stressors of the farm environment or a more sensitive sub-population has died off 

during the first segment and the remaining resistant sub-population is less impacted by 

the stressors of the environment (2, 7, 51). As such, this indicates regulations should 

focus on die-off that occurs during the first segment. However, it should also be noted 

that, while seg2 was relatively consistent from plot to plot, the microbial counts at each 

time point within a plot or trial were still highly variable (Figure S1). This may be 

because the variation in seg1 leads to a highly variable microbial concentration at the 

start of segment 2. Additionally, it is possible some of this variation is because the 

majority of the data imputations fell in segment 2. Therefore, if the use of wait time as 

an intervention strategy is implemented, it should be noted that it is not reliable under 

all conditions.  

 As such, due to the associations between weather variables and segmented die-

off outcomes, it is likely not appropriate to use a single die-off rate across different 

locations and seasons (characterized by different weather conditions). Rather, it may be 

more appropriate to develop predictive models for identifying the optimal wait period 

between water application and harvest for specific weather conditions to reduce produce 

contamination at harvest to an acceptable level. Furthermore, these predictive models 

need to account for both the variability in count data, in addition to the variability of 
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die-off rates to capture the true risk associated with pathogen die-off. 

 The FSMA die-off rate should be updated to account for weather. In the 

majority of cases (75%, N=140), experimental die-off appeared to be compliant with 

the FSMA die-off rate. According to 96h regression analysis the log odds that 

Salmonella and E. coli die-off by at least 0.5 log10/day for 4 days (i.e., complying with 

FSMA) increased as the average relative humidity decreased. Additionally, Salmonella 

and spinach were associated with a lower log-odds of complying with FSMA, compared 

to E. coli and lettuce, respectively. The variables retained in the FSMA compliance 

classification tree followed a similar trend. As such, it appears FSMA compliance is 

related to segment 1 die-off, which aligns with our result that suggests most die-off 

variation occurs during this segment. This information suggests if a wait period is to be 

used as an effective intervention strategy for irrigation with contaminated water, 

weather (i.e., relative humidity), bacteria, and produce type must be accounted for. This 

can be done using predictive modeling. However, further research is needed to confirm 

these predictions, as the methods used to model this relationship required extrapolation 

of die-off to a lower starting inoculum concentration. Additionally, it should be noted 

that this analysis does not consider the scenario where the rate is too conservative and 

can lead to decreases in profit for produce growers due to product loss. 

 Differential survival of the inoculum strains used in this study supports the 

use of multiple inoculum strains in future pre-harvest studies. According to the 

results observed in the current study, it appears there were no consistent trends in 

survival among the E. coli strains across trials and locations in the current study. 

Previous studies have also investigated the survival of these strains in the pre-harvest 

environment, such that Gutierrez-Rodriguez et al. (27) found the greatest survival by 

TVS 355 and Tomas-Callejas et al. (62) found the greatest survival by TVS 353. The 

lack of consistency in survival of these strains across and within studies could indicate 
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random variation or that each of the inoculum strains is better equipped for survival 

under different environmental conditions. Alternatively, these differences could be due 

to chance (i.e., related to which colonies are picked). However, due to the large number 

of isolates characterized in the current study, the second hypothesis is less likely. In 

particular, this indicates all three E. coli inoculum strains (TVS 353, TVS 354, and TVS 

355) and even other or additional strains should continue to be used in tandem in future 

preharvest produce studies to better capture the diversity in survival abilities among the 

strains under varying environmental conditions. 

 The survival of the Salmonella inoculum strains appeared to be different on each 

of the produce types. This suggests each of these strains is likely more equipped to 

survive under different conditions. It is likely the difference in survival was due to 

genetic differences between the wild type parent strains of each attenuated mutant. 

Additionally, the interaction between time and produce type on the probability of 

survival of each of the Salmonella inoculum strains could be due to differences in the 

microbiota present on each of the produce varieties, as was indicated by Lopez-Galvez 

et al. (43). As with E. coli, the observed differential survival of these Salmonella 

inoculum strains supports their use in tandem in future pre-harvest produce studies. 

 Limitations. The current study investigated the impact of bacteria, produce 

type, location, and weather on in-field microbial die-off. However, these statistical 

models are not able to completely explain microbial die-off. Previous studies have 

indicated that epiphyte populations (20, 56), soil composition (34), and composition of 

irrigation medium (36, 68, 58), among others, could represent unmeasured risk factors 

and lead to confounding bias. While this study assessed the impact of the widest range 

of weather conditions to date, only 11 weather patterns were included in the analysis to 

assess the effects of weather die-off rate (i.e., each trial only experiences 1 set of weather 

conditions). As such, assessment of generalizability of the associations identified in this 
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study is needed. In addition, it was decided to use a lower starting inoculum 

concentration to be more representative of real-world conditions. However, as a result, 

some samples were below the limit of quantification and the true bacterial concentration 

on the plants was not determined. While some degree of measurement error was possible 

in appraising microbial counts and weather variables, if true, the resulting information 

bias would have been non-differential, meaning it would have underestimated the 

measures of association. The differences in Salmonella concentrations detected on 

paired spread and filter plates indicate the Salmonella counts for samples within the 

countable range may be of poor accuracy. However, this systematic error was detected 

and corrected by calculating the percent difference between samples with paired spread 

and filter plates and using the percent difference to adjust the spread plate counts down 

to where they would be if filter plating was used. There are also several advantages and 

disadvantages associated with the regression and classification and regression trees used 

to model the die-off data, which are reviewed by Ivanek et al. (38). Regardless, while 

each method has several limitations associated with their parametric and non-parametric 

nature, their limitations are complimentary to one another and make them a good pair 

to use in tandem.  

 Conclusion. The current study indicates die-off of Salmonella and E. coli on 

baby spinach and lettuce follows a segmented log-linear pattern. The die-off rate in the 

first segment is variable and appears to be associated with relative humidity, produce 

type, and bacteria. After the breakpoint, the die-off rate is less variable, however, there 

is still a large variation in the microbial counts at each time point in this segment across 

experimental plots and trials. Additionally, this study provides evidence that relative 

humidity can be used to estimate when experimental die-off is compliant with FSMA. 

As such, the use of a single die-off rate, as proposed by FSMA, is likely not appropriate, 

and rather the regulation should consider the effect of weather, bacteria, and produce 
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type on microbial die-off. Furthermore, additional information is needed to evaluate the 

effectiveness of the wait period intervention in reducing the risk of recalls or illness.  
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CHAPTER 7 

 

CONCLUSIONS   

 

L. monocytogenes, Salmonella spp., and EHEC present many unique challenges along the 

produce supply chain. As such, mitigating risks associated with each of these pathogens is complex 

and requires multiple control strategies. The research presented here (i) identified and 

characterized microbial food safety hazards along the produce supply chain and (ii) tested 

strategies for controlling these hazards. In particular, the first three studies reviewed and assessed 

Listeria spp. and L. monocytogenes presence, diversity, and associated risks in the pre- and post-

harvest environments and proposed a root cause analysis procedure for reducing or eliminating 

persistent and persistent transient Listeria from post-harvest operations. On the other hand, the 

final two studies investigated Salmonella and E. coli in the pre-harvest environment. Specifically, 

they (i) used spatial-temporal modeling to predict Salmonella spp. and EHEC presence in 

southwestern U.S. canals utilized for agricultural water and (ii) characterized the effects of weather 

on Salmonella and E. coli dynamics on leafy greens contaminated via a simulated irrigation event.  

The review indicated Listeria spp. and L. monocytogenes are prevalent in a variety of 

environments, including natural, urban, primary production, processing, and retail environments, 

among others. As such, there are a variety of points along the supply chain where control measures 

for preventing L. monocytogenes contamination are necessary to protect against associated public 

health and business risks. These control measures should include GMPs; regular cleaning and 

sanitation programs; the use of equipment with sanitary designs (i.e., equipment without niches); 

and one-directional flow of employees, equipment, and food products. In addition, food products 

and their processing environments should be monitored for Listeria presence, persistence, and 

persistent transience; these environmental monitoring programs need to be linked to specific goals 

(e.g., verification of certain food safety programs, such as sanitation programs). Furthermore, the 

large number of potential sources of Listeria throughout the food supply chain make it difficult to 
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identify the true source of contamination when detected in the environment or products. As such, 

the use of formal and well executed root cause analysis, “for-cause” investigations, and subtyping 

tools are essential in investigations of Listeria to (i) address the immediate problem and (ii) 

implement control measures to prevent similar events from occurring in the future. 

Sampling of feces and agricultural water sources from a New York State produce farm 

indicated Listeria is prevalent in this environment. As such, feces and water can represent direct 

(i.e., through contact with produce) and indirect (i.e., introduction into the packing or processing 

environment and subsequent produce contamination) routes of produce contamination. The 

population of Listeria observed in the relatively small area of the produce farm (<0.5 km2) was 

diverse, and there was evidence of transfer between sample types or continuous reintroduction of 

Listeria in this environment. This indicates successful traceback of isolates from finished products 

or the processing environment back to specific farm sources is likely difficult, unless large “swab-

a-thons” are performed that include subtyping of a large number of isolates per sample type. 

However, even with large “swab-a-thons” successful traceback to the pre-harvest environment 

may not be possible in some cases.  

Since persistent and persistent transient Listeria contamination of produce packing and 

processing environments has been linked to public health and business risks, the root cause of the 

contamination must be identified and controlled. As such, a modified version of the RCA protocol 

described in Chapter 2 was tested in an apple packinghouse to identify, implement, test 

interventions to eliminate known persistent and persistent transient Listeria populations. Two of 

the 4 site-specific interventions tested in the packinghouse were successful, indicating RCA was a 

useful strategy for identifying the initial cause of Listeria contamination in the packinghouse. 

Specifically, the use of quat powder was effective at preventing Listeria isolation from (i) forklift 

stops and (ii) a floor crack. On the other hand, the use of a cleaner sanitizer in drains and the 

removal of a dead-end pipe did not eliminate persistent or transient persistent Listeria populations. 

This highlights that fact that while these 2 interventions were not initially successful, use of an 

iterative process to test several possible root causes or several interventions for a given root cause 
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is often necessary to identify and fix the true cause of a problem. Regardless, the RCA protocol 

tested in this study can be used as a guide by other produce operations (i.e., packinghouse or 

processing facilities) to identify the root cause of the contamination and eliminate persistent or 

persistent transient Listeria.  

Salmonella spp. and EHEC are also associated with public health risks, especially in pre-

harvest produce environments. As such, strategies for rapidly identifying Salmonella and EHEC 

presence in these environments, and in particular in agricultural water sources is needed. Machine 

learning-based predictive models, such as conditional forest models, show promise for predicting 

Salmonella presence and EHEC marker detection in southwestern US canals used as sources for 

agricultural water. The use of machine learning models, in addition to regression analysis, provides 

a more complete assessment of the relationships between spatial and temporal factors and 

foodborne pathogen presence in agricultural water due to the complexity in the system. 

Furthermore, the use of predictive modeling, and real-time predictive models (i.e., using no 

microbiological data), may be able to replace traditional generic E. coli testing to determine when 

and where water may require treatment before produce application. The conditional forest models 

developed specifically indicated a positive monotonic relationship between the percent of natural 

land cover around the sampling sites and the probability of a sampling being positive for 

Salmonella presence or EHEC marker detection. However, the effect appears to be slight and does 

not warrant changes to the landscape surrounding produce production areas, including unintended 

consequences that may be associated with these types of interventions. In addition, the condition 

forest models indicated that the probability of a sample being positive for Salmonella presence and 

EHEC marker detection, respectively, also increases substantially after approx. September; this 

indicates a potential seasonal contamination source or transmission pathway. Regardless, prior to 

application of predictive modeling for this purpose in the real-world, additional studies are needed 

to determine (i) if the models developed remain effective from year to year and over space (i.e., in 

other produce growing regions), (ii) if canal specific models would be more effective for predicting 
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foodborne pathogen presence, and (iii) if the important predictors identified hold across space and 

time. 

Furthermore, in the case that Salmonella and EHEC presence in agricultural water is not 

identified prior to application of the water to produce, control measures must be utilized to reduce 

the risk of associated illnesses and outbreaks. The final study presented here quantified in-field 

die-off of Salmonella and generic E. coli on baby spinach and lettuce following a simulated 

irrigation event with contaminated water. The goal was to determine if the use of wait times 

between water application and harvest can be used as a feasible approach to control these hazards 

as proposed in the Food Safety Modernization Act (FSMA) Produce Safety Rule. In addition, the 

effect of weather on die-off rate was assessed to determine the conditions under which wait times 

between water application and harvest were more effective. The results indicated die-off of 

Salmonella and E. coli on baby spinach and lettuce follows a biphasic segmented log-linear 

pattern, with more rapid die-off in the first phase compared to the second in most cases. The die-

off rate in the first segment was variable and appeared to be associated with relative humidity, 

produce type, and bacteria. After the breakpoint, the die-off rate was less variable, however, there 

was still a large variation in the microbial counts at each time point in this segment across 

experimental plots and trials. Additionally, these results provided evidence that relative humidity 

can be used to estimate when experimental die-off is compliant with the FSMA. As such, the use 

of a single die-off rate, as proposed by FSMA, is likely not appropriate. Rather it is likely more 

useful to use wait times between water application and harvest in conjunction with other control 

methods (i.e., antimicrobial water treatments) to reduce the likelihood of illnesses, outbreaks, and 

recalls considering no control measure is 100% effective.  

Overall, these studies have identified sources of L. monocytogenes, Salmonella spp., and 

EHEC across the supply chain, including feces and agricultural water in the pre-harvest 

packinghouse environments. This information provides a better understanding of the conditions 

under which these pathogens can be found to help guide the implementation of control strategies. 

In addition, these studies have tested strategies for controlling these pathogens across the produce 
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supply chain, including wait times between water application to produce and harvest, as well as 

the implementation of a root cause analysis procedure for identifying interventions to eliminate 

Listeria from the post-harvest environment. The findings from these studies can be used by 

industry to help guide the development and revision of food safety programs, by regulatory 

agencies to help guide implementation of new rules and regulations, and by academia to guide 

additional research in the produce safety field. 
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SUPPLEMENTAL MATERIALS 

 

Table S4.1. Description of sampling sites within the apple packinghouse. 

Site ID Site description 

301 Inside of large PVC by rot bin next to flume.  

302 Inside of small PVC pipe under end of flume before rollers. S of site #301 

303 Inside of small PVC by chemical barrels. N of site #’s 301 and 302 

304 Inside of large PVC by start of flume near bin submerge 

305 Inside of PVC in NW corner at end of brush bed 

306a Inside dead-end (removed to swab) of PVC in NW corner. Same pipe as site #305 

307a Same as 306 

308a Same as 306 and 307 

309 Top of PVC pipe in NW corner (part that connects with the catch pan) 

310 Catch pan at N end of the brush bed by NW corner. Crack/ metal juncture 

311 Plastic/ metal joints supporting south end of brush bed by west platform stairs 

312 Metal cross beams with wires wrapped around them under the brush bed. Two by 

stairs at the SE part of the platform 

313 Large screws under brush-bed (4 total). The four on the E side of brush bed 

314 Plastic/ metal juncture that supports brush bed. Under 2nd set of fans. Accessed 

from the NW corner 

315 Gap between box for brush bed motors and catch pan in NW corner under the 

brush bed. 

316 Frame of brush bed on NW side. By second set of fans 

317 Large screws under brushes (directly). 4 in total under second set of fans 

318 Forklift stop – full bins, by bin loader 

319 Forklift stop – empty bin return  

320 Floor crack on NW side of bin return 

321 Trench drain by NW corner PVC pipe. 3rd grade from corner 

322 Square drain by dryer – PVC pipe in center 

323 Square drain by dryer – outer edge 

324 PVC pipe (inside) by juice reject belt 

325 Square drain between packing area and brush beds – PVC outlet 

326 Square drain between packing area and brush beds – outer edge 

327 Square drain by pelletizer – outside/ top 

328 Square drain by flume/ bin dump – PVC pipe 

329 Square drain by flume/ bin dump – outer edge 

330 Flume connection flange – south-most by half wall 

331 Metal frame lip/ gap at rollers after flume. W side, on platform 

332 Overflow door by flume (inner section) by leaf pile 

333 Condensation on PVC pipe under flume, at U-bend 

334 Four large screws under the brush bed. Last four before fan box, near stairs. E side 

335 Small trench leading to square drain by flume 

aSamples were not collected from these sites during sampling 5 (10/30/21), as the dead-end was 

removed from the pipe. 
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Table S4.2. Mixed effects logistic regression model results explaining the relationship between 

Listeria isolation in the packinghouse and intervention status (i.e., if the sample was collected 

before or after increasing the frequency of cleaning and sanitation to twice a weeka). Sampling 

site was included in the model as a random effectb. 

Variable Log-odds (95% CId) P-value 

Intercept -6.7 (-11.2, -3.0) 0.002 

After intervention implementationc 0.3 (-1.3, 2.1) 0.711 

aPrior to increasing the cleaning and sanitation frequency, cleaning and sanitation was performed 

once a week. 

bFor the sampling site random effect, the residual variance and intercept were 28.34 and 5.324, 

respectively. 

cThe baseline of the intervention status variable is before intervention implementation (i.e., when 

cleaning and sanitation was performed once a week). After intervention implementation, 

cleaning and sanitation was performed twice a week. 

d95% CI= 95% confidence interval. 
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Table S5.1. Description of factors used in regression modeling and conditional random models. 

Factor Type Factor Units 

Sampling site Day of year Julian day, 1-365 

 Latitude  Decimal degrees, Ng 

 Longitude  Decimal degrees, Wg 

 Irrigation districta NA 

 Bridge present Yes/ No 

 Point of discharge present Yes/ No 

 Intersecting canal present Yes/ No 

 Construction present Yes/ No 

 Road crossing present Yes/ No 

 Bottom type Concrete/ Earth 

 Parallel road present Yes/ No 

   

Water quality E. coli level Log10 MPN/ 100 mL 

 pH  NA 

 Water temperature °C 

 Turbidity NTU 

 Dissolved oxygen mg/L 

 Conductivity µS/cm 

 Surface flow rate m/s 

 Trash present at sample collection Yes/ No 

 Silt present at sample collection Yes/ No 

   

Land useb Developed (open) cover in 0-250 ft buffer Percent of buffer area 

 Developed cover in 0-250 ft buffer Percent of buffer area 

 Barren cover in 0-250 ft buffer Percent of buffer area 

 Natural cover in 0-250 ft buffer Percent of buffer area 

 Pasture in 0-250 ft buffer Percent of buffer area 

 Cropland in 0-250 ft buffer Percent of buffer area 

 Developed (open) cover in 250-500 ft buffer Percent of buffer area 

 Developed cover in 250-500 ft buffer Percent of buffer area 

 Barren cover in 250-500 ft buffer Percent of buffer area 

 Natural cover in 250-500 ft buffer Percent of buffer area 

 Pasture in 250-500 ft buffer Percent of buffer area 

 Cropland in 250-500 ft buffer Percent of buffer area 

 Developed (open) cover in 500-1,000 ft buffer Percent of buffer area 

 Developed cover in 500-1,000 ft buffer Percent of buffer area 

 Barren cover in 500-1,000 ft buffer Percent of buffer area 

 Natural cover in 500-1,000 ft buffer Percent of buffer area 

 Pasture in 500-1,000 ft buffer Percent of buffer area 

 Cropland in 500-1,000 ft buffer Percent of buffer area 

 Developed (open) cover in 1,000-5,000 ft buffer Percent of buffer area 

 Developed cover in 1,000-5,000 ft buffer Percent of buffer area 

 Barren cover in 1,000-5,000 ft buffer Percent of buffer area 

 Natural cover in 1,000-5,000 ft buffer Percent of buffer area 
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 Pasture in 1,000-5,000 ft buffer Percent of buffer area 

 Cropland in 1,000-5,000 ft buffer Percent of buffer area 

 Developed (open) cover in 5,000-10,000 ft buffer Percent of buffer area 

 Developed cover in 5,000-10,000 ft buffer Percent of buffer area 

 Barren cover in 5,000-10,000 ft buffer Percent of buffer area 

 Natural cover in 5,000-10,000 ft buffer Percent of buffer area 

 Pasture in 5,000-10,000 ft buffer Percent of buffer area 

 Cropland in 5,000-10,000 ft buffer Percent of buffer area 

 Number of CAFOs in 0-10,000 ft bufferc NA 

   

Weatherd Temperature at sample collection °C 

 Avg temperature 0-12h before sample collection °C 

 Avg temperature 12-24h before sample collection °C 

 Avg temperature 1-2d before sample collection °C 

 Avg temperature 2-3d before sample collection °C 

 Max solar radiation at sample collection mJ/m2 

 Solar radiation 0-12h before sample collection mJ/m2 

 Max solar radiation 12-24h before sample collection mJ/m2 

 Max solar radiation 1-2d before sample collection mJ/m2 

 Max solar radiation 2-3d before sample collection mJ/m2 

 Precipitation 0-12h before sample collectione Yes/ No 

 Precipitation 12-24h before sample collection Yes/ No 

 Precipitation 1-2d before sample collection Yes/ No 

 Precipitation 2-3d before sample collection Yes/ No 

 Wind speed at sample collection m/s 

 Max wind speed 0-12h before sample collection m/s 

 Max wind speed 12-24h before sample collection m/s 

 Max wind speed 1-2d before sample collection m/s 

 Max wind speed 2-3d before sample collection m/s 

 Vapor pressure at sample collection kPas 

 Avg vapor pressure 0-12h before sample collection kPas 

 Avg vapor pressure 12-24h before sample collection kPas 

 Avg vapor pressure 1-2d before sample collection kPas 

 Avg vapor pressure 2-3d before sample collection kPas 

aThe sites came from 9 irrigation districts. The irrigation districts were assigned codes to keep 

site locations confidential. Irrigation district was only used in logistic regression models as a 

random effect and was not included in conditional random forest models; latitude and longitude 

coordinates were used in conditional random forest models in place of irrigation district. 

bBuffer areas were calculated around each sampling point. All land use data, except CAFO, came 

from the 2016 USGS National Land Cover Database. The land use categories are grouped as 

follows: developed, open (parks, golf courses, large-lot single family homes), developed, barren, 
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natural (forest and wetlands), pasture, crop. 

cCAFO are concentrated animal feeding operation. The locations of each CAFO in the study area 

came from an internal database. There were 11 CAFOs in the study area. 

dAll weather data was collected from the AZMET database (https://cals.arizona.edu/AZMET/). 

The closest weather station to each point was used to create weather factors. 

ePrecipitation at sample collection was excluded as a potential variable, as there were no samples 

with precipitation at sample collection. 

gWGS 1984 coordinate system was used.  

  

https://cals.arizona.edu/AZMET/
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Table S5.2. Summary statistics for continuous water quality factors used in regression and 

conditional forest analysis.  

Factor Mina Q1 Median Q3 Maxa Mean SDa 

E. coli level (log10 MPN/ 100 mL) 0.0 0.9 1.4 1.9 3.5 1.4 0.7 

pH 6.2 7.1 7.6 8.1 10.1 7.6 0.6 

Water temperature (°C) 12.5 21.8 24.8 27.3 33.7 24.3 4.5 

Turbidity (NTU) 0.3 2.6 5.3 17.5 798.0 32.7 92.7 

Dissolved oxygen (mg/L) 1.1 7.0 8.0 8.9 12.4 8.0 1.6 

Conductivity (µS/cm) 4.9 1025.0 1119.0 1285.0 4650.0 1441.9 880.8 

Surface flow rate (m/s) 0.0 0.5 0.9 1.4 4.0 1.0 0.6 

aMin=minimum, Max=maximum, SD= standard deviation.  
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Table S5.3. Summary statistics for continuous land use factors used in regression and 

conditional forest analysis. 
Buffer Area Cover Typea Minb Q1 Median Q3 Maxb Mean SDb 

0-250ft Developed (open) 0.0 0.0 8.0 19.1 36.9 11.5 11.8 

 Developed 0.0 0.0 0.0 8.8 71.3 8.7 17.3 

 Barren 0.0 0.0 0.0 0.0 100.0 2.9 14.1 

 Natural 0.0 0.0 0.0 24.0 100.0 18.8 32.5 

 Pasture 0.0 0.0 0.0 0.0 2.0 0.1 0.3 

 Crop 0.0 14.0 70.9 87.0 100.0 56.2 36.9 

         

250-500ft Developed (open) 0.0 0.0 8.7 12.8 38.9 9.0 8.8 

 Developed 0.0 0.0 1.4 8.4 60.5 7.7 14.0 

 Barren 0.0 0.0 0.0 0.0 65.2 1.8 9.0 

 Natural 0.0 0.0 0.0 30.2 100.0 19.2 29.3 

 Pasture 0.0 0.0 0.0 0.0 7.5 0.2 1.2 

 Crop 0.0 28.2 71.0 90.2 100.0 60.7 35.0 

         

500-1,000ft Developed (open) 0.0 2.8 7.0 11.5 34.8 8.1 7.6 

 Developed 0.0 0.0 1.5 5.9 54.1 6.9 12.5 

 Barren 0.0 0.0 0.0 0.0 38.9 1.3 5.8 

 Natural 0.0 0.0 3.1 25.6 98.8 16.4 25.4 

 Pasture 0.0 0.0 0.0 0.0 5.8 0.4 1.2 

 Crop 0.0 40.8 79.9 91.2 100.0 64.9 31.9 

         

1,000-5,000ft Developed (open) 0.1 2.3 3.8 6.2 27.7 5.3 5.3 

 Developed 0.0 0.7 1.1 2.6 44.5 3.6 7.1 

 Barren 0.0 0.0 0.0 0.2 25.2 0.9 3.6 

 Natural 0.0 0.6 7.7 28.5 89.3 16.6 20.2 

 Pasture 0.0 0.0 0.0 0.4 2.3 0.2 0.4 

 Crop 0.0 55.3 76.0 93.3 99.9 70.4 25.5 

         

5,000-

10,000ft 
Developed (open) 0.5 2.5 3.6 6.3 14.1 4.9 3.5 

 Developed 0.1 0.5 1.1 2.7 43.9 3.9 8.2 

 Barren 0.0 0.0 0.3 1.5 28.1 2.1 4.9 

 Natural 0.0 3.6 17.8 43.0 82.4 25.4 21.7 

 Pasture 0.0 0.0 0.2 0.4 2.3 0.3 0.4 

 Crop 1.5 35.8 51.1 85.4 97.5 56.3 27.5 

         

0-10,000ft CAFOc 0.0 0.0 0.0 0.0 3.0 0.1 0.4 

aValues are the percentage of land in the given category. 

bMin= minimum, Max= maximum, SD= standard deviation. 

cCAFO= concentrated animal feeding operation.  
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Table S5.4. Summary statistics for continuous weather factors used in regression and conditional 

forest analysis. 

Factora Timeb Mina Q1 Median Q3 Maxa Mean SDa 

Avg temperature (°C) at SC 4.7 19.9 23.8 27.8 40.3 24.0 6.8 

 0-12h 7.9 16.8 22.5 27.2 35.1 21.6 7.1 

 12-24h 15.8 23.3 30.1 33.8 37.5 28.3 6.2 

 1-2d 12.0 22.1 27.5 30.8 33.8 25.4 6.4 

 2-3d 12.0 20.8 26.4 31.0 33.5 25.3 6.4 

         

Max solar radiation (mJ/m2) at SC 0.0 0.5 1.2 2.1 3.6 1.3 1.0 

 0-12h 0.0 0.7 1.4 2.5 3.6 1.7 1.1 

 12-24h 0.3 2.3 3.0 3.4 3.7 2.8 0.9 

 1-2d 0.9 3.0 3.2 3.6 3.7 3.2 0.5 

 2-3d 2.2 3.0 3.3 3.6 3.8 3.2 0.4 

         

Max wind speed (m/s) at SC 0.0 1.0 1.6 2.8 6.3 1.9 1.2 

 0-12h 1.6 2.5 3.1 3.9 8.1 3.4 1.4 

 12-24h 1.3 2.5 3.6 4.8 9.5 4.0 1.8 

 1-2d 1.7 3.0 4.1 5.2 8.3 4.2 1.5 

 2-3d 1.9 3.3 4.9 5.7 7.6 4.7 1.6 

         

Avg vapor pressure (kPas) at SC 0.3 0.6 0.8 1.4 2.7 1.1 0.7 

 0-12h 0.4 0.6 0.8 1.4 2.6 1.1 0.6 

 12-24h 0.3 0.5 0.8 1.5 2.6 1.1 0.6 

 1-2d 0.3 0.6 0.8 1.5 2.4 1.1 0.6 

 2-3d 0.3 0.6 0.7 1.5 2.2 1.0 0.6 

aAvg= average, Min= minimum, Max= maximum, SD= standard deviation. 

bTime refers to the time before sample collection. 
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Table S5.5. Results of principal component analysis of land cover, weather, sampling site 

characteristics, and water quality factors identified to be associated (P≤0.1) with pathogen 

detection outcomes (Salmonella and EHEC marker presence) in univariable regression analysis 

(with day of year and irrigation district included as random effects).  

Outcome Factor Principle 

Componenta 

Salmonella presence E. coli level (log10MPN/100 mL water) No loading 

 Turbidity (NTU) No loading 

 Developed (open) land in 250-500 ft buffer (%) PC4 

 Developed land in 250-500 ft buffer (%) No loading 

 Natural land in 250-500 ft buffer (%) PC3 

 Developed (open) land in 500-1,000 ft buffer (%) No loading 

 Developed land in 500-1,000 ft buffer (%) No loading 

 Natural land in 500-1,000 ft buffer (%) No loading 

 Developed (open) land in 1,000-5,000 ft buffer (%) PC2 

 Developed land in 1,000-5,000 ft buffer (%) No loading 

 Natural land in 1,000-5,000 ft buffer (%) No loading 

 Developed (open) land in 5,000-10,000 ft buffer (%) PC4 

 Developed land in 5,000-10,000 ft buffer (%) No loading 

 Natural land in 5,000-10,000 ft buffer (%) No loading 

 Crop land in 5,000-10,000 ft buffer (%) No loading 

 Precipitation 12-24h before sample collection (Yes/ no) NA 

 Precipitation 1-2d before sample collection (Yes/ no) NA 

 Max wind speed 2-3d before sample collection (m/s) No loading 

 Vapor pressure at sample collection (kPas) PC1 

 
Avg vapor pressure 0-12h before sample collection 

(kPas) 
PC1 

 
Avg vapor pressure 12-24h before sample collection 

(kPas) 
PC1 

   

EHEC marker Point of discharge present (Yes/ no) NA 

 Road crossing present (Yes/ no) NA 

 E. coli level (log10MPN/100 mL water) PC3 

 Developed (open) land in 0-250 ft buffer (%) PC4 

 Developed (open) land in 250-500 ft buffer (%) PC2 

 Natural land in 250-500 ft buffer (%) No loading 

 Developed (open) land in 500-1,000 ft buffer (%) PC2 

 Natural land in 500-1,000 ft buffer (%) PC1 

 Developed (open) land in 1,000-5,000 ft buffer (%) No loading 

 Natural land in 1,000-5,000 ft buffer (%) PC1 

 Crop land in 1,000-5,000 ft buffer (%) PC1 

 Developed (open) land in 5,000-10,000 ft buffer (%) No loading 

 Precipitation 0-12h before sample collection (Yes/ no) NA 
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 Precipitation 12-24h before sample collection (Yes/ no) NA 

 Precipitation 1-2d before sample collection (Yes/ no) NA 

aPrincipal component analysis was performed separately for each outcome and was applicable 

only to continuous factors significantly associated (P≤0.1) by univariable analysis [therefore, the 

principal component (PC) next to categorical variables and outcomes are listed as “NA”]. “No 

loading” indicates the factor does not have a major loading on one of the retained principal 

components. For Salmonella presence, 4 principal components (PC) explained 97% of the 

variation in the data. For EHEC marker presence, 4 PC’s explained 94% of the variation in the 

data.  
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Figure S5.1. Date of sample collection for each canal. Site codes were randomly assigned to 

each canal to maintain confidentiality of the sampling locations
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Figure S5.2. Variable importance values for the Salmonella presence conditional 

forest model with generic E. coli excluded as a predictor. Only the top 10 predictors 

are included and are listed from most to least important.  
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Figure S5.3. Partial dependence plots for the 4 top-ranked predictors according to 

variable importance in the Salmonella conditional forest model with generic E. coli 

excluded as a predictor; the plots indicate how the predicted probability of a water 

sample being positive for Salmonella presence changes as the x-axis variable 

(predictor) changes. The tick marks along the x-axis indicate values of the predictor 

variable in samples used to fit the conditional forest model. 
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Figure S5.4. Variable importance values for the EHEC marker detection conditional 

random model with generic E. coli excluded as a predictor. Only the top 10 predictors 

are included and are listed from most to least important.  
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Figure S5.5. Partial dependence plots for the 4 top-ranked predictors according to 

variable importance in the EHEC marker conditional forest model with generic E. coli 

excluded as a predictor; the plots indicate how the predicted probability of a water 

sample being positive for EHEC marker detection changes as the x-axis variable 

(predictor) changes. The tick marks along the x-axis indicate values of the predictor 

variable in samples used to fit the conditional forest model. 

 


