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Risk analysis is an approach that guides efforts to reduce foodborne disease risk through the 

distinct activities of risk assessment, risk management, and risk communication.  In three 

projects, I improve two categories of risk analysis tools for two distinct food safety risks in two 

distinct geographic regions:  risk assessment of the bacterial pathogen Listeria monocytogenes in 

the United States and risk management of the mycotoxins aflatoxin and fumonisin in Kenya.   

First, I use quantitative microbial risk assessment to show increasing high temperature, short 

time (HTST) pasteurization temperatures to respond to a bioterror threat would increase the risk 

of listeriosis from consuming pasteurized fluid milk.  I incorporate experimental findings that 

increased HTST pasteurization temperatures (from 72°C to 82°C) increase outgrowth of L. 

monocytogenes following post-pasteurization contamination of fluid milk.  Conservative 

estimates show annual listeriosis deaths would increase from 18 to 670, a 38-fold increase, if all 

U.S. fluid milk were pasteurized at the higher temperature. 

Second, I apply whole genome sequence technology to identify which repeatedly observed 

strains of L. monocytogenes are more likely persistent within individual delicatessens or are 

repeatedly reintroduced from outside sources.  Phylogenetic analyses of whole genome single 

nucleotide polymorphisms (SNPs) distinguish populations of L. monocytogenes that are identical 

by pulsed field gel electrophoresis.  Isolates of persistent strains most often differ by less than 10 



 

individual SNPs and diverge from a most recent common ancestor within the plausible lifetime 

of the delis.  

Third, I adapt a multi-spectral optical sorter to remove individual maize kernels that are 

contaminated with aflatoxin above 10 ppb or fumonisin above 1,000 ppb from maize samples 

collected from open air markets in Eastern Kenya.  Sorting kernels by linear discriminant 

analysis achieved an 83.3% and 83.7% mean reduction in aflatoxin and fumonisin, respectively, 

while removing 0 to 25% of a maize sample.  The technology has the potential to empower 

Kenyan maize consumers to manage mycotoxin exposure while subjecting them to minimal food 

losses.  

My dissertation reports improved quantitative tools and techniques to assess and manage 

microbial food safety risks.  Improved risk analysis tools will allow for more efficient, 

efficacious interventions to improve food safety. 
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CHAPTER 1  

INTRODUCTION 

In 1996, the Rome Declaration on World Food Security (1) reaffirmed that all people have a 

right to safe, nutritious food as a necessary element of the fundamental human right to food 

security.  Yet, foodborne disease statistics show the need for continual progress toward achieving 

safe food for all.  Studies from 2011 estimate there are approximately 3,000 deaths per year in 

the United States due to foodborne illness, divided about equally between known agents of 

disease (2) and unknown agents of gastroenteritis (3).  The academic community awaits a global 

estimate of foodborne disease from the World Health Organization’s (WHO’s) Foodborne 

Disease Epidemiology Reference Group (FERG, scheduled for release in 2015 

http://www.who.int/foodsafety/areas_work/foodborne-diseases/ferg/en/).  Meanwhile, global 

estimates of the burden of disease rank diarrheal diseases (a plausible indicator of many 

foodborne diseases) as the 2nd highest cause of morbidity (4.8% of worldwide disability adjusted 

life years lost) and the 5th highest cause of mortality (3.7% of deaths) worldwide (4).  Notably, 

using diarrheal disease as an indicator of foodborne disease neglects the impact of fungi-produce 

mycotoxins, such as aflatoxin (5), which have been linked to cancers (6), impaired child growth 

(7), and acute deaths (8).  Mycotoxins are particularly burdensome in sub-Saharan Africa (9, 10).   

The work presented in this dissertation focuses on two distinct microbial food safety risks in two 

distinct geographic regions: first, the bacterial pathogen Listeria monocytogenes in the United 

States, the causative agent of approximately 19% of deaths in the US due to known foodborne 

pathogens (2); second, the mycotoxins aflatoxin and fumonisin that are endemic to maize 

supplies in Kenya (8, 11-13), produced by fungal pathogens of maize (10).   
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The risk analysis framework has emerged as the standard for analyzing microbiological hazards 

in foods (14).  Risk analysis divides the tasked required to reduce the risk of harm to a 

population into risk assessment, risk management, and risk communication (14).  Foundational 

guidelines define risk assessment as the objective process of hazard identification, dose-response 

assessment, and exposure assessment, which are all used to characterize the risk posed by the 

agent (15).  Risk management is defined as the process of selecting among the set of possible 

risk control and mitigation strategies.  Risk management is informed by risk assessment but kept 

separate to prevent conflicts of interest.  Risk communication is the process by which relevant 

information is exchanged and interpreted among stakeholders.  Traditionally, risk 

communication focus on the differences between the public and experts in risk perception and 

evaluation, differences that cause risk management difficulty (16).  My dissertation work 

synthesizes aspects of quantitative microbiology, food engineering, and statistics to improve risk 

assessment of bacterial pathogens (L. monocytogenes) in ready-to-eat foods and risk 

management for control of fungal toxins (aflatoxins and fumonisins) in maize.  

I draw on big-data approaches to data generation and statistical analysis, tools that are rapidly 

transforming food safety (17).  For example, I use a next-generation bacterial genome 

sequencing technology (Illumina HiSeq 2500) and single nucleotide polymorphism (SNP) based 

subtyping tools from epidemiological studies (18, 19) to improve upon gold-standard techniques 

for subtyping L. monocytogenes from food associated environments.  In a maize sorting project, I 

use increasingly sophisticated computational tools, such as machine learning methods for 

supervised classification of multivariate data (20),  to classify highly mycotoxin contaminated 

maize kernels based on patterns that likely could not be determined by hypothesis testing.  These 

advanced computational approaches require basic proficiency with programming in Unix shell 
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(21) and/or the R statistical computing language (22) to apply tools developed by 

bioinformaticians and statisticians.  While sophisticated analyses are increasingly being 

democratized through graphical approaches to genomics, e.g. Galaxy (23) and Geneious (24), 

and statistics, e.g. JMP (25), they currently require a user to have both an analytical background 

and domain specific knowledge to apply the computation power appropriately.  

This dissertation presents three distinct projects relating to improved analytical tools in food 

safety risk analysis.  Two tools are for improved risk analysis: quantitative microbial risk 

assessment and whole genome sequence based subtyping of bacterial pathogens.  One tool is for 

improved risk management: developing optical sorting technologies to remove mycotoxin 

contaminated kernels from locally-milled Kenyan maize.   

In Chapter 2, I apply a quantitative microbial risk assessment (QMRA) to ask a question of 

unintended consequences in food safety.  A 2005 risk assessment (26) of a bioterror attack by 

releasing botulinum toxin into the pasteurized fluid milk supply showed the potential for 

catastrophic harm.  The authors advocated increasing pasteurization temperatures to mitigate risk 

(by inactivating a greater proportion of any toxin introduced by terrorist activity).  Experimental 

findings by the Cornell Milk Quality Improvement Program showed that increasing high 

temperature, short time pasteurization temperatures (from 72°C to 82°C) increased the outgrowth 

of L. monocytogenes if the pathogen contaminated fluid milk post-pasteurization.  I extend 

pathogen growth models in an existing QMRA of L. monocytogenes in U.S. food products to ask 

what impact the observed increases in pathogen outgrowth may have on the risk of listeriosis 

from consumption of pasteurized fluid milk.  Conservative estimates show annual listeriosis 

deaths would increase from 18 to 670, a 38-fold increase, if all U.S. fluid milk were pasteurized 

at the higher temperature. 
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In Chapter 3, I apply whole genome sequence (WGS) technology to identify which repeatedly-

observed strains of L. monocytogenes are more likely persistent within individual delicatessens 

(hereafter, ‘delis’) or repeatedly reintroduced from outside sources.  WGS-based molecular 

subtyping was effective for distinguishing populations of L. monocytogenes that are identical by 

the gold standard subtyping technique of pulsed field gel electrophoresis (PFGE, (27)).  

Phylogenetic and quantitative analysis of single nucleotide polymorphisms (SNPs) across the full 

bacterial genomes identified some strains as more likely to persist within individual delis, 

whereas other strains were more likely repeatedly reintroduced to delis from some common 

source.  Isolates of strains more likely to persistent were shown to most often differ by less than 

10 individual SNPs and to have diverged from a most recent common ancestor within the 

plausible lifetime of retail deli facilities.  

In Chapter 4, I adapt a multi-spectral optical sorter to identify and remove individual maize 

kernels that are contaminated with aflatoxins (>10 ppb) or fumonisins (>1,000 ppb) from bulk 

maize samples collected from open air markets in Eastern Kenya.  With appropriately calibrated 

linear discriminant analysis algorithms, the sorter achieved an 83.3% and 83.7% mean reduction 

in aflatoxin and fumonisin when either or both toxins were present in a maize sample.  Rejection 

rates while sorting were between 0 to 25% of each maize sample.  The optical sorter is being 

developed for maize sorting at points such as local hammer mills.  The technology has the 

potential to empower Kenyan maize consumers to manage mycotoxin exposure while subjecting 

them to minimal food losses. 

In Chapter 5, I close my dissertation with how I see my work relating to future directions for 

food safety risk analysis and management.  While the tools I have used to study three specific 
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questions in microbial food safety are diverse, I hope they provide valuable insights in their 

specific domains as well as thoughts for readers to improve their own risk analysis work.    
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CHAPTER 2   

RESPONDING TO BIOTERROR CONCERNS BY INCREASING MILK PASTEURIZATION 

TEMPERATURE WOULD INCREASE ESTIMATED ANNUAL DEATHS FROM 

LISTERIOSIS 

Reproduced with permission from: Stasiewicz M. J., Martin N., Laue S., Grohn Y. T., Boor 

K. J., Wiedmann M. 2014. Responding to bioterror concerns by increasing milk pasteurization 

temperature would increase estimated annual deaths from listeriosis. J. Food Prot. 77:696-705. 

Abstract 

A 2005 analysis of a potential bioterror attack on the food supply involving a botulinum toxin 

release into the milk supply recommend adopting a toxin-inactivating step during milk 

processing.  In response, some dairy processors increased the times and temperatures of 

pasteurization well above the legal minimum for high-temperature, short time (HTST) 

pasteurization (72°C for 15 s), with unknown implications for public health.  This study 

investigated if an increase in HTST pasteurization temperature would affect the growth of 

Listeria monocytogenes, a potentially lethal foodborne pathogen normally eliminated with proper 

pasteurization but of concern when milk is contaminated post-pasteurization.  L. monocytogenes 

growth during refrigerated storage was increased in milk pasteurized at 82°C relative to growth 

in milk pasteurized at 72°C. Specifically, the time lag before exponential growth was decreased 

and the maximum population density was increased.  Public health impact of the pasteurization 

change was assessed using a quantitative microbial risk assessment of deaths from listeriosis 

attributable to consumption of post-processing contaminated pasteurized fluid 

milk.  Conservative estimates of the effect of pasteurizing all fluid milk at 82°C, rather than 

72°C, are that annual listeriosis deaths from milk would increase from 18 to 670, a 38-fold 
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increase (8.7 – 96-fold increase, 5th and 95th percentiles).  These results exemplify a situation 

where responding to a rare bioterror threat may have the unintended consequence of putting the 

public at increased risk of a known, yet severe harm, and illustrate the need for a paradigm shift 

towards multi-outcome risk benefit analyses when proposing changes to established food safety 

practices.  

Introduction 

A 2005 risk assessment by Wein and Liu (1) calculated that a bioterror attack releasing 

botulinum toxin in a fluid milk bulk tank could cause in excess of tens of thousands of deaths.  

The authors urged for, among other actions, a heat-inactivation step that could more thoroughly 

inactivate botulinum toxin than the ~70% inactivation their model assumed was achieved by 

traditional high-temperature, short-time (HTST) pasteurization of milk.   Some papers (2, 3) 

describe anecdotal reports that processors have begun to implement pasteurization processes 

above the HTST legal minimum (which is 72°C for 15 s).  Along similar consequential lines, 

some large dairies in the UK concerned with the putative link between Mycobacterium avium 

ssp. paratuberculosis surviving pasteurization and a risk for Crohn’s disease have implemented a 

precautionary increase of their HTST pasteurization time to 25 s, from 15 s (4). 

Previous research has shown that increasing the HTST pasteurization temperature of fluid milk 

(from 72.9°C to 85.2°C), contrary to intuition, actually increases the growth of aerobic bacteria 

in the milk over the product’s shelf life (3).  A possible explanation for this observation includes 

complete inactivation at 82°C of lactoperoxidase, an antimicrobial system naturally found in 

milk, but incomplete inactivation at 72°C min (5, 6).  These results led to the hypothesis that 

increasing the HTST pasteurization temperature may also increase the growth of a foodborne 

pathogen of concern in fluid milk, Listeria monocytogenes.  This pathogen is responsible for 
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20% of the estimated 1,200 deaths per year in the US due to foodborne disease from known 

causes (7), with consumption of pasteurized fluid milk estimated to cause the second greatest 

number deaths behind the very high risk deli meats category foods (8).  Increased growth of L. 

monocytogenes in fluid milk could increase the risk of listeriosis from fluid milk.  Therefore, 

increasing fluid milk pasteurization temperature to reduce a bioterror risk could have the 

unintended consequence of increasing the incidence and public health burden of listeriosis. 

The overall goals of this study were two-fold:  (i) to experimentally test the microbiological 

hypothesis that increasing the pasteurization temperature of fluid milk will increase the growth 

of L. monocytogenes in milk that is contaminated, post-pasteurization, with that organism, and 

(ii) to assess the potential unintended public health consequences of any increase in pathogen 

outgrowth on the predicted burden of listeriosis in the U.S.   Broadly, the goal was to assess if a 

change to a food safety practice to reduce a bioterror risk entails a tradeoff with an unintended 

increase in the annual harm due to a known bacterial pathogen.   

Materials and Methods 

The broad goal of this study was to assess the effect of increasing the HTST pasteurization 

temperature on the risk of listeriosis from consumption of post-pasteurization contaminated fluid 

milk.  To accomplish this goal, this study was designed in two phases (a) experimental 

measurement of the growth of L. monocytogenes inoculated into milk that had been HTST 

pasteurized at 72 or 82°C and (b) use of the growth parameters derived from the experimental 

work as inputs for a quantitative microbial risk assessment that predicts the US burden of 

listeriosis per annum due to pasteurized fluid milk consumption. 

Raw milk pasteurization.  Raw milk was collected and pasteurized under conditions closely 

mimicking commercial processing conditions.  For each growth experiment trial, 8 gallons of 
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raw whole milk was obtained from a 500 cow herd at the Cornell Teaching & Research Center 

(Harford, NY).  Raw milk was stored under refrigeration at 5°C for up to 24 h prior to processing 

at the Cornell University Food Processing and Development Laboratory (Ithaca, NY). On the 

day of processing the raw whole milk was heated to 60°C in a jacketed steam kettle and 

homogenized using a Gaulin APV homogenizer (Model 200 E; Gaulin, Everett, MA). After 

homogenization, the milk was pasteurized on a lab-scale HTST pasteurizer (Microthermics 

UHT/HTSTLab-25DH, MicroThermics, Inc. Raleigh, NC) at 72°C and 82°C for 25 s and 

collected into sterile 1 L polyethylene terephthalate (Nalgene) bottles (Thermo Fisher Scientific-

Nalgene, Rochester, NY). The pasteurized milk was immediately cooled on ice until it reached 

6°C. Immediately following processing the samples were poured (99 ml/bottle) from the sterile 

Nalgene bottles into sterile 250 ml screw capped glass bottles for inoculation or as controls. A 

total of 12 trials were performed between December, 2008 to November, 2010. 

L. monocytogenes growth in pasteurized milk. The strain of L. monocytogenes used for growth 

experiments was FSL F6-386, a DUP-1030A ribotype strain isolated from raw milk in New York 

State (www.microbetracker.com).  We chose to use a single strain rather than a cocktail to 

eliminate the complexity caused by modeling a mixture of strain-specific growth rates, and we 

chose replication of a single strain rather than multiple strains to better characterize the 

variability in the effect of the milk itself on a controlled bacterial growth challenge.  A single 

colony of the strain was used to inoculate brain heart infusion (BHI, Difco) broth, followed by 

overnight incubation at 32°C with shaking.  The overnight culture was pelleted, resuspended in 

phosphate buffer, and serially diluted, so that inoculation of treatment milk samples achieved an 

initial cell density of ~3*103 CFU/ml (adding 1 ml of inoculum into 99 ml of milk, 1 ml 

phosphate buffer for controls).  Pasteurized treatment and control milk samples were stored at 
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6°C and enumerated over 24 days.  On each day, appropriate serial dilutions of L. 

monocytogenes (treatment) or phosphate buffer (control) inoculated samples were spiral-plated 

in duplicate (Autoplate 4000, Spiral Biotech) onto both non-selective (standard plate count agar, 

SPC) and selective-differential media for L. monocytogenes (L. monocytogenes plating medium, 

LMPM), and enumerated after incubation for 48 h at 32 or 37°C for SPC or LMPM, 

respectively.  In addition, raw milk (non-pasteurized) samples for each trial were inoculated to 

either  ~3*103 CFU/ml L. monocytogenes or with phosphate buffer, stored at 6°C, and 

enumerated over 7 d by similar spiral-plating in duplicate on SPC or LMPM.   

Growth model and statistical analysis of growth parameters.  A growth model with lag phase 

(λ), maximum growth rate (μmax), initial cell density (N0), and maximum cell density (Nmax) was 

fit to the log-transformed cell counts of each growth curve for each plating medium (the Baranyi 

Roberts model (9), implemented in R (v.2.10.0) using the ‘nlstools’ package (10) for non-linear 

regression, which defines lag phase in a constant growth environment as 𝜆=ln(1+1/𝑞0)/𝜇𝑚𝑎𝑥 

where q0 is a parameter representing the physiological state of the inoculum).  A reduced, 3-

parameter, model was used for growth curves without an appreciable lag phase (set λ = 0) or 

stationary phase (remove Nmax from the model, only predict growth until the end of the 

experimental time).  For statistical analysis, curves were assigned a lag phase of zero (λ = 0) or 

the maximum cell density observed on any day of plating (Nmax = max(Nt)).   

A separate mixed model analysis of variance for each growth parameter was used to assess the 

effect of pasteurization temperature, as follows:  [λ, μmax, N0, or Nmax] = Temp + Trial + E, where 

Temp is the fixed pasteurization temperature effect with categorical levels 72 or 82°C, Trial is a 

random effect with categorical levels 1-12, and E is residual error.  In initial models, the factor 

Media was added to check the effect of the enumeration media with levels [LMPM or SPC], and 
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later the factor was used to separate the data in subsequent analysis when it was found non-

significant.    

Quantitative Microbial Risk Assessment. The base model used in this analysis was a risk-

ranking model for the burden of listeriosis from food categories in the US (8).   Then Pradhan et 

al. (11) expanded the original model to assess the reduction in risk caused by applying a growth 

inhibiting product treatment in a single food category, by (a) dividing the pre-consumption 

exposure assessment into two stages, a production to retail stage and a retail to consumption 

stage and (b) adding lag time effects in the production to retail to storage phases as temperature 

dependent storage times required before the onset of exponential bacterial growth.  This paper 

builds upon the approach (and code) of Pradhan et al. (11) to assess, instead, the potential effect 

of a processing change that could increase, not decrease, listeriosis risk.  The specific categories 

of changes made to the original risk-assessment (8) are (i) selecting among growth parameter 

distributions using a likelihood weight statistic, (ii) predicting growth from production to retail to 

consumption in two-stages using the previously employed exponential growth model, (iii) 

additional calibration of the dose-response model so the outputs of the lower HTST 

pasteurization temperature (72°C) reproduce the estimates of listeriosis from fluid milk, which 

makes impacts of the higher pasteurization temperature obvious, and (iv) sensitivity analysis of 

the underlying model to shed light on which parameters in fluid milk system may be most 

important to reducing listeriosis from this food category. 

Growth parameter distributions and weights.  The basic approach to modeling variability and 

uncertainty used in the original risk ranking model was retained, describing the variability using 

statistical distributions and uncertainty by selecting from multiple possible distributions that 

could describe the data.  A large set of distributions were initially evaluated for fit to each set of 
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parameter data, including: Normal, Lognormal, Logistic, Gamma, Wiebull, Exponential, 

Extreme Value, Generalized Logistic, Mixture of 2 Normals, and Mixture of 3 Normals (and fit 

either in JMP [v.9.0, SAS Institute Inc.] or @Risk [v.5.7, Pallisade Decision Tools, Ithaca NY]).  

Many distributions were immediately rejected for a certain parameter because they were unable 

to fit the experimental data from one or more of the four combinations of treatment and plating 

media.  For example, only distributions that accepted zeros were able to fit the λ parameter 

because some data from 82°C pasteurization showed no lag phase and were assigned a λest = 0.  

Feasible distributions were ranked by the Akaike Information Criteria (AIC), and a likelihood 

weight was calculated for each distribution as: 

 𝑙𝑖 = 𝑒
𝐴𝐴𝐶𝑖−𝐴𝐴𝐶𝑚𝑖𝑚

−2    and    𝑤𝑖 = 𝑙𝑖
∑ 𝑙𝑖𝑘
𝑖=1

  (1) 

where li is the relative log-likelihood of the ith distribution and AICi and AICmin is the AIC for ith 

and most likely distribution, respectively, wi is the likelihood weight and k is the number of 

distributions under consideration.  Therefore, the most likely distribution has l = 1 and all other 

distributions have 0 ≤ l ≤ 1. The likelihood weight for each distribution is the proportion of the 

total likelihood contributed by each distribution and ranges 0 ≤ w ≤ 1.  

A small subset of the feasible distributions (1-3 distributions), unique to each parameter, were 

then selected to capture much of the total likelihood while maintaining a parsimonious 

distribution set.  li  and wi were recalculated for the final distribution sets and the likelihood 

weight, wi, was used to select among the fitted distributions during the uncertainty iterations of 

the risk assessment. 

For λ, 4 distributions could fit the 4 combinations of enumeration media and pasteurization 

temperature (normal, logistic, generalized logistic, and mixture of 2 normals).  Only the normal 

and logistic distributions were selected to model uncertainty in λ as the sum of the likelihood 
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weights for these two distributions was 85-98% for all media-temperature combinations. For 

μmax, 3 of the 5 candidate distributions were used to model uncertainty (Log-normal, gamma and 

logistic, excluding normal and Wiebull) with total likelihood weights of 42-86%.  For Nmax, only 

the mixture of 2 normal distributions was used because a bi-modal distribution was required to 

capture the significant interaction between trial group and maximum density. 

Changes to the Exposure-assessment module.  The model used by Pradhan et al. predicted 

exposures using two sequential modules.  First, the median growth between production (P) and 

retail (R) stages (stage denoted as [PR]) was calculated and those values were used to adjust the 

contamination levels observed at retail.  Second, growth between retail and consumption (C, 

stage denoted as [RC]) was predicted after sampling from distributions for growth parameters, 

storage times (tPR and tRC), and storage temperatures (TPR and TRC, with TRC the storage 

Temperature between Retail and Consumption, etc.). The major changes to the exposure 

assessment module fall into the following  categories: (i) prediction of L. monocytogenes growth 

between production and retail, and between retail and consumption, using the same base growth 

parameters for each step but adjusting those parameters for the temperature at that step, (ii) 

addition of a parameter to adjust the lag-phase duration across both growth stages, and (iii) 

sampling an experimentally determined maximum density parameter and therefore rejecting the 

previous assumption that maximum density was storage temperature dependent.  

The first step in predicting growth at each stage was to sample base growth parameters using the 

appropriate distributions.  For λ, μmax, and Nmax, these were distributions fitted to experimental 

data generated for this paper.  For N0 and TPR, TRC, tPR, tRC  these were distributions described in 

the original FDA/FSIS model. Then, the square-root model (√𝜇 or �1
𝜆

= 𝑎(𝑇 − 𝑇0), classically 

the Ratowsky model, and derived in ratio form in equations 3 and 4 of (11), where a cancels 
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from the calculation) used in both the original FDA/FSIS model and by Pradhan et al. was used 

to calculate lag phase and maximum growth rate as a function of temperature, λ(T) and μmax(T), 

for the sampled TPR and TRC, using the experimental holding temperature of 6°C as the reference 

temperature.  Finally, growth at each stage was predicted using the exponential growth model: 

                    ∆𝑁𝑡 = �
�𝑡𝑠𝑡𝑠𝑠𝑠  –  𝜆�𝑇𝑠𝑡𝑠𝑠𝑠��𝜇𝑚𝑠𝑚�𝑇𝑠𝑡𝑠𝑠𝑠�, if  �𝑡𝑠𝑡𝑠𝑠𝑠–  𝜆�𝑇𝑠𝑡𝑠𝑠𝑠� � > 0

0                       , if  �𝑡𝑠𝑡𝑠𝑠𝑠–  𝜆�𝑇𝑠𝑡𝑠𝑠𝑠� � ≤ 0
 (2) 

Where ∆Nt is the log change in cell density over the growth stage, tstage is tPR or tRC, as 

appropriate, and Tstage is TPR or TRC, as appropriate.   

An adjusted lag phase between retail and consumption, λadj,RC, was calculated to shorten the lag 

phase in the second stage of growth, retail to consumption, based on the fraction of the total lag 

phase that had not been expended during the first phase of growth.  λadj,RC was defined as: 

                                       𝜆𝑠𝑎𝑎,𝑅𝑅 = �
𝜆𝑅𝑅 �1 − 𝑡𝑃𝑃

𝜆𝑃𝑃
� , if (𝜆𝑃𝑅 − 𝑡𝑃𝑅) ≥ 0

0           , if (𝜆𝑃𝑅 − 𝑡𝑃𝑅) < 0
 (3) 

So that if the full lag phase duration is expended during tPR, the adjusted lag phase in retail to 

consumption, λadj,RC, is 0, but if only a portion of the lag phase is expended during tPR, λadj,RC 

becomes the fraction of the base lag phase not expended previously.   

Both previous risk assessment models assumed that the maximum cell density was temperature 

dependent and set at a maximum value of 8.0 ± 0.5 log(CFU/ml) at storage temperature > 7°C.  

This maximum density assumption was shown to be invalid under the experimental conditions in 

this study.  Maximum densities up to 12 log(CFU/ml) were observed at the experimental storage 

temperature of 6°C (Supplemental Table 2.1, column Nmax [Log(CFU/ml)] (Observed), 

supplemental data at 

http://foodscience.cornell.edu/cals/foodsci/research/labs/wiedmann/links/stasiewicz-et-al-2013-

jfp.cfm).  Instead of modeling a temperature dependent maximum cell density, Nmax, the module 
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was modified to sample Nmax from distributions fitted to experimental data generated for this 

paper, similar to λ and μmax.  

Changes to the Dose-Response module.  Previous versions of the dose-response module were 

programmed to calculate the effect of doses ≤ 1012 CFU / serving.  The limit was reasonable for 

the previous models because the outputs from the exposure assessment module were always ≤ 

1012 CFU / serving, but the simulations in this study occasionally predicted larger doses.  

Therefore, the dose-response modules were modified to calculate the effect of doses up to 1018 

CFU / serving, the dose limit of the exposure assessment module.  No predicted doses exceeded 

1013 CFU / serving for the 72°C simulations, or 1015 CFU / serving for the 82°C simulations (the 

latter equivalent to a rare 1 kg serving of milk contaminated at the 1012 CFU/ml maximum 

density observed in the experimental data). 

The original dose-response module contains scaling factors that adjust the magnitude of the dose 

bins to ensure that the total predicted mortality across all 23 original food categories equals the 

epidemiologically observed mortality.  Because this study was not interested in ranking the 

impact of various food categories, but instead focused on evaluating the effect of a processing 

change in a single food category, the dose-response model was re-calibrated so that the mortality 

predictions from the historically used pasteurization temperature, 72°C, equaled the median 

mortality predicted by the original risk-ranking model for the pasteurized fluid milk category, 

16.8 deaths (with 13.3, 2.8 and 0.6 deaths among the elderly, intermediate, and neonatal age 

groups, respectively).   

As with the previous models, in the inputs for the dose-response module were the exposure-

assessment outputs, histograms of a probability of a given dose after 100,000 variability 

iterations and 300 uncertainty iterations.  A total of 4,000 iterations of the dose-response model 
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were used to quantify the mortality resulting from the predicted exposures.  To quantify the 

relative impact of the pasteurization temperature change, the ratio of the predicted mortality from 

the 82°C pasteurization divided by the mortality from the 72°C pasteurization (which was fixed 

by calibration at 16.8 deaths), was calculated for each iteration of the dose-response model.  

Results are summarized by median values, with 5th and 95th percentiles presented for confidence 

bounds.   

 Sensitivity analysis.  To assess the sensitivity of the risk assessment to the allowed variability 

in model inputs, 7 parameters [λ, μmax, Nmax, tPR, TPR, tRC, and TRC] were selected for formal 

sensitivity analysis.  Each parameter was fixed at a given percentile of the input distribution [5th, 

25th, 50th, 75th, and 95th], while the rest of the parameters in exposure assessment module were 

sampled as previously described.  These exposures where then analyzed after first calibrating the 

dose-response module so that the 50th percentile exposures for the 72°C pasteurization 

temperature predict the previously described mortality estimates (16.8 total deaths).  Deviations 

from the calibrated mortality for different percentiles at the same pasteurization temperature 

indicate the sensitivity of the model to variability in that individual input parameter, whereas 

differences in the fold-changes between the pasteurization temperatures at the same percentiles 

indicate the differences in relative impact of the processing change under scenarios of more or 

less extreme parameter values.  Sensitivity analyses used 10,000 variability and 300 uncertainty 

iterations for exposure assessment and 1,000 iterations for dose-response. 

Results  

Pasteurization at 82°C rather than 72°C increases growth of L. monocytogenes in post-

processing contaminated milk.  Combined analysis of growth parameters calculated for all 12 

individual trials (parameters in Supplemental Table 2.1 with representative growth curve in 
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Supplemental Figure 2.1, ANOVA results not shown, supplemental data at 

http://foodscience.cornell.edu/cals/foodsci/research/labs/wiedmann/links/stasiewicz-et-al-2013-

jfp.cfm), revealed that bacterial enumeration media did not meaningfully impact the results.  

Enumerating bacteria on either a non-selective media (Standard Plate Count medium, SPC) or a 

selective, differential media (L. monocytogenes Plating Medium, LMPM) never had a significant 

effect on growth parameter values (p-value > 0.05 for the effect of media on values of each 

parameter).  Therefore, the results from the media selective and differential for L. 

monocytogenes, LMPM, are presented in this discussion.  Uninoculated and raw milk controls 

validated these data and will not be discussed further.  Specifically, all pasteurized control 

samples were always L. monocytogenes negative for the duration of the growth experiment, 

evidenced by no detectable colonies on LMPM.  While 15 of 24 pasteurized control samples did 

show quantifiable bacterial growth on nonselective SPC, as evidence by the ability to fit a 

growth curve to the data, individual plate counts were never higher than for the paired L. 

monocytogenes inoculated treatment sample plated on the same media. 

L. monocytogenes growth was increased in milk pasteurized at 82°C rather than 72°C.  Every 

individual trial showed decreased λ and increased Nmax at milk pasteurized at 82°C relative to the 

paired growth parameter at 72°C (Figure 2.1).  Lag-phase (λ) was decreased by 2.6 d (p<0.001) 

and Nmax was increased by an average of 1.2 log colony forming units per ml [CFU/ml] 

(p=0.008) by pasteurization at 82°C (Table 2.1).  Increases in Nmax were bimodal, with the first 6 

of the trials showing increases of 1 to 4 log(CFU/ml) and the second 6 trials showing an 

approximate 0.5 log(CFU/ml) increase.  Parameter estimates from bacterial enumeration on non-

selective growth media (SPC; Supplemental Table 2.2) were similar except the trend of increased 

μmax for milk pasteurized at 82°C showed statistical significance (0.090 log(CFU/ml)/d, 
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p=0.014). No obvious cause was found for the bi-modality in growth.  The first 6 trials spanned 

from December 2008 to November 2009, and the second 6 trials from January to November 

2010, making a seasonality effect unlikely (Supplemental Table 2.3).  A measure of possibly 

competing microflora, the maximum cell density of the uninoculated controls (on nonselective 

SPC media) showed no significant difference between the first and last 6 trials (p=0.18 for t-test 

of the 12 points in trials 1-6, mean ± stdev  4.1±2.4  log(CFU/ml), and trials 7-12, mean 5.2±1.6   

Figure 2.1. Differences between (top) modeled lag-phase, λ, and (bottom) modeled 
maximum cell density, Nmax at 82°C and 72°C for each of 12 growth trials with paired 
pasteurization at each temperature (82°C pasteurization value - 72°C pasteurization 
value). These parameters were derived from fitting a Baranyi model to data for L. 
monocytogenes growth in milk at 6°C after post-processing inoculation and enumeration 
over 24 days by duplicate plating on Standard Plate Count (SPC) agar.  Input λ and Nmax 
data in Supplemental Table 2.1.   
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Table 2.1. Mixed model ANOVA results for the effect of increasing milk pasteurization 
temperature on bacterial growth parameters. 

Growth parameter 

Effect of increased pasteurization temperature (82°C-
72°C): 

 Least-square means parameter estimate for milk 
pasteurized at: 

Estimate SE p-value 95% CIa 

 
72°C (95% CI) 82°C (95% CI) 

λ [d] -2.59 0.47 <0.001 -3.31 – (-1.56) 
 

4.58 (3.78, 5.37) 1.99 (1.20, 2.78) 
Nmax 
[log(CFU/ml)] 1.19 0.36 0.008 0.37 – 1.99 

 
9.01 (8.04, 9.99) 10.20 (9.22, 11.18) 

μmax 
[log(CFU/ml)/d] 0.059 0.043 0.197 -0.036 – 0.154 

 
0.503 (0.430, 0.576) 0.562 (0.489, 0.635) 

a CI, Confidence interval 

log(CFU/ml)).  Additionally, partial data on the lactoperoxidase (LPO) system activity suggest 

that incoming raw milk and 72°C pasteurized milk had higher LPO levels in the first rather than 

last 6 trials, but that 82°C pasteurization effectively inactivated the enzyme system in all trials 

(Supplemental Table 2.3).  It is possible some unknown, common factor may both increase LPO 

activity in raw milk and ability of pasteurized milk to support higher L. monocytogenes cell 

density.  An in-depth interview with the Cornell Teaching and Research Farm management staff 

after this study identified only one factor that had changed during the time period between the 6th 

and 7th trials, where the bimodality occurred.  A new crop year of corn silage was started in 

December 2009.  Unfortunately, no silage remained for analysis.  A partial list of practices that 

had not changed over the duration include: cleaning detergents, sanitizers, teat dips, bedding 

material and change frequency, silage inoculation, milk transport equipment.  Additionally, 

many management practices changed between trials 7 and 8 (after the growth transition between 

trials 6 and 8) including loss of approximately 10 milking crew staff and 45 cows, increasing 

fresh cow milking rate from 2 to 4 times per day, and decreasing other cow milking rate from 3 

to 2 times per day.   

Overall, pasteurization temperature affected L. monocytogenes growth by (i) significantly 

decreasing the time required for the pathogen to begin to divide in the milk (lag phase, [λ]), (ii) 
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significantly increasing the final pathogen density (Nmax), and (iii) causing a non-significant trend 

towards  an increased rate at which cell division occurs (maximum growth rate, [μmax]).   

Exposure to L. monocytogenes is greater in milk pasteurized at 82°C rather than 72°C.  The 

public health impact of the experimentally observed increase in L. monocytogenes growth was 

contextualized by extending the U.S. government’s published quantitative microbial risk 

assessment model for listeriosis in ready-to-eat foods (8) to predict the increase in the number of 

cases of listeriosis if all fluid milk were subjected to the processing change of increased 

pasteurization temperature.  Following the standard workflow of a quantitative microbial risk 

assessment, components of the model were (i) an exposure assessment that calculated the 

expected doses of L. monocytogenes in servings of pasteurized fluid milk (ii) a dose-response 

model for three subpopulations, the elderly, intermediate age, and neonatal populations, and (iii) 

risk assessment involving integration of exposure over the U.S. population and calculation of the 

risk of listeriosis morbidity and mortality.    

A first step in the exposure assessment was to model variability and uncertainty in the observed 

growth parameters, for input into the exposure assessment.  Variability was modeled by fitting 

each parameter set to appropriate statistical distributions, and uncertainty in the nature of those 

distributions was modeled by weighting each of those distributions according to their likelihood 

weights (Table 2.2).  Both lag phase, λ, and maximum growth rate, μmax, were modeled using 

unimodal distributions and the values of those distributions were similar regardless of the exact 

distribution selected.   Maximum cell density, Nmax, was modeled using a bimodal distribution to 

more closely reflect the dual peaks in the experimental data.  For the fit, a mixture model of 2 

normal distributions was used where the probability of each distribution was also estimated 

during the fitting process.  For 3 of the 4 pasteurization temperature and enumeration media  
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Table 2.2.  Parameters of the distributions used to characterize the experimental growth 
parameters in the exposure assessment. 

Growth 
Parameter 

Milk 
Pasteurization 
Temperature 

Enumeration  
Media Distribution Weighta 

Median  
(5th, 95th percentile) 

λ 72°C  LMPM Normal(4.58, 1.3)b 51.2% 4.58 (2.44, 6.71) 
[d]   Logistic(4.46, 0.7)c 48.8% 4.46 (2.39, 6.53) 

  SPC Normal(4.09, 1.21) 53.0% 4.09 (2.1, 6.08) 
   Logistic(4.18, 0.66) 47.0% 4.18 (2.23, 6.13) 
 82°C  LMPM Normal(1.99, 1.2) 54.4% 1.99 (0.02, 3.95) 
   Logistic(2.04, 0.66) 45.6% 2.04 (0.1, 3.97) 
  SPC Normal(1.78, 1.27) 62.8% 1.78 (-0.31, 3.87) 
   Logistic(1.83, 0.74) 37.2% 1.83 (-0.35, 4) 
μmax 72°C  LMPM LogNormal(-0.72, 0.24)d 53.2% 0.49 (0.33, 0.73) 
[log(CFU/ml)/d]  Gamma(15.56, 0.03)e 27.4% 0.49 (0.31, 0.73) 
   Logistic(0.48, 0.07) 19.4% 0.48 (0.28, 0.68) 
  SPC LogNormal(-0.74, 0.2) 44.0% 0.48 (0.35, 0.66) 
   Gamma(25.53, 0.02) 36.0% 0.48 (0.34, 0.66) 
   Logistic(0.48, 0.06) 19.9% 0.48 (0.31, 0.64) 
 82°C  LMPM LogNormal(-0.58, 0.11) 28.8% 0.56 (0.46, 0.67) 
   Gamma(79.62, 0.01) 34.2% 0.56 (0.46, 0.67) 
   Logistic(0.57, 0.04) 37.0% 0.57 (0.46, 0.67) 
  SPC LogNormal(-0.56, 0.14) 41.4% 0.57 (0.46, 0.71) 
   Gamma(52.95, 0.01) 37.5% 0.57 (0.45, 0.71) 
   Logistic(0.57, 0.05) 21.2% 0.57 (0.43, 0.71) 
Nmax 72°C  LMPM Normal2(8.09, 9.94, 0.16, 0.5, 0.5) 100% 8.44 (7.87, 10.56) 
[log(CFU/ml)]  SPC Normal2(8.26, 10.42, 0.29, 0.29, 0.58) 100% 9 (7.87, 10.77) 
 82°C  LMPM Normal2(8.5, 11.9, 0.28, 0.63, 0.5) 100% 9.18 (8.13, 12.67) 
    SPC Normal2(8.61, 11.91, 0.26, 0.56, 0.5) 100% 9.15 (8.27, 12.6) 
a The probability that the distribution is used for a particular uncertainty iteration of the exposure assessment module 
parameterized by either inputs from the LMPM or SPC enumeration (and sum to 100% for a particular parameter-
temperature-media combination).  Weights are based on relative likelihood. 
b Normal distribution with ( μ , σ2 )  
c Logistic distribution with ( μ , β ) 
d Log-Normal distribution with ( μ , σ2) 
e Gamma distribution with ( α , β )  
f Mixture of 2 Normal distributions with ( μ 1,  μ 2 , σ2

1, σ 22, p(distribution 1) ) 

combinations the fitted mixture distribution gave equal weight, i.e., 50% probability, to each 

unimodal distribution.  The mixture for 72°C and SPC media selected Nmax distribution with the 

lower mean at 58% probability.  Separate exposure assessments were carried out using either the 

input distributions derived from the parameters measured with LMPM or SPC media, giving 
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similar conclusions, so the results from the simulation with the LMPM media derived inputs are 

discussed.   

Exposure assessment using the experimentally derived distributions for the bacterial growth 

parameters (with 100,000 variability and 300 uncertainty iterations) calculated that 

pasteurization at 82°C would lead to a greater probability of exposure to higher doses of L. 

monocytogenes than would pasteurization at 72°C (Figure 2.2).  Two trends are most important 

(i) the median probability of all doses greater than 100 CFU/serving is greater for milk 

pasteurized at 82°C rather than 72°C, and (ii) the hazard of a very-low probability, very-high 

dose exposure increases with 82°C pasteurization as the maximum dose increases by about 1/2 

log(CFU)/serving for the median with up to a 3 log(CFU/serving) increase in the tails.  It is 

important to note that the change in pasteurization temperature does not change the fact that the 

probability of any exposure to L. monocytogenes in pasteurized milk is low (<0.2%).  Rather, the 

change in pasteurization temperature increases the risk that those rare exposures will contain 

higher doses of L. monocytogenes.   

Increasing the milk pasteurization temperature increases the predicted number of deaths 

from pasteurized fluid milk.  In all simulations, mortality was greater under the 82°C 

pasteurization exposures than under the 72°C pasteurization exposures (which were calibrated to 

17.7 deaths) with the 82°C pasteurization exposures having a median of 670 deaths (150 to 1700 

deaths, 5th to 95th percentiles, Figure 2.3, top)).  Mortality predictions are roughly bimodal, with 

a major peak at ~600 deaths and a minor peak at ~150 deaths.  The dual-peaks roughly 

correspond to the bimodal nature of the Nmax distribution (as seen by shifted mortality 

distributions when drawing Nmax from either the low mean or high mean univariate normal 

distribution, Supplemental Figure 2.2). The fold-change increase in mortality was similarly 
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bimodal (Figure 2.3, bottom) with a median increase of 38-fold (8.7 to 96, 5th to 95th percentiles), 

a minor peak at ~9-fold, and a major peak at ~40-fold increase in mortality.   While model 

uncertainties cause the exact magnitude of the estimated increased mortality to vary over 1.5 

orders of magnitude, increasing pasteurization temperature is always predicted to increase 

mortality.  Qualitatively similar trends in exposure and mortality estimates using input 

parameters derived from bacterial enumeration on SPC (Supplemental Figure 2.3 and 

Supplemental Figure 2.4), suggest that the exact choice of bacterial enumeration media, and the 

general choice between a selective or non-selective media, matters little to the conclusion of this 

quantitative microbial risk assessment.  

Sensitivity analyses suggest that lower processing temperatures and improved consumer 

storage behavior could both reduce listeriosis deaths.  The next phase in the analysis was to 

determine which model parameters had the largest impact on the absolute magnitude and  

Figure 2.2. Probability of exposure to a given dose of L. monocytogenes is post-
processing contaminated milk when the milk is pasteurized at 72°C (dashed lines) or 
82°C (solid lines).  Thin lines are the probability of a serving resulting in exposure to a 
given dose of L. monocytogenes for a single uncertainty iteration (300 total).  Thick lines 
are the median probabilities. 
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relative difference in mortality, and therefore determine where interventions could have the 

largest impact on public health.  Three categories of parameters were investigated, those affected 

by: pasteurization temperature control (the L. monocytogenes growth parameters λ, μmax, Nmax), 

supply chain control (production to retail time and temperature; tPR, TPR), and consumer behavior 

change (retail to consumption, i.e., consumer refrigerated storage time and temperature; tRC, TRC).  

Sensitivity of the model predictions for both 72 and 82°C exposure mortality, as well as fold-

change  in mortality, was determined by fixing the parameter of interest over the range of values 

corresponding to the 5th, 25th, 50th, 75th, and 95th percentile of its’ input distribution, varying all 

other parameters in the model. 

Consumer behavior (retail to consumption time and temperature), had the largest impact on the 

predicted mortality due to listeriosis across both pasteurization temperature exposures, followed 

by those parameters affected by the pasteurization temperature (λ, μmax, Nmax; Figure 2.4). 

Figure 2.3.  Predicted listeriosis mortality due to pasteurization of milk at 82°C when the 
dose-response function was calibrated so the exposure assessment from 72°C 
pasteurization causes 18 deaths per annum (top), and fold-change in mortality from the 
72°C to the 82°C pasteurization exposures (bottom).  Histograms present the frequency 
of mortality and fold-change metrics for 4,000 dose-response iterations. 
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Increasing storage time from 2.0 to 9.2 d (5th to 95th percentiles), and storage temperature from 

0.0 to 8.3°C (5th to 95th percentiles), each caused a 4 to 5-log increase in predicted mortality 

regardless of milk pasteurization temperature (Figure 2.5). For both storage time and 

temperature, the increases in mortality from increasing to 82°C pasteurization were greatest 

among those consumers with storage practices at the median (50th percentile) of the distribution. 

The observation that the increase in pasteurization temperature causes less increase in morality at 

the extremes of the storage practices distributions suggest both that (i) consumers that store milk 

for short times at cold temperatures will avoid increased L. monocytogenes exposure by their 

safe food storage practices, and (ii) consumers with poor storage practices are already at an 

elevated risk for listeriosis so the increased pasteurization temperature will not be able to further  

Figure 2.4.  Sensitivity analysis for consumer behavior parameters (Retail-to-
Consumption Time and Temperature; RCTime, RCTemp), intrinsic bacterial growth 
parameters (μmax, λ, Nmax), and supply chain parameters (Production-to-Retail Time and 
Temperature; PRTime, PRTemp) at both 72°C and 82°C pasteurization.  For sensitivity 
analysis a given parameter was fixed at the 5th, 25th, 50th, 75th, and 95th percentile of the 
input distribution and the range of the median estimated deaths are shown.  The dose-
response model was calibrated for each parameter set so the exposures from the 50th 
percentile of the 72°C exposure parameterization predicted 18 listeriosis deaths per 
annum from fluid milk. 
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increase their risk to as large a degree as for those consumers at a lower baseline risk.  While 

consumer storage behavior has a large impact on the magnitude of listeriosis deaths, it is critical 

to note that irrespective of any consumer behavior change, a processing switch to the higher 

pasteurization temperatures would increase listeriosis deaths.    

Figure 2.5.  Detailed sensitivity analysis results for (top) retail-to-consumption storage 
time, and (bottom) retail-to-consumption storage temperature. Median predicted mortality 
for the 72°C and 82°C exposures are plotted on the main axis and the median predicted 
fold change (FC) between the treatments [72°C mortality / 82°C mortality] is plotted on a 
secondary axis with values indicated above the data points.  
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Predicted mortality values are second most sensitive to L. monocytogenes growth parameters (λ, 

μmax, Nmax, Figure 2.4).  Most interest in this assessment is not on the absolute mortality, but the 

impact of a processing change that would increase mortality.  In that regard, mortality predicted 

for the 82°C exposure is greater than predicted for the 72°C exposure over the range of the 5th to 

95th percentiles.  Further, the median fold-change between the mortality at 82°C versus 72°C 

exposures shows greater sensitivity to the growth parameters than the storage time parameters 

(Figure 2.6), both in terms of the absolute fold change and the range of the fold change.  It is 

expected that the fold-change would be more sensitive to the growth parameters because those 

are the inputs that are differentially affect by the processing change, whereas storage times and 

temperatures are not affected by the processing change.   Consumer behavior parameters are of 

intermediate importance to the sensitivity of the fold-change, and again the supply chain factors 

are of minor importance. 

Discussion  

This paper indicates that increasing the pasteurization temperature of fluid milk could increase 

the subsequent outgrowth Listeria monocytogenes in milk contaminated post-pasteurization with 

the pathogen.  These changes to the potential for outgrowth have been calculated to increase the 

risk of death from listeriosis due to consumption of pasteurized fluid milk by ~40-fold.  Such an 

increase would have an appreciable public health impact if all milk in the US were processed 

according to the increased pasteurization temperature, given that fluid milk was estimated to be 

responsible for ~18 listeriosis death per year in the US.  In reality, the observed increase is likely 

less, as pasteurization before changes likely occurred at temperatures above 72°C (e.g. about 75 

to 76°C) and as the increased temperature may have only been implemented in part of the milk 

supply. 
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Data presented in our study show that even modest increases in the heat treatment applied during 

milk pasteurization can significantly affect pathogen outgrowth rates and increase the maximum 

pathogen population supported by fluid milk.  Our findings are consistent with previous data that 

intensively pasteurized milk supported L. monocytogenes outgrowth with a shorter lag phase 

than HTST pasteurized milk (12), and lowering the HTST pasteurization temperature lowered 

subsequent spoilage bacteria outgrowth during refrigerated storage (13).  These studies show that 

increasing severity of heat treatments alters growth kinetics, of L. monocytogenes and spoilage 

bacteria, respectively, for faster overall growth during refrigerated storage.  Future work is 

needed to determine the exact biochemical changes in the milk, e.g., protein denaturation 

Figure 2.6.  Sensitivity of the fold-change in mortality when milk is pasteurized at 82°C 
rather than 72°C.  For sensitivity analysis a given parameter was fixed at the 5th, 25th, 
50th, 75th, and 95th percentile of the input distribution and the range of the median 
estimated fold-change is shown.  The dose-response model was calibrated for each 
parameter set so the exposures from the 50th percentile of the 72°C exposure 
parameterization predicted 17.7 listeriosis deaths per annum from fluid milk. Bacterial 
growth parameters for the risk assessment were derived from the medium selective and 
differential for L. monocytogenes, LMPM. 
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including enzyme inactivation (12), responsible for the increased growth of bacteria in milk 

pasteurized at higher temperatures.   

One enzyme system that has been implicated as a potential cause for the difference in bacterial 

growth after pasteurization at varying temperatures is the lactoperoxidase system (3, 13), where  

lactoperoxidase catalyzed oxidation of thiocyanate by hydrogen peroxide produces antibacterial 

intermediates (14).  Lactoperoxidase is a heat labile enzyme, retaining approximately 90% of its 

activity in milk heated at 72°C for 2 min (5), but the enzyme has been shown to be completely 

inactivated when heated to 80°C for 15 s (6). The system has been shown to be bacteriostatic and 

bactericidal, depending on factors such as pH, temperature and cell density (15, 16), against both 

Gram positive and Gram negative bacteria (16, 17). Additionally, both spoilage organisms and 

pathogens have been shown to be affected by lactoperoxidase activity (16, 17).  Greater 

inactivation of lactoperoxidase at 82°C may be responsible for some of the increased outgrowth 

observed at the higher pasteurization temperature.   

Another question is why the experimental maximum pathogen density results were bimodal, with 

half the trials showing 2 to 8-fold larger increases in maximum density in milk pasteurized at 

82°C rather than 72°C (Figure 2.1).  Large increases in maximum cell density, similar to those 

reported here, have been reported during the development of Listeria Repair Broth (LRB), where 

supplementation of a complex media, normally capable of supporting cell densities on the order 

of 108 CFU/ml, with yeast extract, magnesium sulfate, ferrous sulfate, pyruvic acid and a 

buffering agent, increased the maximum supported cell density to the order of 1011 CFU/ml (18).  

One possible explanation for the bimodal maximum density is that cation, or other trace element, 

bioavailability may have differed between the temporally distinct trial groups, as feed 

composition varies with herd management practices.  Alternatively, milk could have started with 
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a similar composition but changes to nutrient composition or bioavailability may have been 

differentially affected by pasteurization in different trail groups.  Overall, the observation that 

different batches of a complex raw agricultural commodity, such as milk, can show different 

characteristics, as observed here, is not too surprising. This variability should not be construed as 

a weakness of this study, as we clearly show that higher pasteurization temperature increases 

human health risk regardless of the raw material variability observed here, which suggests a 

robust effect that is likely to also occur across the diversity of raw milk harvested in different 

agricultural systems.  

While it may be seen as prudent for the dairy industry to take rapid and immediate action to 

reduce the risk of a potentially catastrophic bioterror event, e.g., (1), it is important to stress that 

the potential adverse consequences must be seriously considered before changes are made to 

long-established public safety policies and processes.  Some may consider the analyses presented 

here, that increasing pasteurizing temperature can relevantly increase the risk of listeriosis per 

annum, alone sufficient to reverse already implemented processing changes that may increase the 

public health risk.   

It may also be the case that evidence of the ill effects of this processing change is hidden in the 

epidemiologic record.  In the U.S., incidence of listeriosis has nearly halved from the 1996-1998 

baseline by 2002 but has not decreased since (19).  In many countries of the EU listeriosis 

incidence has been increasing since 2000, primarily as bacteremic disease among the elderly and 

those with immunocompromising medical conditions (20).  For example, bacteremic listeriosis 

among the elderly has increased about 2-fold in England and Wales from 2000 to 2007 (21).  A 

study of socioeconomic risk factors for listeriosis in the UK found that incidence was positively 

associated with neighborhood depravation and greater purchasing from convenience and local 
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providers (22), both factors which could negatively impact supply chain safety and prudent 

consumer storage behavior.  While the public health data are certainly not conclusive, it may be 

worth further investigation whether changing  the pasteurization of fluid milk may have affected 

the  epidemiology of listeriosis in the U.S. and E.U. 

This paper suggests that responding to the risk of a botulinum-toxin based bioterror attack on the 

US fluid milk supply by increasing the pasteurization temperature of HTST pasteurized milk 

would increase the risk of death from listeriosis caused by consumption of post-processing 

contaminated fluid milk.  As such, this case study shows how a reasonable response to a rare, 

catastrophic risk, can have the unintended consequence of increasing a known, but less severe, 

annual harm.  There is a continued need, particularly in food safety, to move away from 1-risk-

at-a-time assessments that isolate population effects and move towards multi-outcome risk-

benefit analysis (23).  One example is the simultaneous analysis of the benefits from fish 

consumption (to neural development and prevention of cardiovascular heart disease and stroke) 

and the risk associated with methylmercury consumption (on neural development due to prenatal 

exposure) (24).  Similarly, current efforts to reduce sodium levels in foods necessitate a multi-

outcome approach because risk assessments demonstrating that sodium reduction will reduce 

cardiovascular disease, e.g., (25), do not consider the potential, unintended consequences of 

reducing levels of this ancient food preservative on increasing food spoilage or the incidence of 

foodborne disease (26).  We urge caution when changes to long-standing safety practices are 

being considered to respond to emerging threats, because the unforeseen consequences of rash 

action could be severe.  



35 

Acknowledgements 

The authors would like to thank Dr. Abani Pradhan for explaining his published VBA code that 

was the starting point for the risk assessment.   This work was supported by the New York State 

Milk Promotion Advisory Board (through the New York State Department of Agriculture and 

Markets), NYS dairy farmers committed to production of high quality dairy products and by 

USDA-NIFA Special Research Grant 2010-34459-20756 (to Dr. Martin Wiedmann)  



36 

REFERENCES 

1. Wein L. M., Liu Y. 2005. Analyzing a bioterror attack on the food supply: the case of 
botulinum toxin in milk. PNAS. 102:9984-9989. 

 
2. Gandy A. L., Schilling M. W., Coggins P. C., White C. H., Yoon Y., Kamadia V. V. 

2008. The effect of pasteurization temperature on consumer acceptability, sensory 
characteristics, volatile compound composition, and shelf-life of fluid milk. J. Dairy Sci. 
91:1769-1777. 

 
3. Ranieri M. L., Huck J. R., Sonnen M., Barbano D. M., Boor K. J. 2009. High 

temperature, short time pasteurization temperatures inversely affect bacterial numbers 
during refrigerated storage of pasteurized fluid milk. J. Dairy Sci. 92:4823-4832. 

 
4. U.K. Food Standards Agency. 2002.  Strategy for the control of Mycobacterium avium 

subspecies paratuberculosis (MAP) in cows milk, on U.K. Food Standards Agency. 
http://www.food.gov.uk/safereating/microbiology/mapinmilk/. Accessed 1 September, 
2011. 

 
5. Marin E., Sanchez L., Perez M. D., Puyol P., Calvo M. 2003. Effect of heat treatment 

on bovine lactoperoxidase activity in skim milk: kinetic and thermodynamic analysis. J. 
Food. Sci. 68:89--93. 

 
6. Griffiths M. W. 1986. Use of milk enzymes as indices of heat treatment. J. Food Prot. 

49:696--705. 
 
7. Scallan E., Hoekstra R., Angulo F., Tauxe R., Widdowson M.-A., Row S., Jones J., 

Griffin P. 2011. Foodborne illness acquired in the united states-major pathogens. Emerg. 
Infect. Dis. 17:7-15. 

 
8. Center for Food Safety and Applied Nutrition (CFSAN), Food Safety and Inspection 

Service (FSIS). 2003.  Quantitative assessment of relative risk to public health from 
foodborne Listeria monocytogenes among selected categories of ready-to-eat foods, on 
U.S. Food and Drug Admin. (FDA) and U.S. Dept. of Agriculture (USDA),. 
http://www.fda.gov/Food/ScienceResearch/ResearchAreas/RiskAssessmentSafetyAssess
ment/ucm183966.htm. Accessed 1/2/2008. 

 
9. Baranyi J., Roberts T. A. 1994. A dynamic approach to predicting bacterial growth in 

food. Int. J. Food. Microbiol. 23:277-294. 
 
10. Baty F., Delignette-Muller M. L. 2004. Estimating the bacterial lag time: which model, 

which precision? Int. J. Food. Microbiol. 91:261-277. 
 
11. Pradhan A. K., Ivanek R., Grohn Y. T., Geornaras I., Sofos J. N., Wiedmann M. 

2009. Quantitative risk assessment for Listeria monocytogenes in selected categories of 

http://www.food.gov.uk/safereating/microbiology/mapinmilk/
http://www.fda.gov/Food/ScienceResearch/ResearchAreas/RiskAssessmentSafetyAssessment/ucm183966.htm
http://www.fda.gov/Food/ScienceResearch/ResearchAreas/RiskAssessmentSafetyAssessment/ucm183966.htm


37 

deli meats: impact of lactate and diacetate on listeriosis cases and deaths. J. Food Prot. 
72:978-989. 

 
12. Ryser E. T. 1999. Incidence and behavior of Listeria monocytognes in unfermented dairy 

products, p 359-410. In Ryser E, Marth E (ed), Listeria, listeriosis, and food safety, 2 ed. 
Marcel Deker, Inc., New York, NY. 

 
13. Martin N. H., Ranieri M. L., Wiedmann M., Boor K. J. 2011. Reduction of 

pasteurization temperature leads to lower bacterial outgrowth in pasteurized fluid milk 
during refrigerated storage: A case study. J. Dairy Sci. 95:471-475. 

 
14. Seifu E., Buys E. M., Donkin E. F. 2005. Significance of the lactoperoxidase system in 

the dairy industry and its potential applications: a review. Trends Food Sci. Tech. 16:137-
-154. 

 
15. Bjorck L., Rosen C., Marshall V., Reiter B. 1975. Antibacterial activity of the 

lactoperoxidase system in milk against pseudomonads and other gram-negative bacteria. 
Appl. Microbiol. 30:199-204. 

 
16. Reiter B., Marshall V. M., BjorckL, Rosen C. G. 1976. Nonspecific bactericidal 

activity of the lactoperoxidases-thiocyanate-hydrogen peroxide system of milk against 
Escherichia coli and some gram-negative pathogens. Infect. Immun. 13:800-807. 

 
17. Gaya P., Medina M., Nunez M. 1991. Effect of the lactoperoxidase system on Listeria 

monocytogenes behavior in raw milk at refrigeration temperatures. Appl. Environ. 
Microbiol. 57:3355--3360. 

 
18. Busch S. V., Donnelly C. W. 1992. Development of a repair-enrichment broth for 

resuscitation of heat-injured Listeria monocytogenes and Listeria innocua. Appl. Environ. 
Microbiol. 58:14-20. 

 
19. Gilliss D., Cronquist A., Cartter M., Tobin-D’Angelo M., Blythe D., Smith K., 

Lathrop S., Birkhead G., Cieslak P., Dunn J., Holt K. G., Guzewich J. J., Henao O. 
L., Mahon B., Griffin P., Tauxe R. V., Crim S. M. 2011. Vital signs: Incidence and 
trends of infection with pathogens transmitted commonly through food — foodborne 
diseases active surveillance network, 10 U.S. sites, 1996–2010. MMWR. 60:749-755. 

 
20. Goulet V., Hedberg C., Le Monnier A., de Valk H. 2008. Increasing incidence of 

listeriosis in France and other European countries. Emerg. Infect. Dis. 14:734-740. 
 
21. Gillespie I. A., McLauchlin J., Little C. L., Penman C., Mook P., Grant K., O'Brien 

S. J. 2009. Disease presentation in relation to infection foci for non-pregnancy-associated 
human listeriosis in England and Wales, 2001 to 2007. J. Clin. Microbiol. 47:3301-3307. 

 



38 

22. Gillespie I., Mook P., Little C., Grant K., McLauchlin J. 2010. Human listeriosis in 
England, 2001–2007: association with neighbourhood deprivation. Euro. Surveill. 
15:19609. 

 
23. Magnússon S. H., Gunnlaugsdóttir H., van Loveren H., Holm F., Kalogeras N., 

Leino O., Luteijn J. M., Odekerken G., Pohjola M. V., Tijhuis M. J., Tuomisto J. T., 
Ueland Ø., White B. C., Verhagen H. 2012. State of the art in benefit–risk analysis: 
Food microbiology. Food and Chemical Toxicology. 50:33-39. 

 
24. U.S. Food and Drug Administration (FDA). 2009.  Report of quantitative risk and 

benefit assessment of commercial fish consumption, focusing on fetal 
neurodevelopmental effects (measured by verbal development in children) and on 
coronary heart disease and stroke in the general population, on U.S. Food and Drug 
Admin. http://www.fda.gov/Food/FoodSafety/Product-
SpecificInformation/Seafood/FoodbornePathogensContaminants/Methylmercury/ucm088
758.htm. Accessed 10 October, 2011. 

 
25. Bibbins-Domingo K., Chertow G. M., Coxson P. G., Moran A., Lightwood J. M., 

Pletcher M. J., Goldman L. 2010. Projected effect of dietary salt reductions on future 
cardiovascular disease. N. Engl. J. Med. 362:590-599. 

 
26. Taormina P. J. 2010. Implications of salt and sodium reduction on microbial food 

safety. Crit. Rev. Food Sci. Nutr. 50:209-227. 
 
 

http://www.fda.gov/Food/FoodSafety/Product-SpecificInformation/Seafood/FoodbornePathogensContaminants/Methylmercury/ucm088758.htm
http://www.fda.gov/Food/FoodSafety/Product-SpecificInformation/Seafood/FoodbornePathogensContaminants/Methylmercury/ucm088758.htm
http://www.fda.gov/Food/FoodSafety/Product-SpecificInformation/Seafood/FoodbornePathogensContaminants/Methylmercury/ucm088758.htm


39 

CHAPTER 3  

WHOLE GENOME SEQUENCING ALLOWS FOR IMPROVED IDENTIFICATION OF 

PERSISTENT LISTERIA MONOCYTOGENES IN FOOD ASSOCIATED ENVIRONMENTS 

Abstract 

While the foodborne pathogen Listeria monocytogenes has been shown to persist in food 

associated environments, there are no whole genome sequence (WGS) based methods to 

differentiate persistent from sporadic strains.  In this study, whole genome sequencing of 188 L. 

monocytogenes isolates from a longitudinal study of L. monocytogenes persistence in the retail 

deli environment was used to (i) apply single nucleotide polymorphism (SNP) based 

phylogenetics to improve upon Pulsed Field Gel Electrophoresis  (PFGE) for subtyping of L. 

monocytogenes, (ii) explore SNP counts as a quantitative metric to differentiate persistent strains 

from repeatedly reintroduced strains, and (iii) identify genetic determinants of L. monocytogenes 

persistence. In three cases, phylogenetically similar populations with PFGE types that differed by 

less than three bands also differed in the presence of a genomic region encoding a single 

prophage, suggesting PFGE may overdiscriminate isolates.  Whole-genome SNP-based 

phylogenetics found that L. monocytogenes previously classified by PFGE as persistent represent 

SNP patterns (i) unique to a single retail deli, supporting persistence within the deli (ii) unique to 

a single geographic region, supporting clonal spread within a geographic region, or (iii) spanning 

multiple geographic regions, supporting clonal spread across multiple geographic regions.  

Isolates that formed deli-specific clades differed by a median of 10 SNPs or fewer.  In 12 cases, 

putatively persistent isolates had significantly fewer SNPs (median 2-22 SNPs) than between 

isolates of the same subtype from other delis (median up to 77 SNPs), supporting persistence of 

the strain in those delis.   In 13 cases, putatively persistent isolates of the same subtype had no 
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fewer SNPs than between isolates of the same subtype from other delis, suggesting the strain 

may be repeatedly reintroduced from another source.  In 13 cases, nearly indistinguishable 

isolates (0-1 SNP) were found across multiple delis, in one case across multiple geographic 

regions.  No individual genes were enriched among persistent isolates compared to sporadic 

isolates.  Our data show that whole genome sequence analysis improves foodborne pathogen 

subtyping and identification of persistent bacterial pathogens in food associated environments.   

Introduction 

Listeria monocytogenes is an opportunistic foodborne pathogen responsible for approximately 

250 deaths per year in the U.S., making it the second greatest cause of deaths due to known 

bacterial pathogens transmitted through food in the U.S. (1).  Annual costs of listeriosis, 

including morbidity, mortality, and lost wages, are estimated at $2.8 billion, ranking this 

pathogen behind Salmonella and the protozoan parasite Toxoplasma (2).  In a 2003 risk 

assessment, nearly 90% of listeriosis cases in the U.S. were attributed to consumption of 

contaminated ready-to-eat (RTE) deli meats (3). Subsequent risk assessments have suggested 

that most US listeriosis cases linked to RTE deli meats are due to L. monocytogenes 

contamination that occurs during retail handling and slicing  (>60% of cases across two studies 

(4, 5)). Consequently, the retail deli environment is an important point of focus for efforts to 

reduce listeriosis.  

A number of studies suggest that L. monocytogenes can persist in food associated environments 

for months to years (6-8). Persistent strains have been linked to outbreaks of foodborne disease.  

For example, L. monocytogenes that was responsible for an outbreak linked to 29 cases and 4 

deaths persisted in the environment of the source plant for at least 12 years (9). Therefore, 

industry has implemented formal strategies to identify internal point-sources of persistence (a 
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‘niche’) and subsequently eliminate them through, for example, enhanced sanitation procedures 

and improved equipment and process design (10, 11). A specific challenge in food associated 

environments, including both retail and processing plants, is to differentiate true persistence in a 

food associated environment from repeated reintroduction of a given L. monocytogenes strain 

from, for example, an external supplier (12).   

While the term persistence has been used variously in the literature on foodborne pathogen 

control, here we will follow the terminology in reviews (6) and (8) and define ‘persistence’ as 

the continuous presence of clonal population of L. monocytogenes in a complex environment 

over time and ‘persistent strain’ as the clonal population of L. monocytogenes that persists.  In 

doing so, we specify a theoretical definition of persistence by specifying the biological condition 

necessary for persistence, continuous presence over time.  Unfortunately, the true persistence 

status of a strain cannot be directly observed due to non-continuous and imperfect sampling 

methods.  Therefore, researchers and industry professionals must also specify empirical rules to 

actually identify persistent strains for study and control (6).  Empirical rules specify observable 

criteria for calling a strain persistent, generally containing two requirements (i) that isolates of a 

persistent strain are indistinguishable by a particular molecular subtyping method, and (ii) that 

isolates from the persistent strain are observed over a sufficiently large time period (6, 8), e.g. 

over 2 separate samplings.  Using empirical rules for identifying persistent strains, both strains 

that truly persist (by the theoretical definition) as well as strains that are repeatedly reintroduced 

into the food associated environment can produce environmental sampling results that identify a 

strain as persistent (often called a ‘persistent subtype’).  To improve identification of persistent 

strains, we have previously developed machine learning models of expert opinion that classify 

strains as persistent or sporadic, based on environmental sampling data (13); expert opinion 
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presumably accounts for additional information from environmental sampling and subtyping data 

(e.g., the location where a strain with a given subtype is isolated over time, frequency of a given 

subtype among isolates from outside a given environment) to classify an L. monocytogenes strain 

as persistent or not. 

As Whole Genome Sequencing (WGS) technology is rapidly transforming epidemiology (14) 

and food safety (15), we surmised WGS would provide for improved subtyping and empirical 

rules to identify persistent L. monocytogenes. WGS technology has already been applied to 

improve foodborne disease epidemiology and outbreak tracking of Salmonella (16, 17), E. coli 

(18), and L. monocytogenes (19).  This includes tracing an outbreak back to a food processing 

facility source (20).  In this study, we leverage an existing, longitudinal, environmental study of 

Listeria monocytogenes from 30 retail delis, in 3 geographic regions of the U.S., over 2 years 

(21), to improve upon identification of persistent L. monocytogenes from PFGE results.  Our 

goals are to (i) apply WGS-based methods (single nucleotide polymorphism (SNP) based 

phylogenetics) to improve upon PFGE for molecular subtyping of L. monocytogenes from the 

retail deli environment, (ii) explore SNP differences as a quantitative metric to differentiate 

strains that persist from strains that are repeatedly reintroduced, and (iii) identify genetic 

determinants of L. monocytogenes persistence.    

Materials and Methods 

Isolate selection.  A previously reported longitudinal study of L. monocytogenes in the retail deli 

environment (21) provided L. monocytogenes isolates for the study reported here. Briefly, this 

previous study consisted of (i) Phase 1, monthly pre-operational longitudinal sampling of 15 

retail delis for 3 months; (ii) Phase 2, monthly longitudinal sampling of 30 delis (including the 

previous 15) for 6 months, (iii) Phase 3, deep-cleaning interventions, and (iv) Phase 4, a monthly 
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longitudinal sampling of the same 30 delis for 6 months.  All isolates were previously subtyped 

by AscI and ApaI Pulsed Field Gel Electrophoresis (PFGE).  Here PFGE data was used to 

identify putative persistence events; a given L. monocytogenes PFGE type was putatively 

persistent in a given deli if L. monocytogenes with the same PFGE type was isolated on > 1 

sampling during Phase 1 and 2.  This approach identified 31 putative persistence events among 

14/30 delis, with 19 PFGE types represented among persistence events. 

Details for all isolates selected for sequencing are found in Supplemental Table 3.1. Additional 

metadata is available from foodmicrobetracker.com, reference ascension number 468. Both 

persistent and sporadic (i.e. non-persistent) isolates were sequenced.  For each persistence event, 

one random isolate was selected from each sampling day a given PFGE type was isolated from a 

given deli; this yielded 139 “persistent” isolates. For any PFGE type represented among 

persistent isolates, 1 random “sporadic” isolate of the same PFGE type was selected from each 

deli where the PFGE type was found on only 1 day; this yielded 29 sporadic isolates with 11 

unique PFGE types from 19 delis.  In addition, two comparison sets of isolates with the same 

PFGE types as persistent isolates were chosen, (i) 7 isolates from Phase 4 of the same study and 

(ii) 13 “other” isolates putatively persistent in a seafood plant, sausage plant, dairy farm, and 

retail deli study.  

Genome sequencing. Isolates were maintained at -80°C in 15% v/v glycerol-BHI media in 96-

deep-well format (NUNC U96 PP2ml Deepwell Natural, Fisher Scientific, Pittsburgh, PA).  

Prior to DNA extraction, isolates were resuscitated by inoculation into 1.5 mL BHI, incubated 

overnight at 37°C and pelleted.  DNA extraction (with 96 DNeasy Blood and Tissue kit, Qiagen, 

Valencia, CA) proceeded essentially according to the manufacturer’s protocol with a Gram 

positive pre-treatment in 180 μl of 20 mg/ml lysozyme for 30 min at 56°C and longer 
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centrifugation times (e.g., 15 min for lysate binding) at a lower centrifugal force (3,320 rcf).  

DNA was eluted in 50 μl TrisHCL at pH 8.0 and stored at 4°C prior to sequencing.  Initial 

spectrophotometric quality assessment (Take3 carriage on the Synergy H1 microplate reader, 

BioTek Instruments Inc., Winooski, VT) revealed acceptable DNA concentration (median 40 

ng/μl, min 14 ng/μl) and purity ratios (A260/280 median = 1.87, min = 1.75; A260/230 median = 

2.44, min = 2.00).  

DNA samples were quantified with a fluorescent nucleic acid dye (Picogreen; Invitrogen, 

Palsley, UK) and diluted to 200 pg/μl.  Libraries were prepared for sequencing using the Nextera 

XT DNA Sample Preparation Kit and associated Nextera XT Index Kit with 96 indices 

(Illumina, Inc. San Diego, CA) according to the manufacturer’s instructions.  Pooled samples 

were sequenced with 2 lanes of a HiSeq 2500 rapid run with 2x151 bp paired-end sequencing.  

Due to low initial coverage (< 2X) , two isolates (FSL R8-5528 and FSL R8-7653) were re-

sequenced with a MiSeq 2x301 bp run with Nextera Mate Pair Sample Prep Kit.   

Automated genome assembly and kSNP tree pipeline. An in-house pipeline was scripted in 

UNIX Bash shell modules for automated pre-processing, de novo genome assembly, alignment 

free SNP calling, and phylogenetic analysis. Raw read quality was assessed with FastQC 

(v.0.10.1, http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). Illumina adapter 

sequences and low-quality sequence were trimmed using Trimmomatic (v.0.32, (22))  default 

settings.  Trimmed, paired reads were de novo assembled using SPAdes (v3.0.0, (23)) with the 

suggested k-mer set for prokaryotic assembly [21,33,55,77,99,127 bp].  Any contig < 500 bp in 

length or with < 1 X average k-mer coverage was removed.  Filtered contigs were used for 

alignment-free SNP based phylogenetics using kSNP (v. 2.0, (24)) using a SNP calling k-mer 

size of 19 as determined by by Kchooser.  A set of 44 additional L. monocytogenes genomes 
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spanning the diversity of genetic lineage I and II were added to the analysis (Supplemental Table 

3.2).  Local support values for the core SNP maximum likelihood tree were calculated using 

FastTree (v.2.1.7, (25)).  Phylogenetic trees were drawn using the ape package (v.3.1-1, (26)) for 

R v.3.0.1, http://www.r-project.org/). 

Additional phylogenetic analyses.  Isolates classified into genetic lineage I represented the vast 

majority (179/188) of isolates sequenced.  Therefore, isolates from lineage I and II were 

analyzed separately to allow for adapting analytical methods to the large difference in isolate set 

sizes.  The Cortex variation assembler (27) was used to detect SNPs, insertions and deletions 

(indels), and complex variants (e.g. phased SNPs) separately among all lineage I isolates (n=179) 

and lineage II isolates (n=9).  The primary analysis used the reference based, independent 

analysis workflow, which maps variants to the reference genome, therefore including only 

variants with positions present in the reference genome (lineage I reference genome J1776, 

GenBank accession CP006598.1; lineage II reference genome EGDe, GenBank accession 

GCA_000196035.1).  For secondary analysis of accessory genome SNPs, lineage I genomes 

were also analyzed with an independent, non-reference workflow, which calls all variants in the 

core and accessory gnomes.  Nearly all complex variants were phased SNPs.  They were filtered 

out of phylogenetic analysis because they are closely spaced (28) and their positions 

corresponded to regions of recombination detected using Gubbins (29).  Only simple SNPs 

passing the Cortex_var quality filter were retained for phylogenetic analysis.   

The BEAST software package (v.2.1.3, (30)) was used to estimate separate phylogenies for 

lineage I and lineage II isolates.  For lineage I isolates, isolation dates were used to estimate a 

tip-dated phylogeny with estimated dates of divergence times from most recent common ancestor 

(MRCA) after two model selection steps  First, maximum likelihood model selection using the 
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default parameters in MEGA (v.6, (31)) identified the general time-reversible (GTR) model as 

the best fitting (lowest Bayesian Information Criterion) nucleotide substitution model. Then, 

model selection by path sampling and calculation of Bayes factors (32) was used to select 

between either a strict or relaxed log-normal clock and either a coalescent constant or Bayesian 

skyline population model. Model selection used 10 steps of 5-10 million generations, discarding 

50-70% of each step as burn-in, as appropriate to each model.  The best supported model was 

computed in 10 individual runs of 100 million generations.  Tracer was used to determine the 

burn-in for each run (approximately 30%) and verify convergence and appropriate mixing.  Runs 

were combined with LogCombiner.  Phylogenetic trees were drawn with the 95% highest 

posterior density (HPD) interval of clade divergence times plotted for all clades with > 90% 

posterior probability.  For lineage II isolates the number of isolates (n=9) were insufficient for 

estimating a tip-dated phylogeny.  Instead a phylogenetic tree without tip date information was 

estimated using the same procedure, but with only 2 individual runs of 100 million generations 

required for stable parameter estimation.   

Congruence between kSNP identification of core SNPs and Cortex_var identification of high-

quality SNPs was tested using Concaterpillar (v.1.8, (33)) default settings (GRT nucleotide 

substitution model implemented in RAxML).  Only the lineage I retail deli isolates common to 

both trees (171 isolates) were used.  Topological congruence was tested first.  Topologically 

congruent trees were then tested for branch length congruence.    

In silico MLST and sigB allelic typing. Sort Read Sequence Typer (SRST v2, (34)) was used to 

determine 7 gene MultiLocus Sequence Types (MLST, downloaded on 9/3/14 from the Institut 

Pasteur http://www.pasteur.fr/recherche/genopole/PF8/mlst/Lmono.html, scheme ref: (35)) by 

mapping Illumina Sequence reads to the 7 genes in the MLST scheme.  Only the first 400,000 
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quality trimmed reads were mapped, for an average of 30X coverage. Allelic types were scored 

using default parameters.  Mismatches to existing alleles were scored as novel sequence types.  

Discriminatory power of MLST, PFGE, and SNP-based subtyping was compared with 

Simpson’s Index of Diversity (36). 

Comparisons to previous subtyping methods were used to identify, and exclude, three cases 

where an incorrect isolate was likely sequenced. SRST2 was used to assign sigB allelic types to 

each genome sequence. If the sigB allelic type for a genome sequence did not match an isolate’s 

sigB type previously determined by Sanger sequencing (from (21)), than this isolate was 

excluded from analysis (2 isolates were excluded, FSL R8-5744 and FSL R8-5866).  In addition, 

isolate FSL N3-0993 was excluded because the genetic lineage of the sequenced isolate (lineage 

II), did not match the previously determined genetic lineage for the subtype determined from 

PCR serogrouping (the isolate was previously assigned to serotypes 1/2b, 3b, or 7 based on (37), 

consistent with the isolate being from genetic lineage I (38)).    

Whole genome alignment.  Contigs from selected isolates were aligned using 

progressiveMauve (MAUVE v.2.3.1, (39)) to identify genomic regions unique to particular 

PFGE types, e.g. present in selected isolates with PFGE type CU-8-96 but absent in selected 

isolates with PFGE type CU-11-320.  The –pan_genome_matrix option of cortex_var was then 

used to screen all sequenced isolates for presence (> 70% coverage by 33 bp k-mers) of 

identified genomic regions.  BLASTn analysis of the three identified genomic regions found 

matches to prophage related genes.  Therefore, these regions were submitted to PHAST 

(http://phast.wishartlab.com/, (40)) for prophage annotation. 

Gene presence/absence analyses. To identify genes that may contribute to a persistence or 

PFGE phenotype, the Integrated Toolkit for Exploration of microbial Pangenomes (ITEP, (41)) 
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was used to generate a database of orthologous genes present in a representative subset of 

lineage I isolates. To make computation feasible, the isolate set was reduced to 121 isolates by: 

(a) retaining only Phase 1 and 2 isolates, and (b) retaining at most 3 isolates for each persistence 

event, isolates from the first, last, and one random isolate from the middle time points of 

isolation.  The final set included 92 putatively persistent isolates and 29 sporadic isolates 

(Supplemental Table 3.1).  A Fisher’s Exact test with false discovery rate correction was used to 

identify genes significantly enriched among groups of isolates of persistent or sporadic strains or 

among isolates of closely related PFGE types. 

Quantitative persistence analysis. To quantitatively discriminate persistent strains from 

repeatedly re-introduced strains, we computed (i) the SNP count difference between all persistent 

isolates with a given subtype in a given deli and (ii) the SNP count difference between the 

isolates used in (i) and all isolates with the same subtype obtained in other delis.  These measures 

are designated as (i) “within persistence event SNP count” and (ii) “comparison SNP count”. A 

“within persistence event SNP count” that is lower than the corresponding “comparison SNP 

count” indicates that the persistent isolates are more closely related to each other than the 

comparison group, further supporting that they represent a unique population, which would be 

consistent with within deli persistence.  Aggregated SNP counts were displayed as boxplots 

using the ggplot2 (42) package of R (43).  These calculations were performed for (i) the SNPs 

called using the reference based workflow in Cortex_var (core genome SNPs, presented in the 

main body of the text) and (ii) the SNPs called using the independent workflow (which also 

contains accessory genome SNPs, presented in supplemental materials).  A novel, permutation-

based, statistic was used to determine whether median “within persistence event SNP counts” 

were significantly fewer than median “comparison SNP counts” using 1,000 permutations of deli 
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labels.  P-values were adjusted to control the false discovery rate (FDR) and adjusted p-values < 

0.05 were considered significant.    

Prior to aggregation 3 sets of PFGE patterns that differed by less than 3 bands were grouped 

together.  For each of these sets, whole genome alignment identified a putative prophage that 

was perfectly associated with the difference between a pair of PFGE patterns (present in all 

isolates with one of the PFGE patterns in the pair, absent in all isolates with the other PFGE 

pattern in the pair).  The groups are: SNPgroup-1, grouping isolates with PFGE pattern CU-11-

320, CU-8-96, and CU-40-96; SNPgroup-2, grouping CU-258-322, CU-258-323 and CU-259-

322; and SNPgroup-3, grouping CU-262-391 and CU-262-79.  Each of the SNP groups were 

treated as unique PFGE pattern types for the within and between group analyses.  

Nucleotide accession numbers.  Raw sequence data and de novo assembled contigs have been 

deposited to the appropriate GenBank database (Sequence Read Archive, SRA, and Whole 

Genome Shotgun, WGS) under BioProject ascension number PRJNA245909.  Individual 

genome sequencing metrics and GenBank ascension numbers are listed in Supplemental Table 

3.3. 

Results  

Whole genome sequencing improves molecular subtyping.  A total of 188 L. monocytogenes 

isolates, including 175 isolates from a longitudinal study of L. monocytogenes persistence in 

retail delis and 13 comparison isolates from other food associated environments, were 

characterized by whole genome sequencing (WGS) using a 96 well plate high throughput format. 

Median genome coverage for these isolates was 94-fold (ranging from 8.0 to 460-fold); median 

quality trimmed sequence files size was 203 megabytes (ranging from 16.8 to 743 megabytes, 

Supplemental Table 3.3.).  De novo assembly yielded a median of 26 contigs (ranging from 12 to 
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256 contigs) for a given isolate, with median assembled genome size of 3.06 Mb (ranging from 

2.88 to 3.14 Mb, Supplemental Table 3.3.). 

In an initial analysis, sequences for 7 genes representing the standard L. monocytogenes 

MultiLocus Sequence Typing (MLST) genes (35) were extracted from the 188 genome 

sequences; MLST sequence type (ST) assignments derived from these data differentiated the 

isolates into 10 STs, yielding a Simpson’s index of discrimination (SID) of 0.74. Previously 

generated PFGE data differentiated these isolates into 19 PFGE types (SID= 0.91). PFGE and 

MLST types showed a many-to-many relationship (Table 3.1); isolates of seven MLST types 

were differentiated into a single PFGE type for each MLST type, but isolates of 3 MLST types 

were differentiated into either 4 or 6 PFGE types (Table 3.1). In two cases, a single PFGE type 

was differentiated into a predominant ST as well as a second ST represented by a single isolate; 

this second ST differs from the majority ST in only 1 gene (a single locus variant, Table 3.1).   

WGS for all 188 isolates were also used to for a SNP-based phylogenetic analysis to classify 

isolates into WGS-based “epidemiologically relevant clades”. While different approaches have 

used WGS data to assign relevant subtypes to bacterial isolates, we used a unique phylogenetics-

based approach that incorporated isolate source information and PFGE data. Briefly, WGS-

derived SNP data (16,097 core SNPs) were used to first generate a maximum likelihood 

phylogeny of all 188 isolates plus a set of 44 reference isolates (Supplemental Figure 3.1). This 

analysis showed a major phylogenetic division of the isolates into two groups that represent 

previously reported L. monocytogenes lineages I and II (44); 179 and 9 of the 188 isolates 

classified into lineages I and II.  Based on these data, a separate Bayesian phylogenetic analysis 

was conducted for the 179 lineage I isolates using 9,376 SNPs differentiating lineage I isolates 

(Figure 3.1), using the best fitting Bayesian Skyline population model with relaxed lognormal  
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Table 3.1 Comparison of isolate PFGE type to in silico MLST. 
Isolate 

PFGE Type 
Number of isolates with in silico MLST sequence type 

2 257 296 323 5 6 635 87 9 NOVEL a 
CU-11-282 0 0 0 0 4 0 0 0 0 0 
CU-11-320 0 0 0 0 36 0 0 0 0 0 
CU-11-326 0 0 0 0 3 0 0 0 0 0 
CU-182-173 0 0 0 0 0 0 7 0 0 0 
CU-258-322 0 0 0 0 0 7 0 0 0 0 
CU-258-323 0 0 0 0 0 8 0 0 0 0 
CU-258-69 0 0 0 0 0 18 0 0 0 0 
CU-259-322 0 0 0 0 0 5 0 0 0 0 
CU-262-318 3 1a 0 0 0 0 0 0 0 0 
CU-262-319 6 0 0 0 0 0 0 0 0 0 
CU-262-334 2 0 0 0 0 0 0 0 0 0 
CU-262-79 21 0 0 0 0 0 0 0 0 0 
CU-294-321 0 0 0 11 0 0 0 0 0 0 
CU-296-330 0 0 0 0 0 0 0 0 2 0 
CU-40-96 0 0 0 0 12 0 0 0 0 0 
CU-55-266 0 0 4 0 0 0 0 0 0 0 
CU-57-267 0 0 0 0 0 0 0 12 0 0 
CU-8-340 0 0 0 0 5 0 0 0 0 0 
CU-8-96 0 0 0 0 19 0 0 0 0 1b 
a sequence type 257 differs from sequence type 2 only in the ldh allelic type. 
b novel sequence type differs from sequence type 5 only in the dat allelic type. 

clock (Supplemental Table 3.5); this analysis allowed for estimation of divergence dates of the 

most recent common ancestor of individual clades. The tree using 9,376 SNPs differentiating 

lineage I isolates was topologically congruent (p-value for incongruence > 0.05) with the 

equivalent tree (Supplemental Figure 3.1) produced from the 16,097 core genome SNPs 

differentiating both linage I and lineage II isolates. Branch lengths did differ significantly (p < 

0.001) between the two trees.   

The Bayesian analysis revealed 23 epidemiologically relevant clades among lineage I isolates 

(Figure 3.1); these clades included 171 persistent or sporadic isolates and 8 comparison isolates.  

A separate Bayesian phylogeny of lineage II isolates, no MRCA estimates due to insufficient 

sample sizes revealed 3 epidemiologically relevant clades representing 4 persistent isolates from 
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Figure 3.1 Maximum clade credibility tree from 9,376 core genome SNPs differentiating 
179 lineage I isolates. Nodes bar indicate the 95% highest posterior density interval for 
the divergence time for all nodes with > 90% posterior probability, scale is in years.  Tree 
tips are shaded by previously assigned PFGE type.  Tip symbols are shaded by region and 
shaped by deli of isolation.  The inset panel shows the higher-resolution details available 
in this large phylogenetic tree. Clade labels correspond to Table 3.4. 
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the retail study and 5 comparison isolates (Figure 3.2).  Overall, these analyses revealed 26 

epidemiologically relevant clades among lineage I and II isolates.  A clade was considered 

epidemiologically relevant if it (i) is well-supported (>90% posterior probability, in these data all 

clades had 100% support), and (ii) contains isolates predominantly from either a given deli or a 

given region; four clades (A, F, Q, and V) contained isolates from multiple regions, but were 

classified as specific clades as they represented a single PFGE type (described in more detail 

below). Three of the epidemiologically relevant clades discriminated isolates with identical 

MLST and PFGE subtypes from other studies from isolates from the retail deli project isolates.  

These clades comprise lineage I isolates from a sausage plant (clade L, Figure 3.1) and a separate 

retail deli study (clade W, Figure 3.1), and lineage II isolates from a smoked seafood plant (clade 

Z, Figure 3.2).  In addition to the 26 clades, WGS-based SNP data identified 6 isolates that each 

represented a distinct WGS-SNP group, for a total of 32 unique SNP-based phylogenetic groups. 

From these 32 groups, the SID for WGS-SNP based subtyping was 0.95, compared to 0.91 and 

0.75 for PFGE and MLST.  

Comparative genomic analyses identify prophage regions correlated with PFGE pattern 

differences of less than 3 bands. WGS-SNP-based phylogenetics (Figure 3.1) revealed 

clustering consistent with PFGE data.  Isolates with a given PFGE type either (i) grouped into a 

monophyletic clade, or (ii) clustered with isolates representing one or two other PFGE types.  A 

number of WGS-SNP clades (e.g. clades A, B, and C) include isolates with a single PFGE type 

(CU-294-321, CU-57-267, and CU-55-266, respectively).  We also identified three well 

supported phylogenetic groups that included multiple PFGE types, including (i) clade D (PFGE 

types CU-259-322, CU-258-322, and CU-258-323), (ii) clade I (PFGE types CU-262-79 and 
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CU-262-319), and (iii) clades P to W (PFGE types CU-11-320, CU-8-96, and CU-40-96, see 

Figure 3.1).  Within each of these three monophyletic groups, isolates had PFGE patterns that 

differed by 3 or fewer bands in each of the two restriction enzyme patterns (Figure 3.3).  

Whole genome alignments and subsequent read mapping (Table 3.2), as well as gene 

presence/absence analysis (Supplemental Table 3.4), identified prophage regions of 20 to 50 kb 

in length that differentiate PFGE types that WGS data grouped as monophyletic (Table 3.2). For 

example, present in all 6 isolates with PFGE pattern CU-262-319 but absent in all isolates with 

PFGE pattern CU-262-79 is a 47.5 kb region encoding an intact prophage with 72 of 79 coding 

sequences most homologous to Listeria phage B054 (sequence reported in (45)).  Similarly, in 

the 45.7 kb prophage correlated to the difference between patterns CU-258-322 and CU-258-323 

a majority  of coding sequences (42 of 76) were most homologous to Listeria phage LP_030 

(sequence reported in (46)).  These comparative genomic analyses suggest the gain or loss of a 

prophage may be responsible for differences in PFGE banding patterns observed among isolates 

closely related by WGS-SNP analysis.  

We could not identify a genetic element that could explain the two band differences between 

PFGE patterns CU-259-322 and CU-258-322 or between CU-40-96 and CU-8-96.  Screening for 

the presence or absence of 8 previously described L. monocytogenes plasmids also failed to find 

Figure 3.2. Maximum clade credibility tree from 2,993 core genome SNPs differentiating 
9 lineage II isolates. Nodes with > 90% posterior probability are dotted.  Tree tips are 
shaded by previously assigned PFGE type.  Tip symbols are shaded by region and shaped 
by deli of isolation.  Clade labels correspond to Table 3.4. 
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any correlations related to changes in these PFGE patterns (Supplemental Table 3.6).  For 

subsequent analyses we grouped isolates that represented, by WGS-SNPs, closely related PFGE 

patterns, including those that differed by an identified putative prophage region, into (i) 

SNPgroup-1 (PFGE patterns CU-11-320, CU-8-96, and CU-40-96), (ii) SNPgroup-2 (CU-258-

322, CU-258-323, and CU-259-322), and (iii) SNPgroup-3 (CU-262-319 and CU-262-79).   

WGS-based phylogenies suggest distinct transmission and distribution patterns of L. 

monocytogenes clades with recent common ancestors of <10 to 15 years. Initial phylogenetic 

analysis of all 188 L. monocytogenes isolates, identified 26 clades as detailed above; three of 

these clades were exclusively composed of isolates from sources other than the delis that 

represent the majority of isolates in this study (Table 3.3) and are not further discussed here. All 

23 of the remaining clades represented isolates of either (i) a single PFGE type (12 clades; e.g. 

clades A, B, and C, Figure 3.1) or (ii) a PFGE type SNP group (11 clades; e.g. clades D, I, S, 

Figure 3.1).  Initial qualitative analysis of the WGS-SNP phylogenies indicated that these clades 

could be classified into three “clade categories” based on geographic origin of the isolates 

grouped into a given clade (Table 3.4), including (i) deli specific clades (all isolates in a given  

Figure 3.3. Representative PFGE patterns for 3 sets of PFGE types that (i) grouped by 
WGS-SNP based phylogenetics into well-supported clades, and (ii) differed by 3 or fewer 
bands for each restriction enzyme; these sets were subsequently grouped into SNPgroup 
subtypes.  In each of the 3 sets, a single prophage region was identified (Table 3.2) that 
explains the difference between the top two PFGE patterns in the set, with the band 
differences indicated by arrows.  Genomic regions could not be identified that could 
explain the differences in the third PFGE patterns (CU-40-96 and CU-259-322).   
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Table 3.2.  Presence of prophage regions perfectly associated with isolate PFGE type differences. 

Isolates with 
PFGE pattern  
(AscI-ApaI) 

Number of isolates with 
a 21.2 kb prophage with unknown 

homology a 
 

a 45.7 kb prophage with homology to 
LP_030 b 

 

a 47.5 kb prophage with homology to 
B054 c 

Absent d Present 

Percent of 
region 

present:  
median 

(min, max) 
 

Absent Present 

Percent of region 
present:  
median 

(min, max) 
 

Absent Present 

Percent of region 
present:  
median 

(min, max) 
CU-8-340 0 5 96% 

(96%, 96%) 
 5 0 < 35%  5 0 < 35% 

CU-40-96 e 0 12 97% 
(91%, 98%) 

 12 0 < 35%  12 0 < 35% 

CU-8-96 e 0 20 97% 
(94%, 100%) 

 20 0 < 35%  20 0 < 35% 

CU-11-320  36 0 < 35% d  36 0 < 35%  36 0 < 35% 
CU-259-322 5 0 < 35%  0 5 100% 

(100%, 100%) 
 5 0 < 35% 

CU-258-322 7 0 < 35%  0 7 100% 
(99%, 100%) 

 7 0 < 35% 

CU-258-323 8 0 < 35%  8 0 < 35%  8 0 < 35% 
CU-258-69 18 0 < 35%  18 0 < 35%  0 18 85% 

(83%, 97%) 
CU-262-318 4 0 < 35%  4 0 < 35%  0 4 75% 

(72%, 83%) 
CU-262-334 2 0 < 35%  2 0 < 35%  0 2 97% 

(97%, 97%) 
CU-262-319 6 0 < 35%  6 0 < 35%  0 6 100% 

(100%, 100%) 
CU-262-79 21 0 < 35%  21 0 < 35%  21 0 < 35% 
CU-11-282 5 0 < 35%  5 0 < 35%  5 0 < 35% 
CU-11-326 3 0 < 35%  3 0 < 35%  3 0 < 35% 
CU-294-321 11 0 < 35%  11 0 < 35%  11 0 < 35% 
CU-55-266 4 0 < 35%  4 0 < 35%  4 0 < 35% 
CU-57-267 12 0 < 35%  12 0 < 35%  12 0 < 35% 
a Prophage identified in 23 kb contig number 38 from FSL R8-5523 genome.  PHAST (www.phast.wishartlab.com/) 
annotated an intact, 21.2 kb, prophage with 26 coding sequences.  No single reference phage showed homology to 
the majority of the coding sequences.   
b Prophage identified in 101 kb contig number 9 from FSL R8-7842 genome.  PHAST annotated an intact, 45.7 kb, 
prophage with 76 coding sequences.  Of those CDS, 43 were most homologous to Listeria phage LP_030.   
c Prophage identified in 169 kb contig number 8 from FSL R8-5884 genome.  PHAST annotated an intact, 47.5 kb, 
prophage with 79 coding sequences.  Of those CDS, 72 were most homologous to Listeria phage B054.   
d Absent/Present determined by the percent of 33 bp k-mers in prophage present in each isolate’s genome.  Prophage 
was considered present if > 70% of the sequence was present.  All calls of absent had < 35% of the prophage 
sequence.    
e Italicized rows indicate PFGE types grouped into SNP groups.  Bolded row indicate pairs of PFGE types which 
differ by 3 bands or fewer (Figure 3.3) and a prophage.   

clade came from a single deli), (ii) region specific clades (all isolates in a given clade came from 

one of the three distinct regions where the delis were located), and (iii) multi-region clades 

(containing isolates from multiple regions, see Table 3.4 and the immediately following 

paragraphs for details).   
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Table 3.3. Epidemiologically relevant phylogenetic clades of isolates from studies other than the 
retail deli study reported in (21).   

Clade 
ID 

Subtype represented within 
clade 

95% HPD for date of 
divergence from MRCA 

(years) 
Isolate source 

(reference) 

Median pairwise SNP differences among 
isolates of the clade (n isolates within the 

clade) 
L SNPgroup 3  

(CU-262-79) a 
7.3-10.5 Sausage Plant (47) 2 (n=3) 

W SNPgroup 1 
 (CU-11-320, CU-8-96) 

5.7-9.2 Other Retail Deli Study 
(48) 

5 (n=3) 

Z CU-182-173 Not est. c Smoked Seafood Plant 
(49-51) 

24 (n=5) 

a 3 sets of PFGE pattern types were grouped into single SNPgroups because (i) their PFGE types for each enzyme 
differed by 3 or fewer bands (Figure 3.3), and (ii) comparative genomic analysis identified single prophage perfectly 
correlated with some of the pattern differences (Table 3.2); see text for details. 

b Not est., MRCA was not estimated for genetic lineage II isolates due to insufficient isolates to allow for adequate 
estimation by tip-dating. 

The “deli specific” clade category indicates isolates found in this clade are found only in a given 

deli and not in other delis, providing initial support for persistence in a given deli. Importantly, 

WGS-SNP based identification of deli specific clades involved, in a number of cases, further 

discrimination of a given PFGE type. For example, isolates with PFGE type CU-262-79 were 

putatively persistent in four delis (2, 23, 28 and 29) as well as one non-deli source (a sausage 

plant), but were differentiated into 2 deli specific clades (H and K), 1 clade from the non-deli 

source (clade L) and 1 region specific clade (I, Figure 3.1 inset panel).  Similarly, isolates of 

PFGE types 11-320 and 8-96, grouped by WGS into SNPgroup-1, were also found in two delis 

(10 and 2, clades T and U, Table 3.4) as well another deli study (clade W, Table 3.3), but were 

differentiated into three distinct clades by WGS.  

The “region specific” clade category indicates that isolates in this clade are found across multiple 

delis in the same region, but not in other regions. Often, isolates within a given clade represented 

a strain that was putatively persistent in one or multiple delis, and also isolated sporadically from 

other delis in a given region. For example, the PFGE type CU-57-267 (clade B, Table 3.4) was 

putatively persistent (isolated 2 or 3 times) in four distinct delis (4, 10, 16, and 23) and isolated 

sporadically in delis 7 and 28, but never isolated from delis in geographic regions other than the  
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Table 3.4.  Epidemiologically relevant phylogenetic clades from the retail deli study. 

Phylo-
geographic 
clade 
classification 

Clade 
ID  

Subtype 
represented 
within clade 

95% HPD 
for date of 
clade 
divergence 
from 
MRCA 
(years) 

Deli of isolates 
putatively 

 Median SNP count difference among isolates of the 
same subtype 

Persistent Sporadic 

 
within a putative 
persistence 
event 
(n isolates 
within deli)   

comparing 
isolates from a 
given deli and all 
other delis 
(n isolates in 
other delis) 

FDR corrected 
p-value for 
significantly 
fewer median 
SNP 
differences 

Deli Specific 
a 

M CU-11-282 1.3-4.3 13 na b  3 (n=4) na na 

 J CU-262-334 0.8-2.6 23 na  2 (n=2) na na 
 C  CU-55-266 1.2-4.3 2 na   3 (n=4) na  na  
 O CU-8-340 1.8-7.0 8 na  10.5 (n=5) na na 
 E CU-258-69 1.2-8.4 23 na  13 (n=2) 77 (n=16) 0.025 
 G CU-262-318 1.0-3.5 21 na  2 (n=3) 102 (n=1) 0.357 
 U SNPgroup 1 

(CU-11-320, 
CU-8-96) c 

2.2-7.0 2 na  9 (n=11) 24 (n=53) 0.023 

 K SNPgroup 3 
(CU-262-79)  

1.4-3.7 2 na  2 (n=10) 10 (n=18) < 0.001 

 H SNPgroup 3 
(CU-262-79) 

0.9-3.8 29 na  4 (n=2) 25 (n=22) 0.008 

 X CU-296-330 Not est. d 23 na  4 (n=2) na na 
 Y CU-182-173 Not est.  19 na  1 (n=2) na na 
Region 
Specific 

N CU-11-326 1.3-3.1 8 11  2 (n=2) 1 (n=1) 1.000 

 B CU-57-267 1.6-5.6 10 
16 
23 

4 

7,28  3 (n=3) 
0 (n=2) 
3 (n=2) 
5 (n=3) 

5 (n=9) 
3.5 (n=10) 
4 (n=10) 
5 (n=9) 

0.159 
0.071 
0.433 
0.784 

 P SNPgroup 1 
(CU-11-320) 

1.5-7.7 13 29  12 (n=2) 41 (n=62) 0.082 

 R SNPgroup 1 
(CU-8-96) 

2.6-10.8 16 7  22 (n=6) 51 (n=58) < 0.001 

 S SNPgroup 1 
(CU-11-320, 
CU-8-96) 

1.5-5.1 24 16  4 (n=10) 18 (n=54) 0.007 

 D  SNPgroup 2 
(CU-258-323, 
CU-258-322, 
CU-259-322) 

1.9-6.6 23 10,21  7 (n=18) 9 (n=2) 0.159 

 I SNPgroup 3 
(CU-262-79, 
CU-262-319) 

1.6-4.4 23 
28 

21,24  10 (n=2) 
4 (n=12) 

8.5 (n=22) 
9 (n=12) 

0.784 
< 0.001 

 Multi-Region F CU-258-69 2.2-7.8 24 
7 

4,10,22, 
27,28 

 10 (n=2) 
5 (n=9) 

8 (n=16) 
8 (n=9) 

0.808 
0.025 

 A CU-294-321 1.4-4.3 10 
16 
21 

2,4,7,12  2 (n=3) 
2 (n=2) 
3 (n=2) 

2 (n=8) 
2 (n=9) 
3 (n=9) 

0.808 
0.808 
0.959 

 T SNPgroup 1 
(CU-11-320, 
CU-8-96) 

2.0-6.8 10 25  6 (n=10) 20 (n=54) 0.004 

 V SNPgroup1 
(CU-40-96) 

1.8-7.0 18 
29 

2,3,8,11,
26 

 6 (n=3) 
3 (n=3) 

46 (n=61) 
43 (n=59) 

0.008 
< 0.001 

 Q SNPgroup 1 
(CU-11-320) 

1.4-5.7 21 12,17  4 (n=6) 
 

22 (n=58) 0.004 

a Deli specific clade, all isolates have the same subtype were isolated from a single deli.  Region specific clade, all 
isolates have the same subtype and were isolates from one of the three distinct regions where the delis were located.  
Multi-Region Clade, all isolates have the same subtype from multiple delis across multiple regions.   
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one common to these six delis.  These findings suggest that certain L. monocytogenes strains (as 

defined by WGS-SNPs) may be present in a given region, or supply chain, and be dispersed into 

multiple delis, with subsequent establishment of persistence in some.  

Clades that fall into the clade category “multi-region” indicate that isolates found in this clade 

were found across multiple geographic regions.  Isolates within a given clade represented a strain 

that was putatively persistent in one or multiple delis in a single region, and also isolated 

sporadically from one or more delis in a different region.  For example, the PFGE type CU-294-

321 (clade A, Table 3.4 and Figure 3.1) was putatively persistent in three delis (10, 16, and 21) 

from region 2 as well as sporadically isolated from 3 delis in the same region, but also isolated 

from deli 12 which was located in a different region (region 1).   

The Bayesian phylogenetic analysis of lineage I isolates estimated dates of divergence from most 

recent common ancestor (MRCA) populations from the specific sampling date for each isolate.  

All 23 epidemiologically relevant clades diverged from a MRCA less than 11 years ago (Table 

3.3 and Table 3.4). For deli specific clades, MRCA estimates support that isolates from a given 

deli likely emerged recently from a common ancestor, consistent with the hypothesis that isolates 

persist in the deli. Even the divergence times of clades with regional or national dispersion are 

relatively recent. For example, the MRCA of CU-294-321 isolates, spanning 2 separate regions, 

was estimated to be 1.4 to 4.3 years in the past (clade A, Table 3.4). These recent divergence 

times for multi-region clades suggest a possible point source that allows for broad distribution of 

a L. monocytogenes strain across different delis (e.g., a national supplier).  

_________________  
b na, not applicable. A deli specific clade cannot contain any isolates from other delis. 
c 3 sets of PFGE pattern types were grouped into single SNPgroups because (i) their PFGE types for each enzyme 
differed by 3 or fewer bands (Figure 4), and (ii) comparative genomic analysis identified single prophage perfectly 
correlated with some of the pattern difference (Table 2); see text for details. 
d Not est., MRCA was not estimated for genetic lineage II isolates due to insufficient isolates to allow for adequate 
estimation by tip-dating.   
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SNP counts show that some putatively persistent strains of L. monocytogenes are more 

closely related to each other than other isolates of the same subtype, suggesting they 

represent persistent strains. While the analysis described above provided some initial evidence 

for persistence of L. monocytogenes in specific delis, we reasoned that quantitative evidence, 

based on WGS SNP data, could be used to further probe for evidence of persistence. Briefly, one 

may assume pathogen persistence within a particular facility is caused by a single introduction of 

a common ancestor of the persistent isolates with subsequent replication in a facility. Under that 

assumption, SNP counts within a population of persistent isolates (‘within persistent event SNP 

count’) should be significantly lower than SNP counts between any persistent isolate and any 

other isolate with the same subtype from a different deli (‘comparison SNP count’).  The 

implication for environmental sampling analysis is that the strain is likely (i) persistent within a 

particular deli when median within persistence event SNP count are significantly fewer than 

comparison SNP counts, and (ii) repeatedly re-introduced from some common source when no 

fewer SNP of differences are observed.  These SNP counts are summarized in Figure 3.4 using a 

permutation-based statistic to determine if median within persistent event SNP counts were 

significantly fewer than comparison SNP counts (p-values in Table 3.4).  Overall, 12 of the 25 

testable putative persistence showed significantly fewer median within persistence event SNP 

counts (range from 2-22 SNPs) than median comparison SNP counts (range from 8-77 SNPs), 

supporting these isolates represent a persistent strain.  

Among the 11 deli specific clades, there were 6 putative persistence events where the putatively 

persistent strain had a subtype that did not appear among isolates from any other deli (Figure 3.4, 

panel A) and 5 where the subtype did appear in other delis (Figure 3.4, panel B), hence the 

comparison group was available.  Across all deli specific clades, the median within persistence  
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Figure 3.4. SNP count boxplots to identify persistent strains of L. monocytogenes using 
9,376 core genome SNPs among lineage I isolates.  Panel A, within persistence event 
SNP counts for isolates that form a deli specific clade where no comparison isolates of 
the same subtype are available.  Panel B, within persistence event and comparison SNP 
counts for isolates that form a deli specific clade and comparison isolates are available.  
Panel C, SNP counts for putative persistence events for isolates that form a region 
specific clade.  Panel D, SNP counts for putative persistence events for isolates that form 
a multi-region clade.  To accommodate a log-scale y-axis, counts of zero SNP differences 
are plotted just below the 1 SNP difference y-axis minimum.  * indicates significantly 
fewer median SNP count differences within persistence event than for the comparison 
group (FDR adjusted p-value < 0.05, Table 3.4).   
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event SNP counts ranged from 1 to 13 SNPs (Figure 3.4 and Table 3.4), and there were 

numerous instances where pairs of isolates from a single deli showed only one, or even zero, 

SNP differences (Figure 3.4, e.g. SNPgroup-1 Deli 2).  Among the 5 deli specific clades with a 

comparison group, hence the SNP difference test could be applied, 4 showed significantly fewer 

within persistence event SNP counts (e.g. clade K, median 2 and 10 SNPs, within and 

comparison, respectively).  Putatively persistent isolates from clade G, subtype CU-262-318, had 

a large, but insignificant, median SNP count difference (2 and 102 SNPs, within and comparison, 

respectively); with only four total isolates of the subtype, power was insufficient to show a 

significant effect.   

Among the 7 region specific clades, there were 11 putative persistence events, 3 for which within 

persistence event SNP counts were significantly fewer than comparison SNP counts (Table 3.4 

and Figure 3.4, panel C).  Within clade I, the twelve SNPgroup-3 isolates from deli 28 likely 

represented a persistent strain (significant SNP count difference), whereas the two isolates from 

deli 23 showed no evidence for persistence (non-significant difference).  For the other 8 of the 11 

putative persistence events, there is no evidence of persistence within a particular deli.  Among 

the 5 multi-region clades, there were 9 putative persistence events, 5 for which there was 

statistical evidence the isolates represented a persistent strain and 4 for which there was no 

evidence of persistence (Table 3.4 and Figure 3.4, panel D).   

L. monocytogenes nearly indistinguishable by SNP count can be isolated from multiple delis 

across geographic regions.  In addition to analyzing the SNP counts between isolates of L. 

monocytogenes that appear to persist in particular delis, SNP counts can characterize isolates of 

L. monocytogenes that do not appear to persist in particular delis.  For example, for isolates 

found within multi-region clade A, PFGE type CU-294-321, the median of 2-3 SNP count 
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differences for putatively persistent isolates is identical to the median of 2-3 SNP count 

differences between comparison isolates from other delis, including one isolate from a separate 

geographic region (Table 3.4).  For all 3 delis where the strain was putatively persistent (isolated 

more than once), there was at least 1 isolate of the same PFGE type from another deli that 

differed by 1 or even 0 SNPs (Figure 3.4).  Strikingly, the single isolate from a different 

geographic region (FSL R8-7006, from region 1) was found to have 0-1 SNP differences from 

six isolates from 5 delis in region 2 (0 SNP differences from FSL R8-6046, deli 10; 1 SNP 

difference from FSLs R8-5402, 7348, 7057, 6918, and 6607, delis 10, 2, 7, 16, and 21, 

respectively).  Even among delis with statistical evidence for persistence, there are isolates from 

other delis with only 0-1 SNP difference from isolates of the persistent strain (e.g. SNPgroup-1 

delis 18 and 29 have comparison group isolates with 0-1 SNPs different, Figure 3.4).   

Importantly, including accessory genome SNPs in the SNP counts (Supplemental Figure 3.2, 

using a total of 14,846 SNPs, see Supplemental Figure 3.3 for phylogenetic tree) does not change 

the conclusion that nearly indistinguishable L. monocytogenes can be isolated from multiple 

delis, although the absolute numbers of SNP differences shift towards slightly more SNP 

differences.   For example, while the single clade A isolate from geographic region 1 showed 0-1 

SNP differences to 6 isolates from delis in region 2, the isolate showed 1-3 SNP differences with 

those 6 isolates across the core and accessory genome (3, 3, 3, 1, 2, and 1 SNP difference from 

FSL R8-6046, 5402, 7348, 7057, 6918, and 6607, respectively).  These data show that L. 

monocytogenes with nearly, or even identical, SNP profiles can be isolated from multiple delis 

across geographic regions.  

Gene presence absence analysis fails to find correlates to a persistence phenotype.  Initial 

gene enrichment analyses supported that isolates with different PFGE types (≤ 3 bands 
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difference) that grouped into one of three given WGS-SNP groups differed by a number of 

genes, some of which were subsequently identified as phage-related genes (Supplemental Table 

3.4). Gene enrichment analysis failed, though, to find any genes that were enriched among 

isolates initially (putatively) identified as either persistent (n=92) or sporadic (n=29, 

Supplemental Table 3.4), or when comparing isolates with statistical evidence for persistence 

(n=38) compared to sporadic isolates of the same subtypes (n=16, Supplemental Table 3.4). To 

further probe for presence of genes associated with persistent isolates, separate gene enrichment 

analyses were performed comparing the genomes of persistent and comparison isolates 

separately for all 9 instances where a stain in a deli showed statistically significant evidence for 

persistence and for which at least 3 persistent isolates were available.  In no comparison were 

any genes significantly enriched among persistent isolates (Supplemental Table 3.4).  In one 

case, 10 genes were significantly absent among persistent isolates (from SNPgroup-1 deli 16), 

but those genes were not present in a conserved region nor were they annotated with functions 

related to establishing persistence or survival in a harsh environment (Supplemental Table 3.7).  

Taken together, these data suggest there are no robust gene presence or absence patterns linked 

to a persistence phenotype. 

Discussion  

Over the last years, WGS-based subtyping has been shown to allow for improved subtyping of 

bacterial pathogens in a number of contexts, including surveillance of nosocomial and foodborne 

pathogens (16-19, 52, 53).   In addition to disease surveillance, traditional molecular subtyping 

methods, such as PFGE, have also been used very successfully to better understand transmission, 

sources, and reservoirs of foodborne pathogens along the food chain, including in farms, 

processing plants, and retail establishments (38). This study specifically used WGS-based 



65 

subtyping of isolates obtained from a previous longitudinal study of L. monocytogenes in retail 

deli environments in an effort to obtain improved insights in L. monocytogenes transmission. In 

particular, previous PFGE studies of these isolates (21) revealed a number of findings that 

complicated interpretation of L. monocytogenes transmission, including, but not limited to (i) 

isolation of identical PFGE types across a number of retail delis (e.g., one PFGE type was found 

in 11 retail delis in 3 distinct US regions) and (ii) isolation over time of closely related PFGE 

types (i.e., PFGE types that differed by ≤ 3 bands in patterns with a given restriction enzyme) in 

a given retail deli. Overall, WGS-based subtyping of these isolates showed (i) that WGS allows 

for practically relevant improved subtyping over existing molecular subtyping methods; and (ii) 

clear evidence for both L. monocytogenes persistence and repeat introduction from external 

sources in deli establishments. Our findings, including the presence of L. monocytogenes with 

highly similar WGS SNP profiles and most recent common ancestors of < 10 years in different 

retails delis, also provide important new insights into the transmission and genomic diversity of 

L. monocytogenes, which will be essential for public health applications of WGS-based 

subtyping and specifically trace-back of outbreak investigations.  

WGS allows for improved subtyping over existing molecular subtyping methods. Consistent 

with recent reports (15, 19, 20), we found that WGS provide for improved subtyping over 

existing and commonly used methods, including PFGE, which was until recently considered the 

gold standard for subtyping of L. monocytogenes. Specifically, WGS allowed for improved 

discriminatory power over PFGE, which allowed for differentiation of isolates with identical 

PFGE types obtained from different delis into WGS-based clades that were only found in a given 

deli and showed a most recent common ancestor (MRCA) estimated to be < 10 years.  These 

findings are consistent with the improved discrimination by WGS of outbreak associated 
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Salmonella (16, 17), E. coli (18), and L. monocytogenes (19).  Consistent with previous studies 

on L monocytogenes (19), WGS also allowed us to overcome occasional over-discrimination by 

PFGE, where isolates that share a very recent common ancestor may show PFGE patterns that 

differ by three or fewer bands (the “3-band rule” (54)); 3-band differences between isolates can, 

for example, be due to prophage (19, 55) or plasmid (56) gains or losses. Here we specifically 

found that three sets of PFGE types that differed by 3 or fewer bands differed by the presence or 

absence of genomic regions that encode for an intact prophage.  These data allowed us to clarify 

that a single L. monocytogenes clone presented by two PFGE types persisted in different delis. 

For example, we previously reported re-isolation of two PFGE types (CU-11-320 and CU-8-96) 

in deli 2 (21); WGS showed that these two PFGE types represent one single clone with a MRCA 

of < 7 years.  

A related advantage of WGS-based subtyping over existing molecular subtyping methods is the 

ability to generate primary genome sequence data that can be used for a range of secondary 

analyses including in silico phage detection (57), plasmid detection (58), antibiotic resistance 

profile prediction and virulence gene detection (34), and serovar prediction, as for Salmonella 

(59).  WGS data from this study suggests it is unlikely there are individual genes responsible for 

persistence of L. monocytogenes in the retail deli environment, which is consistent with the 

observation that researchers working with ad hoc definitions of persistence and generally small 

sample sizes have previously failed to find robust genetic determinants of bacterial persistence in 

food associated environments (6, 8). 

L. monocytogenes contamination at retail represents a complicated scenario with mixture of 

persistence and repeat introduction from external sources. A key goal of this study was to 

apply WGS based subtyping to better understand the sources and transmission of L. 
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monocytogenes in retail delis, building on a previous PFGE-based study of L. monocytogenes 

isolates obtained during a longitudinal study of 30 retail delis, representing 10 delis each in three 

distinct US regions (21). A specific goal was to use WGS-based subtyping to allow for improved 

differentiation of persistent L. monocytogenes contamination in given retail delis from 

contamination that likely represents repeated introduction from an external source. The general 

approach taken here to analyze WGS data included multiple steps, including (i) SNP-based 

identification of relevant phylogenetic clades, including determination of dates of divergence 

from most recent common ancestors, and (ii) quantitative comparison of the number of SNPs 

differentiating isolates within a deli to SNPs differentiating isolates between delis.   

The SNP difference approach is similar to that used by Leekitcharoenphon et al. (17)  to analyze 

foodborne disease outbreaks of Salmonella Typhimurium by first generating SNP-based 

phylogenetic clades of isolates and then comparing SNP difference counts within and between 

outbreaks; the range of SNP differences among isolates within an S. Typhimurium outbreak was 

2 to 30 SNPs, whereas between outbreak isolates and background SNP differences ranged from 

15 to 334 SNPs.  SNP difference analysis has also been used in community epidemiology to 

identify Staphylococcus aureus endemic to New York City households that serve as reservoirs 

for community transmission (52); isolates collected from patients within the same household 

were more closely related, median 3 SNP differences, than isolates collected from different 

households in the community, median 104 SNP differences. SNP difference counts in this study 

are similar; isolates of the same subtype within a deli had a median of 22 SNP differences or 

fewer whereas between delis a median of up to 102 SNP differences were observed.      

While our previous PFGE-based study provided some initial evidence for persistence of L. 

monocytogenes PFGE types in a number of different delis, in a number of cases PFGE data 
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provided ambiguous data that were difficult to interpret. For example, three PFGE types (CU-11-

320, CU-262-79, and CU-8-96) were repeatedly isolated in multiple delis (4, 3, and 2 delis, 

respectively (21)).  In a number of cases, WGS provided improved evidence of persistence of a 

strain within a deli. Specifically, we identified a number of well supported WGS-SNP based 

clades that (i) only included isolates from a single deli, and (ii) showed evidence of divergence 

from a most recent common ancestor less than 10 years ago. These findings are consistent with 

introduction of a L. monocytogenes strain into the deli from an outside source followed by short-

term diversification and persistence within the deli; interestingly L. monocytogenes persistence, 

in a food processing environments, over 10 to 15 years, has previously been reported (9, 51, 60), 

supporting that persistence and survival of a given strain over these types of time periods is 

feasible.   

In the cases reported here, persistence is also supported by quantitative analysis of SNP 

difference data; isolates within these “deli specific” clades showed very limited SNP differences 

(median 2-11 SNPs, with instances of 0 or only 1 SNP difference). We also found that, in some 

cases, isolates of deli specific clades have significantly fewer median SNP differences between 

themselves compared to the median SNP differences between themselves and isolates of the 

same subtype from other delis. Importantly, these quantitative SNP difference comparisons 

allowed for a permutation-based statistical test of significant SNP difference, as shown here, 

providing a potentially more quantitative assessment of persistence that can be used in future 

studies. We also found a deli specific clade (U, deli 2) that contained two distinct PFGE types 

that had consistent differences in the presence (4 isolates of CU-8-96) or absence (6 isolates of 

CU-11-320) of a prophage, but still showed limited SNP differences (median 9 SNPs) and an 

MRCA < 7 years, supporting persistence.  
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We also identified well supported clades that were classified here as “region specific” or “multi-

region” (see Table 3.4), but largely contained isolates from a single deli as well as a few isolates 

from other delis. In many of these cases, there was evidence for persistence of the clone 

representing one of these given clades in one deli, along with sporadic isolation in one or more 

other delis. For example, 9 isolates from deli 7 with PFGE pattern CU-258-69 showed 

statistically significant SNP difference evidence for persistence, and we also sporadically found 

5 closely related isolates from delis in two separate geographic regions.  Possible explanations 

for these findings include (i) a clone persists within a given deli, but was transferred to another 

deli deli, or (ii) a clone is introduced into multiple delis from an external source, but only 

establishes persistence in one (or some) delis. Alternatively, persistence may go undetected in 

some delis due to imperfect sampling, such as the once per month samplings in the study (21) 

providing the isolates reported on here. Scenario (i) described above is supported by a previous 

study that showed transfer of a persistent L. monocytogenes strain with dicing equipment 

transferred from one processing plant to another (61). Scenario (ii) is supported by a previously 

reported multistate U.S. outbreak of listeriosis linked to turkey deli meat (60) and a widespread 

outbreak of listeriosis in Quebec, Canada linked to pasteurized cheese (62). In the former report, 

L. monocytogenes identical (by PFGE) to the outbreak strain was isolated from 3 delis and 

subsequently the source of contamination was traced back to persistent L. monocytogenes 

contamination (over up to 12 years) at deli meat processor that supplied each of these delis (60).  

In the latter report, L. monocytogenes identical (by PFGE) to the outbreak strain was isolated 

from environmental or product samples from 22 retailers and the source of contamination was 

subsequently traced back to a single upstream producer (62).  
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Our data also provide further evidence for repeat introduction of a given L. monocytogenes strain 

from an external source to multiple retail establishments. Specifically, we identified a number of 

“region specific” and “multi-region” clades that were well supported, showed an MRCA < 10 

years, and contained closely related isolates from a considerable number of different retail 

establishments. For example, all 11 isolates with PFGE pattern CU-294-321 from 7 separate 

delis, across two geographic regions and with repeat isolation in 3 delis, formed a singled, well-

supported clade with a MRCA < 5 years and all isolates differed by < 5 SNPs.  These cases 

where well defined L. monocytogenes clades with recent MRCAs are found in multiple delis, 

sometimes across regions, suggests persistence of a strain representing a given clade at an 

external site, which serves as source of introduction into multiple delis. For example, a strain 

could persist at a supplier facility and be introduced through to multiple delis through product 

shipments, as suggested in a 2008-2009 listeriosis outbreak from pasteurized Mexican-style 

cheese (63), and consistent with the studies cited above (60, 62).  Alternatively, a given strain 

with a recent MRCA could also have recently emerged and be highly evolutionary successful 

and be found across different environments that all can serve as a source.  For example, a New 

York State bovine associated clade of Salmonella Cerro has been estimated to have emerged 

from a MRCA in 1998 and has since shown clonal expansion with unique genomic deletions 

(64), in addition to being widespread among dairy herds (65).  Importantly, in case of “region 

specific” and “multi-region” clades, WGS and source data available here typically do not provide 

sufficient information to allow determination whether re-isolation of a given cade in a given deli 

represents either (i) multiple re-introduction events or (ii) actual persistence in a given retail deli 

environment.  Well-designed sampling plans that involve sample collection after cleaning and 
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sanitation and before introduction of potential fomites likely play a critical role in differentiating 

re-introduction and persistence. 

Rapid clonal spread of L. monocytogenes with limited genomic diversification suggests that 

use of WGS-based subtyping in traceback of foodborne disease outbreaks and cases still 

requires strong epidemiological data.   While our study here clearly shows the ability of WGS-

based subtyping to provide practically relevant insights into L. monocytogenes transmission in 

food associated environments, our data also show that the utility of WGS-based subtyping will 

be expanded considerably as large WGS datasets for pathogen isolates, including sample-

associated metadata, become available. For example, availability of large WGS datasets on L. 

monocytogenes isolates from different sources may facilitate better interpretation of the “region-

specific” and “multi-region” clades and may specifically allow for determination whether a given 

clade with a recent MRCA represents a broadly distributed epidemic clone (suggesting potential 

for introduction into delis from different sources) or a point source specific clone, suggesting 

introduction into multiple delis from a specific source (e.g., a  national distributor).  Comparison 

of WGS data for outbreak associated L. monocytogenes isolates to surveillance databases has 

found multiple epidemic clones and outbreak subtypes associated with a 2011 outbreak of 

listeriosis related to cantaloupe, and linked these subtypes to other outbreak associated isolates 

worldwide (55).  As public databases, such the NCBI Genebank, and the curated sub-project 

GenomeTrakr for foodborne pathogen sequences 

(http://www.fda.gov/Food/FoodScienceResearch/WholeGenomeSequencingProgramWGS/defau

lt.htm), continue to grow the ability to classify regionally dispersed L. monocytogenes strains 

will improve.    
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While our data reported here provide further evidence that whole genome sequence analysis is a 

viable improvement upon existing molecular subtyping methods for foodborne pathogens, we 

also provide new information that indicates some important challenges when relying on WGS 

data to identify outbreak sources. Our data specifically show that L. monocytogenes with 

identical or nearly identical genome sequences (0-1 SNPs different), and MRCAs < 10 years, can 

be obtained from different deli in different US regions. This clearly indicates that detection in a 

food associated environment of a L. monocytogenes isolate that shows a high level of WGS 

similarity to isolates linked to human case or cases does not necessarily establish a causal link 

between the food source and the human case. Biologically, this observation is consistent with the 

estimation that L. monocytogenes has an approximately 37% chance of showing 0-1 mutation 

over 12 years (9), under the assumptions of a generation time of approximately 1 day (24-28 h) 

in natural environments and mutation rate similar to that reported for an experimental population 

of Myxococcus xanthus (4.5x10-10 mutations per bp per generation).  Our findings here are also 

consistent with the observation in that report that a year 2000 L. monocytogenes food isolate 

differed from a 1988 human isolate by only 1 synonymous SNP, and further support that these 

theoretical estimates of low natural mutation rates have practical relevance.  When limited SNPs 

difference are observed between isolates, one should also note these SNPs may arise during 

laboratory passage, as the two subcultures of the year 2000 L. monocytogenes human isolate 

sequenced in differenced by a single SNP (9).   WGS does, and will, not necessarily allow us to 

overcome all challenges associated with use of PFGE for molecular subtyping. Our data suggest 

that, similar to findings of identical PFGE types in two processing plants, both linked to a human 

listeriosis outbreak (66), L. monocytogenes isolates with “identical” WGS data are likely to be 

found in multiple food associated environments. Hence, WGS-based subtyping methods are not a 
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substitute for strong context knowledge and epidemiological data, but instead an improved tool 

for systems-levels approaches to tracking and controlling the sources of foodborne disease.   
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CHAPTER 4  

ASSESSMENT OF MUTLI-SPECTRAL, SINGLE-KERNEL SORTING TO REDUCE 

MYCOTOXIN LEVELS IN MARKET MAIZE FROM EASTERN KENYA 

Abstract 

African food safety is threatened by mycotoxins, such as aflatoxins and fumonisins, which 

contaminate staple foods.  Maize is particularly vulnerable to colonization by fungi that produce 

these toxic metabolites. This project adapted a multi-spectral optical sorter to identify and 

remove single kernels contaminated with aflatoxins or fumonisins from bulk maize samples.  

The sorter was calibrated using kernels from previously collected maize from open-air markets 

in Eastern Kenya and Aspergillus inoculated maize from field trials.  Single kernels were scored 

for characteristics previously associated with mycotoxin contamination, scanned to collect multi-

spectral data (470-1,550 nm), and tested for aflatoxin and fumonisin levels with ELISA or 

HPLC.  Overall, 40% (153/378) of kernels had aflatoxin levels above 10 ppb and 14% (54/378) 

had fumonisin above 1,000 ppb.  Toxin prevalence was non-independent (p<0.001, odds ratio of 

4.7, 95% confidence interval of 2.5-9.3).  Discoloration, insect damage, and fluorescence under 

365 nm ultraviolet light were significantly associated with both aflatoxin and fumonisin 

contamination.  Discriminant analysis calibration using both infrared and visible spectra 

achieved 77% sensitivity and 83% specificity to reject kernels with aflatoxin > 10 ppb and 

fumonisin > 1,000 ppb.  In subsequent sorting of 46 market maize samples previously tested for 

mycotoxins, 0-25% of sample mass was rejected from samples that previously toxin-positive and 

0-1% was rejected for previously toxin-negative samples.  In most cases where mycotoxins were 

detected in sorted maize streams, accepted maize had lower mycotoxin levels than the rejected 

maize (21/25 accepted maize streams had lower aflatoxin than rejected streams, 25/27 accepted 
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maize streams had lower fumonisin than rejected streams).  Reduction was statistically 

significant (p<0.001), achieving an 83.3% and 83.7% mean reduction in aflatoxin and fumonisin, 

respectively.  With further development, this device could facilitate efficient maize grain sorting 

at local hammer mills, empowering users to reduce mycotoxin exposure while creating minimal 

food loss. 

Introduction  

Mycotoxins are toxic secondary metabolites of fungi that contaminate a large proportion of the 

world’s maize, nut, and cereal supply (1).  The best-studied mycotoxins are the aflatoxins 

produced by Aspergillus fungi, to which more than 5 billion people in developing countries are 

chronically exposed through food (1, 2).  Acute exposure to high levels of aflatoxin causes 

potentially fatal aflatoxicosis, as when 124 Kenyans died during a 2004 outbreak (3). Chronic 

aflatoxin exposure has been estimated to cause 25,000 to 155,000 of the 600,000 new cases of 

liver cancer worldwide per year, primarily in sub-Saharan Africa, Southeast Asia and China (4).  

The mycotoxin fumonisin frequently co-occurs with aflatoxins in maize (1, 5-7) and has been 

associated with esophageal cancer and neural tube defects (1).  Epidemiological studies suggest 

childhood stunting is associated with dietary exposure to aflatoxins and fumonisins (1, 8), and 

correlated to increased biomarkers of aflatoxin and fumonisin exposure (9, 10). Mycotoxin 

exposure may contribute to growth stunting by inducing the intestinal condition known as 

environmental enteropathy (11).  A recent review has estimated only 20% of childhood stunting 

would be eliminated if a suite of ten proven nutritional interventions could be scaled up within 

countries with the highest burden of malnutrition (12).  None of the ten interventions relate 

directly to reducing mycotoxin exposure; given the associations between mycotoxin exposure 
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and childhood stunting, it is plausible that mycotoxin exposure may contribute to the large 

proportion of childhood stunting not addressed by traditional nutritional interventions. 

Major ways to reduce the impact of mycotoxins on the human population are to (i) reduce 

mycotoxin contamination of primary commodities, (ii) detoxify foods contaminated with 

mycotoxins either through detection and removal of contaminated particles or by removal of the 

toxin itself from the food, and (iii) protect consumers from the toxic effects of mycotoxins once 

ingested (13).   Much work has been done to prevent contamination through improved crop 

breeding, agronomic, and food storage methods (14, 15).  In addition, mycotoxin impacts can be 

reduced through physical (e.g., sorting, milling, washing), biological (e.g., detoxifying 

fermentation), or chemical (e.g., catalysis of toxin degradation) post-harvest processes (16, 17). 

Appropriate interventions can be economically efficient.  Health economics show that both pre-

harvest biological control in maize and improved groundnut storage are cost-effective in relation 

to reducing aflatoxin induced hepatocellular carcinoma (18).   

Mycotoxins are of particular concern in sub-Saharan Africa, including Kenya, the country of 

focus for this study.  Much of the population is dependent upon groundnuts and cereals such as 

maize that are susceptible to colonization by mycotoxigenic fungi and  climactic conditions are 

ideal for fungal proliferation (13, 19).The existing food system is currently unable to protect 

consumers from foodborne exposure through, e.g., effective implementation of intervention 

strategies previously introduced.  Mycotoxins are endemic in household maize supplies in Kenya 

(5, 20, 21), and aflatoxin was detected in most serum samples from a nationally representative, 

cross-sectional survey of Kenyans in 2007 (22).  Further, Kenya’s Eastern province has 

repeatedly been host to acute aflatoxicosis outbreaks shortly after the major maize harvest, 

including a severe outbreak in 2004 (23).  Complicating the implementation of mycotoxin 
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reduction interventions, Kenyan maize value chains are diverse, including those in which 

subsistence farmers consume their own maize, and those in which large grain buyers supply the 

refined flour and wet-milled products industry (24).   

One candidate for implementing mycotoxin reduction interventions is the local hammer mill, a 

point of concentration where ~60% of maize consumed in Kenya passes (Kenya Maize 

Handbook, 2009, cited in Kirimi et al. (25)), preferentially used by lower-income consumers 

(26).  A Kenyan maize value chain analysis reports, “The majority of maize is consumed locally 

as maize porridge and an effective aflatoxin-control strategy may best be directed at the local 

posho [hammer] mills where people bring their maize for milling prior to consuming it in the 

home” (26).  A 2010 survey of maize brought by Kenyans for local milling showed 39 and 37% 

of samples contaminated with aflatoxin and fumonisin above legal limits (5), respectively, 

affirming the local hammer mill is a viable target for interventions.  In other settings, mill 

operations have been shown to reduce mycotoxin transmission.  Mechanical de-hulling can 

reduce the fumonisin level in retained maize by 55-65% (27).  High-speed sorting of maize using 

near infrared (NIR) spectrophotometry can reduce both aflatoxin and fumonisin levels by over 

80% in U.S. maize (28).  In dry-milled maize, aflatoxin levels were enriched 3 to 10-fold in germ 

and bran fractions and reduced 2 to 5-fold in flour fractions relative to whole grain samples (29).  

Interventions targeted at the local hammer mill would allow users to improve the toxicological 

quality of their food immediately prior to consumption.  

In this study, we calibrated a laboratory-scale, multi-spectral optical sorter (30) to remove 

aflatoxin- and fumonisin-contaminated kernels from maize purchased from open-air markets in 

Eastern Kenya.  We chose to evaluate a relatively low cost machine, reported as $6,000 USD in 

parts, to increase the chance this technology could be adapted for application in local hammer 
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mills in Kenya.  Sorting, as an intervention, leverages the biological fact that mycotoxin 

distribution in bulk maize is highly skewed (31).  A relatively small proportion of kernels in a 

contaminated sample contains the majority of the toxin.  The precise nature of the distribution 

may vary based on the specific history of the sample.  In a study of single-kernels from intact 

ears of U.S. corn with visibly high-levels of contamination characteristic of A. flavus, 23, 27, and 

41% of single kernels in three samples were contaminated with aflatoxin above 100 ppb (32).  A 

study with Kenyan maize sampled from Aspergillus inoculated field trials found 6 and 20% of 

single kernels in two samples were contaminated with aflatoxin above 20 ppb (33).  In each 

study, a few kernels were highly-contaminated, containing > 15,000 ppb total aflatoxins.  To the 

best of our knowledge, no studies have reported the distribution of mycotoxins in single kernels 

of Kenyan market maize.   

For food insecure populations, sorting could improve food-security by removing the few highly-

contaminated kernels in a lot of food, while simultaneously retaining the majority of the healthy 

food for subsequent consumption. This approach would represent an improvement over test-and-

reject strategies that reduce an already marginal food supply.  For example, when 2.3 million 

bags of maize were condemned by the Kenyan government in 2010 due to aflatoxin 

contamination, there was a negative social impact (34) and much of the contaminated maize may 

have been illicitly returned to the market (35).   

In this study we test two major hypotheses (i) that aflatoxins and fumonisins levels in naturally 

occurring contamination of Kenyan market maize is highly skewed towards few kernels 

containing the majority of the toxin, and (ii) that mycotoxin levels in market maize can be 

significantly reduced by sorting out highly contaminated kernels using a relatively simple optical 

sorting technology.  In testing these hypotheses, we show that (a) an existing, multi-spectral 
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optical sorting technology can be calibrated to specifically remove maize kernels contaminated 

with aflatoxin and fumonisin above levels of concern and (b) that this technology significantly 

reduces mycotoxin contamination in the accepted portion of Kenyan market maize samples while 

rejecting only minimal fractions of the samples.  

Materials and Methods 

Maize sources. Maize was sourced from two concurrent studies of mycotoxin contamination in 

Kenyan maize.  The first source was a survey of shelled maize purchased in < 1 kg lots from 

open-air markets in Eastern Kenya (Meru, Machakos, and Kitui districts), comprising 204 unique 

samples in total (36). The second source was shelled maize collected immediately after 

harvesting maize inoculated with an aflatoxin-producing strain of Aspergillus flavus as part of 

Kenyan field trials aimed at breeding aflatoxin-resistant maize.  Kernels from 17 highly 

aflatoxin-contaminated bulk samples were selected for Ultra High Performance Liquid 

Chromatography (UHPLC) analysis of aflatoxin levels as reported in Falade et al. (37).   

 Single kernel selection and scoring.  Maize kernels from the market survey and the inoculated 

field trials were selected and scored separately. Individual kernels from the market maize survey 

were selected to enrich for mycotoxin prevalence to ensure sufficient toxin positive sample were 

available for subsequent sorter calibration work.  Only bulk samples for which 5-g subsamples 

had previously (36) tested above 10 ppb aflatoxin or 1,000 ppb fumonisin were considered for 

selection.  From these samples, all kernels showing bright greenish-yellow fluorescence (BGYF) 

or bright orange fluorescence (BOF) (38) were retained, along with three non-fluorescent kernels 

from each sample.  In total, 233 kernels were selected from among 22 unique bulk maize 

samples. Kernels were visually inspected for three factors associated with mycotoxin 

contamination, breakage (5), insect damage (38), and discoloration (38) and considered positive 
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if any portion of the kernel exhibited these features.  An additional factor, low mass (32), was 

calculated as mass in the lower 10th percentile of each kernel set.      

Kernels from the inoculated field trials were selected at random from the 17 highly-contaminated 

bulk samples (10 kernels each from the first 12 samples and 20 kernels each from the second five 

samples (37)).  The first set of 120 kernels were scored for all the same risk factors as the market 

maize samples with the exception that both BGYF and BOF were aggregated as the single factor 

fluorescence under ultraviolet light.  Due to time constrains of the parallel UHPLC analysis 

project, the second set of 100 kernels were ground for analysis before they were scored. 

Single kernel spectroscopy.  All single kernels selected for analysis from both the market maize 

survey (n=233) and the field trials (n=220) were scanned by the optical sorter individually, in 

triplicate.  To more closely mimic orientation differences in real-time sorting, kernels were 

individually placed at the edge of the feeder and pushed into the feed shoot.  The kernels was 

allowed to fall pass the camera at random orientations.  The order of sample processing, and any 

irregularities in the process, were recorded such that each of the triplicate spectra could be 

individually identified in subsequent analysis.   

Two separate sorter circuit boards were used, each with distinct detector hardware and analytical 

ranges.  The first was a low wavelength board (nirL) that used LEDs with peak emission 

wavelengths of 470 (blue), 527 (green), 624 (red), 850, 880, 910, 940, 1070 nm.  The second was 

a high wavelength board (nirH) that used LEDs of 910, 940, 970, 1050, 1070, 1200, 1300, 1450, 

1550 nm.  Composite features (n=205 features) were calculated: base reflectance (reflectance 

minus background, n=9 features), total visible and total infrared reflectance (n=2), all pairwise 

differences (n=55), all pairwise ratios (n=55), and all second derivatives of the combination of 
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three features (n=84).   Hardware and software has been comprehensively described previously 

(30).   

To inform future improvements to limited-spectra sorting, high-resolution NIR spectra were 

recorded for all single kernels.  FT-NIR reflectance spectra from 800 to 2,780 nm in 1,154 steps 

were captured, in duplicate, for each individual kernel (on a Multi-Purpose FT-NIR Analyzer 

(MPA); Bruker Optics Inc. Billerica, MA, USA).  Each of the duplicate scans captured one of the 

two broadest faces of each kernel. Spectral acquisition was done after background correction 

with a gold standard embedded in the MPA. 

Mycotoxin Analysis. From the market maize survey, single kernels were selected for wet 

chemistry mycotoxin analysis in a two-tiered process.  To maximize diversity among the spectra 

with associated wet chemistry, a principal components analysis was performed on the FT-NIR 

data for all 233 kernels.  Eighty one kernels were sampled across the first principal component, 

spanning all 22 unique markets. Subsequently (initially intended as a validation set), another 77 

kernels were selected by stratified random sampling from kernels collected from the same 22 

markets.  From the inoculated field trials, all 220 individual kernels were selected for mycotoxin 

analysis. 

Individual maize kernels were milled to a fine powder (visually < 1 mm particle size) in a ball 

mill with 5 ml stainless steel jars (MM301 mill, manufacturer jars; Retsch Haan, Germany).  

Samples were processed for 10 s at 30 Hz with immediate reprocessing if fine powder was not 

achieved.  Between samples jars were cleaned with a dry cloth and wiped with 100% ethanol. 

All market maize survey kernels were assayed for total aflatoxin and fumonisin levels using 

toxin-specific ELISA (Total Aflatoxins ELISA Quantitative and Fumonisin ELISA Quantitative, 

96-Wells, Helica Biosystems Inc., Santa Ana, CA).  The manufacture’s protocol was followed 
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with minor modifications to toxin extraction.  All inoculated field trial kernels were assayed for 

total fumonisin levels using ELISA (Fumonisin ELISA Quantitative, 96-Wells, Helica).  To 

eliminate sub-sampling variation, mycotoxins were extracted from the entire ground maize 

kernel (median mass of 0.20 g, min-max of 0.01-0.62 g).  Mycotoxins were extracted using 

standardized volumes of 80% methanol ranging from 400 to 1,500 ul according to initial kernel 

mass.  For example, a median mass (0.20 g) kernel was diluted into 1,000 ul of 80% methanol, 

targeting the 1:5 nominal dilution recommended for the aflatoxin ELISA.  After aflatoxin 

analysis, aliquots of the same extractions were serially diluted 50 or 100-fold in 80% methanol 

for fumonisin analysis.  Samples with fluorescent signal greater than the highest standard curve, 

(approximately 15 ppb for aflatoxin, 10,000 ppb for fumonisin) were retested at 1:10 serial 

dilutions until quantifiable.  Sample-specific dilution factors were used to calculate the assayed 

toxin concentration from each individual plate’s standard curve.  

Manufacturer data correlating results from Helica ELISA to HPLC analysis were evaluated to 

determine any systematic biases introduced by using the ELISA assays.  The most important 

analysis in this project was binary classification of single kernels as having aflatoxin > 10 or 100 

pbb and fumonisin > 1,000 or 10,000 ppb.  Aflatoxin levels were overestimated by ELISA 

(ELISA ppb = 1.04*HPLC ppb + 0.21 ppb, reported trend), implying kernels classified at the 

nominal 10 and 100 ppb thresholds could have aflatoxin levels as low as 9.4 or 95.5 ppb, 

respectively.  Fumonisin levels were slightly overestimated at low levels and underestimated at 

high levels (ELISA ppm = 0.93*HPLC ppm + 0.09 ppm), implying kernels classified at the 

nominal 1,000 and 10,000 ppb thresholds could have fumonisin levels as low as 1,020 or 9,360 

ppb, respectively. 
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Inoculated field trial kernels were assayed by Ultra High Performance Liquid Chromatography 

(UHPLC) for aflatoxin levels for a parallel study (37).  Briefly, toxins were extracted from the 

entire ground maize sample with 70% methanol.  Extracts were assayed using a Phenomenex 

Synergi 2.5u Hydro – RP (100 mm x 3.00 mm) column at 3500 psi.  Toxin was detected with 

excitation/emission wavelengths of 265/455 nm and peaks compared to standard curves of 

aflatoxins B1, B2, G1, and G2 for quantification. Individual aflatoxin values required adjustment 

to be compared to the ELISA measure of total aflatoxins.  Individual aflatoxin quantities were 

summed after multiplying levels by the antibody cross-reactivity rates reported in the Helica 

ELISA assay, as follows: B1 – 100%, B2 – 77%, G1 – 64%, and G2 - 25%.   After UHPLC 

analysis for aflatoxin, extractions were passed to the fumonisin ELISA assay as described above.  

Each scored factor putatively associated with mycotoxin contamination was first evaluated as a 

univariate factor associated with either aflatoxin > 10 ppb or fumonisin > 1,000 ppb using a Chi 

Squared test, or a Fisher’s Exact test where any cell count was less than 5.   Individually 

significant factors were considered candidate factors in logistic regression to predict the odds of 

aflatoxin or fumonisin contamination at the same thresholds.  Stepwise model selection was used 

to reduce the full factorial model of all factors to a final, parsimonious model.  Sample region 

was included as a covariate.  All analyses were performed in R v.3.1.0 (39) separately for each 

mycotoxin. 

Sorting algorithm calibration and assessment. Individual calibrations algorithms were 

developed to reject kernels with aflatoxin > 1, 10, or 100 ppb or fumonisin > 100, 1,000, or 

10,000 ppb in all dual-toxin pairs, e.g. one calibration to reject kernels with AF > 10 pbb or 

FM > 1,000 ppb.  This required nine separate calibrations for both the low (nirL) and high (nirH) 

wavelength circuit boards.   Existing discriminant analysis software distributed with the sorter 
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was used to calibrate the sorter to reject single kernels if either the aflatoxin or fumonisin level 

tested above the given threshold.  

To generate the calibrations, a training file was created by associating the assayed mycotoxin 

levels with the previously-saved, individual-kernel spectra.  For each calibration, separate 

matrices of ‘accept’ spectra (for kernels < threshold) and ‘reject’ spectra (for kernels > threshold) 

were created from the first two scans of each kernel.  A discriminant analysis exhaustive search 

then selected three optical features that minimize overall classification error rate (Er, (ntoxin positive 

kernels accepted + ntoxin negative kernels rejected / ntotal kerenels ).  The first scan of each kernel was used for 

training and the second scan of each kernel was used for cross-validation.  The full data set was 

used for training to build the most robust calibration algorithm possible.  The sorting algorithm is 

validated later in the study by applying it sort bulk samples of market maize.  Sensitivity (Sn, 

ntoxin positive kernels rejected / ntoxin positive kernels) and specificity (Sp, 1 – ntoxin negative kernels rejected / ntoxin 

negative kernels) and were calculated from the cross-validation data.  Diagnostic curves were plotted 

in R.  

Alternative sorting algorithm assessment.  To evaluate the extent to which selected hardware 

or software limitations affected performance of the sorting machine, three separate limiting 

components were evaluated (i) the classification algorithm, (ii) the detector, and (iii) the LED 

emission wavelengths.   

While the sorter was programmed to use a linear discriminate analysis algorithm for 

classification, two more sophisticated machine learning classification methods were evaluated, 

random forest (RF) and support vector machine (SVM).  The same calibration data sets at each 

pair of toxin thresholds were classified using RF and SVM methods in R (packages 

randomForest and kernlab, respectively), using default parameters.  Classification performance 
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was evaluated identically as for discriminate analysis, using the second scan of each kernel for 

cross-validation to calculate sensitivity and specificity.   

Existing detector hardware required separate circuit boards to gather data from LEDs with 

emission wavelengths of either 470-1,070 nm (the nirL board) or 910-1,550 nm (the nirH board).  

To evaluate if this range limitation decreased performance, data for an in silico ‘composite’ 

board (nirHL) was calculated using all the optical features from all 14 unique LEDs present 

across both boards (4 of the 9 LEDs were present on both boards).  The same set of optical 

features was calculated as were used for the individual boards.  Features included ratios, 

differences, and second derivatives between all 14 LEDs and the color and NIR sums (n = 816 

total features, compared to n = 205 features for the nirH or nirL boards).  This larger set of 

features was passed to the same discriminant analysis and machine learning algorithms as were 

used to evaluate each physical board.   

Although limited LED emission spectra are more useful for high-throughput sorting algorithms, 

we also evaluated using higher-resolution spectral data for classification to guide development of 

improved sorting hardware.   High-resolution NIR spectra (800 to 2,780 nm in 1,154 steps) were 

passed to random forest and support vector machine models for classification and cross-

validation.  Only background-corrected reflectance intensity values were used.  Calculating all 

pairwise differences, ratios, and second derivatives, was computationally prohibitive for the 

1,154 features, as was discriminant analysis. 

Maize sorting validation. Forty six market maize samples were selected for physical sorting to 

validate the best classification algorithm (nirL board rejecting kernels with aflatoxin > 10 ppb or 

fumonisin > 1,000 ppb).  Samples were stratified by previous bulk maize ELISA.  Categories 

were high fumonisin (> 1,000 ppb), high aflatoxin (> 10 ppb), medium aflatoxin (> 1 and < 10 
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ppb), medium fumonisin (> 100 and < 1,000 ppb), and control (no detected toxins).  Whatever 

mass of the sample remained was sorted, up to a maximum of 75 g.  To isolate the analytical 

accuracy of the machine, samples were sorted with the air diversion value disabled.  Kernels 

were manually binned based on the software indication of the classification (accept or reject).  

Manual binning validated the theoretical performance of the multi-spectral sorting process, 

without noise from misclassification due to the mechanical errors (the air value failing to divert 

the kernel or diverting additional kernels, the machine failing to scan a kernel, etc.). 

Rejection rates were calculated from the bulk mass of the accepted and rejected kernels and 

modeled with a linear model of the logit-transformed reject proportion by bulk aflatoxin and 

fumonisin detection status.  The minimum non-zero rejection rate was added to all values to 

accommodate rejection rates of zero in the analysis (40).  To obtain quantitative estimates of the 

efficacy of sorting, accepted and rejected maize streams were ground and assayed by ELISA for 

aflatoxin and fumonisin levels as previously described (36).  Bulk toxin levels in the sorted 

maize were modeled with a linear model of toxin level by accept/reject, status blocked by 

sample.  All samples without detectable toxin in either the accepted or rejected kernels were 

excluded, as no sorting effect was observable for these samples.  Additional models evaluated 

the effect of local maize dehulling, sample region, or rejection rate as covariate factors.   

Results & Discussion 

The goal of this study was to evaluate the potential for optical sorting to remove the mycotoxins 

aflatoxin and fumonisin from Kenyan market maize.  To do so, first we established that the 

distribution of mycotoxins in market maize is indeed skewed towards few kernels containing 

high levels of toxin.  As we measured mycotoxin levels in a large number of single maize 

kernels, we used this opportunity to assess single kernel factors associated with mycotoxin 
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contamination.  Then, we calibrated an existing laboratory-scale, multi-spectral sorting device to 

identify kernels contaminated with mycotoxins above thresholds of concern.  To guide future 

improvements of the sorting technology, we then compared calibration results from the existing 

software and hardware to calibrations achievable using other classification algorithms and with 

increased spectral data.   Finally, we used the device to sort samples of Kenyan market maize 

and show that toxin levels are reduced in maize accepted by the machine compared to maize 

rejected from the same bulk sample. 

Aflatoxin and fumonisin levels in single kernels of Kenyan market maize are skewed.  In 

this study we tested 378 single maize kernels for total aflatoxin and fumonisin levels.  A total of 

158 kernels were from Kenyan market maize samples which were previously shown to have high 

aflatoxin (AF > 10 ppb) or fumonisin (FM > 1,000 ppb) levels in bulk tests (36) and 54 of those 

kernels were selected because they showed fluorescence under ultraviolet light; additionally, 220 

kernels were randomly selected from samples of maize from A. flavus inoculated field trials 

previous shown to have very high aflatoxin levels in bulk tests (37). In the market maize kernels, 

only a small proportion of the kernels had high levels of contamination (Figure 4.1).  Only 

16.5% and 3.2% of kernels, respectively, were contaminated with aflatoxin or fumonisin above 

AF > 10 ppb or FM > 1,000, the Kenyan maximum tolerable limits for these mycotoxins in 

human food (5), hereafter referred to as levels of concern.  A few kernels contained very high 

mycotoxin levels, up to 7,200 ppb total aflatoxin or 93,000 ppb total fumonisin.   

The rates and levels of contamination observed in these market maize kernels are consistent with 

the limited available literature.  An early study examining the distribution of aflatoxin among 

kernels from three ears of maize visibly infested with Aspergillus fungus showed that only 32% 

(63/198) of kernels contained any detectable aflatoxin.  Among toxin-positive kernels, the levels 
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ranged from the lower limit of detection of 100 ppb up to 80,000 ppb (32).  Recent work showed 

similar results, with 94 and 80% of kernels in two samples containing less than 20 ppb aflatoxin, 

but toxin-positive kernels containing up to 85,000 ppb total aflatoxin (33).   While these data 

show skewed mycotoxin distribution in Kenyan market maize kernels, the two levels of kernel 

selection bias (i) sampling from only toxin positive maize, and (ii) selecting kernels with 

fluorescence under ultraviolet light, likely enriched for greater rates and levels of toxin in this 

sample.  Enrichment was deemed necessary to ensure sufficient toxin positive kernels were 

available for subsequent calibration work, but the impact of the enrichment means the true 

Figure 4.1. Distribution of aflatoxin and fumonisin levels in single kernels from both the 
market maize survey (n=158) and the A. flavus inoculated field trial (n=220).  Kernels 
below the level of detection for each mycotoxin (LOD of 1 ppb for aflatoxin and 100 ppb 
fumonisin) were counted in the bar just to the left of the level of detection.  Light grey 
bars, kernels tested below LOD; dark grey bars, kernels tested below level of concern; 
black bars, kernels test above levels of concern of 10 ppb aflatoxin or 1,000 ppb 
fumonisin.   
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distribution of contamination in a random sampling of market maize kernels would likely be 

even more skewed than reported here.   

In the A. flavus inoculated field trial kernels, contamination rates were higher and noticeably less 

skewed (Figure 4.1).  Overall, 57.7% and 22.3% of kernels were contaminated with aflatoxin and 

fumonisin above levels of concern.  While 25.4% of kernels had no detectable aflatoxin, the 

toxin distribution in kernels with detectable aflatoxin appeared bimodal with peaks around 10 

and 10,000 ppb.  While 52.7% of kernels had no detectable fumonisin, the toxin distribution in 

kernels with detectable fumonisin peaked around 1,000 ppb with a longer tail than the 

distribution for the market maize samples.  The most contaminated kernels contained 438,000 

ppb aflatoxin and 237,000 ppb fumonisin.  The much higher rates and levels of aflatoxin 

contamination in the kernels from the field trial is unsurprising given the field trial involved 

intentionally inoculating maize with a high aflatoxin producing strain of A. flavus.  The relatively 

higher odds of fumonisin contamination in kernels from the field trial is less easily explained, 

given the lack of inoculation with Fusarium spp., but previous research has reported the non-

independence of aflatoxin and fumonisin contamination of bulk maize samples from Kenya (5). 

Overall, these data support that a minority of Kenyan maize kernels are contaminated with 

aflatoxin and fumonisin above levels of concern, particularly among a sample of market maize 

kernels that were plausibly enriched for higher rates of contamination.  Still, there is considerable 

variability in the distribution of contamination across the two maize sources and mycotoxins 

tested here.  For example, the extreme conditions created by inoculating field maize with 

toxigenic A. flavus resulted in a multi-modal distribution of aflatoxin levels where only a small 

fraction of kernels were uncontaminated.  Further work involving (i) larger random samples of 

single kernels, from (ii) a more diverse set of market and field conditions, is required to 
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understand the underlying variability in rates and levels of mycotoxin contamination in single 

kernels of Kenyan maize.   

Discoloration, insect damage, and fluorescence under ultraviolet light are associated with 

mycotoxin contamination of single maize kernels.  To better understand the biological factors 

associated with mycotoxin contamination of single maize kernels they were scored for putative 

risk factors for mycotoxin contamination prior to grinding kernels for mycotoxin analysis.  In 

univariate analysis, many factors were associated with both AF > 10 ppb and FM > 1,000 ppb 

including: brokenness, discoloration, insect damage, fluorescence under UV light, and the 

presence of multiple factors (Table 4.1).   Bright Greenish Yellow Fluorescence (BGYF), a well-

established risk factor for aflatoxin contamination (41), was associated (p = 0.028) with AF > 10 

ppb.  In contrast, the recently-described, fumonisin-specific, Bright Orangish Fluorescence 

(BOF) (38) was only weakly associated with FM > 1,000 ppb (p = 0.078); undifferentiated 

fluorescence under UV light had a stronger association (p = 0.003) with increased risk of 

fumonisin > 1,000 ppb.  Contamination with aflatoxin was non-independent from contamination 

with fumonisin (p<0.001), with 10% of kernels in this study having both aflatoxin and fumonisin 

above levels of concern.  Consistent with the less skewed distribution of mycotoxin levels in 

field trial kernels, they had significantly (p<0.001) greater odds of both aflatoxin and fumonisin 

above levels of concern compared to market sample kernels.    

While almost all highly contaminated kernels showed the presence of at least one factor 

associated with mycotoxin contamination, a few asymptomatic kernels had aflatoxin above 

levels of concern.  Specifically, four of the 92 kernels with aflatoxin > 10 ppb that were scored 

did not exhibit any of the factors associated with mycotoxin contamination; aflatoxin levels in 

these kernels ranged from 14 to 481 ppb.  None of the 27 kernels with fumonisin > 1,000 were   
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Table 4.1. Univariate tests of factors associated with single kernel contamination with aflatoxin 
or fumonisin. 

Factor 

 Aflatoxin  > 10 ppb   Fumonisin  > 1,000 ppb  
 Negative 

Kernel 
 Positive 

Kernel 
 

Odds Ratio  
Negative 
Kernel 

 Positive 
Kernel 

 
Odds Ratio 

Name Status 
 

Count  %  
 

Count % 
 

Est. 95% CI.     
P-

value   Count % 
 

Count % 
 

Est. 95% CI. 
P-

value 
Breakage a -  166 61%  72 26%       221 81%  17 6%      

+  16 6%  20 7%  2.9 1.4 – 5.9 0.003  26 9%  10 4%  5.0 2.0 – 12.0 <0.001 
Discoloration a -  135 49%  18 7%       149 54%  4 1%      

+  47 17%  74 27%  11.6 6.4 – 22.0 <0.001  98 36%  23 8%  8.7 2.8 – 35.5 <0.001 
Insect Damage 
a 

-  163 59%  58 21%       207 76%  14 5%      
+  19 7%  34 12%  5.0 2.7 – 9.6 <0.001  40 15%  13 5%  4.8 2.1 – 11.1 <0.001 

Mass lower 10th 

a 
-  175 64%  73 27%       224 82%  24 9%      
+  7 3%  19 7%  6.4 2.7 – 17.1 <0.001  23 8%  3 1%  1.2 0.2 – 4.5 0.762 

BGYF b -  82 53%  10 6%       89 58%  3 2%      
+  47 31%  15 10%  2.6 1.1 – 6.5 0.028  60 39%  2 1%  1.0 0.1 – 8.9 0.990 

BOF b -  97 63%  17 11%       112 73%  2 1%      
+  32 21%  8 5%  1.4 0.5 – 3.6 0.453  37 24%  3 2%  4.5 0.5 – 55.6 0.078 

Fluorescence a -  95 35%  29 11%       119 43%  5 2%      
+  87 32%  63 23%  2.4 1.4 – 4.0 0.001  128 47%  22 8%  4.0 1.6 – 12.4 0.003 

Multiple  
Symptoms a 

-  163 59%  31 11%       188 69%  6 2%      
+  19 7%  61 22%  16.5 8.9 – 32.3 <0.001  59 22%  21 8%  10.8 4.4 – 31.2 <0.001 

Dehulled b -  120 76%  24 15%       139 88%  5 3%      
+  12 8%  2 1%  0.8 0.1 – 4.1 0.819  14 9%  0 0%  0.0 0.0 – 11.9 0.479 

Sample Source: 
Study c 

Market  132 35%  26 7%       153 40%  5 1%      
Field  93 25%  127 34%  6.9 4.2 – 11.5 <0.001  171 45%  49 13%  8.5 3.6 – 25.3 <0.001 

Sample Source:  
Location c 

Machakos  40 11%  6 2%       43 11%  3 1%      
Meru  64 17%  4 1%  0.4 0.1 – 1.9 0.185  66 17%  2 1%  0.4 0.0 – 4.0 0.360 
Kitui  28 7%  16 4%  3.8 1.2 – 13.2 0.010  44 12%  0 0%  0.0 0.0 – 2.5 0.085 

Field set 1  53 14%  67 18%  8.3 3.2 – 25.9 <0.001  98 26%  22 6%  3.2 0.9 – 17.6 0.057 
Field set 2  40 11%  60 16%  9.8 3.7 – 31.1 <0.001  73 19%  27 7%  5.3 1.5 – 28.6 0.004 

Fumonisin c  
[> 1,000 ppb] 

-  210 56%  114 30%                 
+  15 0.04  39 0.10  4.7 2.5 –9.3 <0.001                     

a Includes all market samples (n=158) and the first set of inoculated field trial samples (n=120).  Kernels with either 
BGYF or BOF were scored positive for ‘fluorescence’.  Samples were scored positive for multiple symptoms if they 
were positive for more than one of: breakage, discoloration, insect damage, mass lower 10th, or fluorescence.  
b Includes only market samples.  For market samples, fluorescence was divided into bright greenish yellow 
fluorescence (BGYF) and bright orangish fluorescence (BOF) categories. 
c Includes all market samples (n=158) and both sets of field samples (n=220). 

asymptomatic.  Similar to these results, a single-kernel study considering evaluating only 

discoloration and fluorescence under ultraviolet light reported a few asymptomatic kernels with 

aflatoxin levels up to 17 ppb (38); that study also reported asymptomatic kernels with fumonisin 

levels up to 1,300 ppb, but did not consider the additional putative symptoms of breakage, insect 

damage or low mass considered in this study.   

Multivariate logistic regression was used to determine which individually significant factors 

were most strongly associated with aflatoxin and fumonisin contamination above levels of 

concern.  Three factors were significantly associated with higher odds of both AF > 10 ppb and 

fumonisin > 1,000 ppb: discoloration (AF odds ratio (OR) = 4.6, FM OR = 4.2), insect damage 
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(AF OR=5.3, FM OR=3.2), and toxin-specific fluorescence under UV light (AF, OR = 2.6; FM, 

OR = 3.8, Table 4.2).  In addition, the lightest kernels in each sample set had higher odds of 

aflatoxin presence (OR=9.7), and kernels with breakage had borderline significant higher odds of 

fumonisin presence (p = 0.051, OR = 2.8).  Sample site locations were significant covariates in 

the aflatoxin prediction model. 

Single kernel factors identified in this study are consistent with previous literature.  Single-kernel 

maize studies have shown that BGYF (42) and BGYF with discoloration (38) are risk factors for 

aflatoxin, and BOF with discoloration a risk factor for fumonisin (38).  In the latter study, insect 

damaged BGYF kernels were highlighted as a critical challenge for optical sorting, as the germ 

portion of the kernel was entirely consumed without other external symptoms such as moldiness 

or discoloration; insect damage is a vector for both A. flavus and F. verticillioides contamination 

and subsequent mycotoxin contamination (43, 44).  Aflatoxin contaminated maize kernels have 

previously been shown to have lower average mass than uncontaminated kernels from the same 

ear (32), consistent with the increased risk of aflatoxin contamination of kernels with mass in the 

lower 10th percentile of each sample set in these single kernel data.  Single kernel breakage was 

previously associated with aflatoxin and fumonisin levels in Kenyan maize brought to local 

hammer mills (5), and breakage had a borderline significant association with fumonisin 

contamination in these multivariate analysis.   

Discriminant analysis can differentiate mycotoxin contaminated kernels from 

uncontaminated kernels.  To calibrate the multi-spectral sorter to reject mycotoxin 

contaminated kernels, we scanned all 378 kernels with the sorter configured with two circuit 

boards, each containing either lower range (470-1,070 nm, nirL) or higher range (910-1,550 nm, 

nirH) LEDs, as dictated by the spectral range of each board’s detector hardware.  We associated 
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Table 4.2. Logistic regression for factors associated with contamination of single kernels with 
aflatoxin or fumonisin. 

Model Parameter 

Logistic Regression for Aflatoxin > 10 
ppb    

Logistic Regression for Fumonisin > 1,000 
ppb 

Estimate 
Odds Ratio (95% 

CI) P-value 
 

Estimate Odds Ratio (95% CI) P-value 

Intercept -3.61 0.03 (0.01, 0.08) <0.001 
 

-4.40 0.01 (<0.01, 0.03) <0.001 

Discoloration a 1.52 4.58 (2.11, 10.31) <0.001 
 

1.44 4.22 (1.42, 15.55) 0.016 

Insect Damaged a 1.67 5.31 (2.21, 13.51) <0.001 
 

1.16 3.18 (1.21, 8.36) 0.018 

Mass in Lower 10th a 2.27 9.70 (2.89, 38.23) 0.001 
 

- - - 
Toxin Specific Fluorescence 
b 0.96 2.62 (1.27, 5.52) 0.010 

 
1.35 3.84 (1.48, 10.82) 0.007 

Site: Field set 1 c 1.79 6.00 (1.90, 22.2) 0.004 
 

- - - 

Site: Kitui c 1.56 4.76 (1.38, 18.86) 0.018 
 

- - - 

Site: Meru c -0.71 0.49 (0.09, 2.38) 0.383 
 

- - - 

Breakage a - d - - 
 

1.02 2.78 (0.98, 7.75) 0.051 

Full model - - <0.001   - - <0.001 
a Parameter estimates are for the presence of the factor, i.e. positive in Table 4.1. 
b For the market sample kernels, bright greenish yellow fluorescence (BGYF) in the aflatoxin model and bright 
orangish fluorescence (BOF) in the fumonisin model was considered positive. For the inoculated field sample set 1 
kernels, differentiation into BGYF and BOF was not available, therefore any fluorescence were considered positive. 
c Parameter estimates are in contrast to the category reference of Site: Machakos. 
d -, Parameter not estimated in the best fitting final model. 

measured mycotoxin levels with the spectral features for each kernel and used the linear 

discriminant analysis algorithm distributed with the sorter to classify kernels as ‘accept’ or 

‘reject’ based on their having either aflatoxin or fumonisin levels greater than given thresholds, 

e.g. reject kernels with AF > 10 ppb or FM > 1,000 ppb.  We also combined the optical features 

of both the nirL and nirH boards into an in silico composite board (nirHL) to roughly assess if 

the spectral limitations of the existing hardware limited performance.  

The discriminate analysis, using all 378 single kernels for calibration, achieved a maximum 

cross-validation sensitivity (Sn) and specificity (Sp) of around 90% to reject kernels with 

mycotoxin levels at various thresholds (Figure 4.2). As expected, classification performance 

showed a tradeoff between increasing the true positive rate (Sn) and increasing the true negative 

rate (Sp), for a maximum of around 80% Sn and Sp when balancing both performance metrics.  
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Relative to each other, the lower wavelength board (nirL) showed a trend towards greater 

classification sensitivity and the higher wavelength board (nirH) shows a trend towards greater  

classification specificity.  The in silico combination of each board (nirHL) did not dramatically 

improve classification relative to either existing board (nirL or nirH), as Sn and Sp values for 

each threshold fell within the range of values for the existing boards.  Therefore, wavelength 

limitations of the existing hardware were not likely limiting classification performance.   

Choice of an optimal classifier for this mycotoxin sorting problem is difficult because it would 

require both knowledge of expected proportion of kernels in each class (class skew) and the costs 

Figure 4.2 Performance of the three feature discriminant analysis algorithm to reject 
single maize kernels contaminated with aflatoxin (AF) or fumonisin (FM) at various 
thresholds.  The algorithm was trained to classify all 378 kernels using measured AF and 
FM contamination and the best 3 of 205 optical features from the first scans for each 
kernel captured by the lower range (470-1,070 nm, nirL) and higher range (910-1,550 
nm, nirH) circuit board, as well as the in silico composite board (470-1,154 nm, nirHL 
with 816 features).  Sensitivity and specificity were calculated from the cross-validation 
classification prediction from the second scans of each kernel.     
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associated with misclassification of both contaminated and uncontaminated kernels (error costs) 

(45).  There is strong prior knowledge that naturally-occurring mycotoxin contamination is 

highly skewed towards low rates of contamination (see single kernel results).  Misclassification 

error costs for this problem are more difficult to quantify.  One would have to balance the impact 

of low specificity on food security (through increased sorting losses) with the impact of low 

sensitivity on health (through consuming a larger number of highly-contaminated maize kernels).  

Because this technology is intended for use among food insecure populations, we chose to 

prioritize minimizing food loss.  Therefore, we chose the best calibration as one with maximum 

specificity for which further increases in specificity would dramatically reduce sensitivity.   

Under these priorities, the best calibration that we could actually use for sorting was the nirL 

board rejecting kernels with AF > 10 ppb and FM > 1,000 ppb (Sn = 0.77 and Sp = 0.83, Figure 

4.2).  The next best calibration, also using the nirL board, lowers the fumonisin rejection 

threshold to 100 ppb for Sn = 0.82 and Sp = 0.80.  It is economically advantageous that the nirL 

performs marginally better than the nirH board, as the nirH board is more expensive ($300 in 

parts versus $100 for the nirL board).  If it were physically possible, use of the nirHL board at 

the AF > 10 ppb and FM > 100 ppb thresholds would provide marginally better discrimination 

(Sn = 0.78 and Sp = 0.85).  One additional advantage of using the AF > 10 and FM > 1,000 ppb 

 thresholds for sorting is those thresholds nominally target kernels that exceed levels of concern 

for each mycotoxin.  In contrast, use of the more stringent FM > 100 ppb threshold would reject 

kernels that are acceptable for consumption, potentially having a greater negative impact on food 

security.    

Both infrared and visible light features were used in the 3-feature discriminant analyses at AF > 

10 ppb and FM > 1,000 ppb thresholds (Table 4.3).  These results are consistent with previous  
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Table 4.3. Optical features used to identify and reject kernels with aflatoxin or fumonisin above 
given thresholds.  
Nominal Feature  
Number 

Individual Feature Component 
Operation 1 2 3 

nirL board rejecting aflatoxin > 10 ppb or fumonisin > 1,000 ppb 
1 880 nm IR sum a - b Difference 
2 910 nm IR sum a - Difference 
3 910 nm Color sum a - Ratio 
nirH board rejecting aflatoxin > 10 ppb or fumonisin > 1,000 ppb 
1 700 nm - - Absolute 
2 940 nm 1070 nm - Difference 
3 700 nm 970 nm 1070 nm 2nd derivative 
nirHL in silico board rejecting aflatoxin > 10 ppb or fumonisin > 100 ppb 
1 940 IR sum a - Difference 
2 Blue c Red c Color sum a 2nd derivative 
3 700 nm 970 nm 1070 nm 2nd derivative 
a For all boards, color sum adds reflectance of blue (470 nm), green (527 nm), and red (624 nm) LEDs.  For nirL 
board, infrared (IR) sum adds reflectance of 700, 850, 880, 910, 940, 970, and 1070 nm LEDs. For nirHL board, IR 
sum of also adds reflectance of 1200, 1300, 1450, and 1550 nm LEDs. 
b -, component not used for the calculation of this feature 
c Blue (470 nm), Green (527 nm), and Red (624 nm) 

sorting work that used 500 nm (blue-green) and 1,200 nm spectra to discriminate white maize 

kernels with high levels of aflatoxin (> 100 ppb) or fumonisin (> 40 ppm) from those with low 

levels (< 10 ppb or < 2 ppb AF or FM, respectively) (38). In contrast, only near-infrared spectra, 

750 and 1,200 nm, were optimal for high-speed sorting of yellow maize (28).  Our maize 

samples included both while and yellow kernels.   

One caveat for these calibration results is that the full set of single kernel data was used for 

training, with sensitivity and specificity calculated from cross-validation.  This approach 

provided the most data calibrating the sorter, the results of which are validated by sorting bulk 

maize samples (results discussed below).  Still, additional work is necessary to validate the single 

kernel performance of the classification algorithm and could take the form of (i) separating the 

existing single kernel data to allow for predicting the classifications of a set of validation kernels 

based on data from a set of calibration kernels, and (ii) analysis of single kernels from the sorted 
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bulk maize samples that are classified as toxin positive or negative, to determine empirical false 

negative and positive rates.  

Evaluation of alternative classification algorithms and spectral data do not suggest any 

major limitations to the existing sorter software or hardware.  In addition to the above 

evaluation of whether the physical constraint of the detector hardware was limiting classification 

performance (by evaluating the in silico nirHL board), we also tested if two other software or 

hardware limitations dramatically limited classification performance (i) the choice of 

classification algorithm, and (ii) the choice of LED peak emission wavelengths.   

In addition to the existing discriminant analysis algorithm, both random forest (RF) and support 

vector machine (SVM) supervised learning algorithms were used to classify kernels based on 

spectra captured by the nirL and nirH boards.  For the nirL board, neither algorithm improved 

upon discriminant analysis (Figure 4.3).  At the more stringent fumonisin reject threshold (reject 

FM > 100 ppb), both models were competitive with discriminant analysis (RF Sn = 0.80 and Sp 

= 0.82, SVM Sn = 0.80 and Sp = 0.81).  For the nirH board, RF models were marginally superior 

to discriminant analysis for rejecting AF > 10 ppb (Supplemental Figure 4.1).  Yet even the best 

performing alternative nirH board calibration (RF rejecting AF > 10 or FM > 100 ppb, Sn = 0.76 

and Sp = 0.81) was inferior to the best nirL discriminant analysis calibration.  These results 

suggest that machine learning models do not provide sufficient performance increases to justify 

their increased complexity.  Similarly, artificial neural networks were shown to preform no better 

than discriminant analysis for classifying wheat by vitreousness (46).  

To test the potential impact of building circuit boards with LEDs at alternative peak emission 

wavelengths, all kernels were also scanned on an FT-NIR machine that gathered 1,154 

reflectance spectra using emission wavelengths from 800 nm to 2,800 nm.  Use of RF and SVM 
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 models with these spectral data to classify kernels at the AF > 10 and FM > 1,000 thresholds 

using only wavelength intensity values gave poor classification performance (RF Sn = 0.50 and 

Sp = 0.76, SVM Sn = 0.39 and Sp = 0.80).   It was not computationally feasibly to enumerate all 

the multi-spectral features used as candidate features in the previous limited-spectra analysis, i.e. 

all pairwise differences, ratios, and second-derivatives, of > 1,000 spectra for exhaustive search 

classification.  Feature selection strategies prior to classification have been used for classification 

of aflatoxin contaminated hazelnuts (47) and chili pepper (48), and should be explored for maize 

if one were to pursue this avenue of improving the optical sorting technology.  

Figure 4.3. Performance of alternative classification algorithms to reject single kernels 
contaminated with aflatoxin (AF) or fumonisin (FM) at various thresholds.  Each 
algorithm was trained to classify all 378 kernels using measured AF and FM 
contamination and the appropriate combination of 205 optical features from the first 
scans for each kernel captured by the lower range (470-1,070 nm, nirL) circuit board.  
Sensitivity and specificity were calculated from the cross-validation classification 
prediction from the second scans of each kernel.  Algorithms evaluated are: Disc, 
discriminant analysis; RF, random forest; and SVM, support vector machines. 
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Still, full-spectrum data may not improve over limited-spectra discriminant analysis.  One study 

found no improvement when using full-spectrum partial least squares regression compared to 

discriminant analysis to classify single kernels as having high (> 100 ppb) aflatoxin, compared to 

low (<10 ppb) levels (42).  Both methods achieved > 95% sensitivity when classification error 

for intermediate contamination (between 10-100 ppb) was ignored.   In another study, classifying 

bulk maize samples as having aflatoxin > 20 ppb using spectrophotometric instruments with 

spectral ranges of 400-2,500 nm and 1,100-2,500 nm, achieved cross-validation error rates of 15-

25% (49), error rates similar to the best discriminant calibrations developed here for classifying 

single kernels.   

Other hardware and software improvements may have more potential to improve optical sorting.  

Limited-spectra sorting may be improved by incorporating ultraviolet light into the panel of 

emission LEDs.  Incorporation of ultraviolet light would leverage the well-known, yet imperfect, 

correlation of bright greenish yellow fluorescence (BGYF) with aflatoxin contamination (41).  

Discriminant analysis of reflectance emission spectra from 400-600 nm under 365 nm ultraviolet 

light was used to classify single maize kernels as having above 20 or 100 ppb aflatoxin with 

around 85% cross-validation accuracy (50), supporting potential for use of ultraviolet light in 

real-time sorting applications.   On the software side, improvements may be gained from 

developing sample specific calibrations, e.g. for white versus yellow maize, as these analyses did 

not differentiate maize kernels by color. 

Optical sorting enriches for mycotoxins in rejected maize.  For a more direct test of the 

potential for optical sorting to reduce mycotoxin levels, 46 market maize samples were sorted 

kernel-by-kernel with the nirL board calibrated to reject kernels with AF >10 ppb or FM >1,000 

ppb.  Kernels were manually binned into accept or reject streams to isolate the theoretical sorting 
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performance from mechanical error, such as imperfect reject kernel diversion.  Mycotoxin levels, 

as well as the mass fractions, of the accepted and rejected streams of maize were measured.  The 

rejection rate was significantly greater for samples for which previous bulk tests detected either 

aflatoxin (p = 0.014) or fumonisin (p < 0.001, Figure 4.4).  No significant interaction was 

detected between aflatoxin and fumonisin detection on the rejection rate.  In almost every case in 

which aflatoxins or fumonisins were detectable in the sorted maize, the rejected maize had 

higher aflatoxin levels than the accepted maize (Figure 4.5, in 21 of 25 cases accepted maize had 

lower aflatoxin than rejected maize and in 25 or 27 cases accepted maize had lower fumonisin 

than rejected maize).  Toxins levels were significantly higher in the rejected maize than the 

accepted maize (0.777 log(ppb) AF and 0.788 log(ppb) FM higher, p < 0.001 for each toxin,  

Figure 4.4. Reject rates in decimal mass fraction of sorted maize samples as classified by 
mycotoxin presence in previous bulk sample ELISA.  For each box the solid line is the 
median reject rate, box height is the inner quartile range, whiskers extend to the most 
extreme value within 1.5*IQR of the box, and outliers are plotted as points.   
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blocking by sample). These estimates corresponded to an 83.3% and 83.7% reduction in 

aflatoxin and fumonisin, respectively.  Sorting efficacy was not affected by the district the 

samples were purchased from, if the samples had been locally dehulled, or by the sorting reject 

rate (p > 0.05 for each parameter). 

  

Figure 4.5. Aflatoxin (top) and fumonisin (bottom) levels in the accept and reject streams 
of 46 Kenyan market maize samples sorted to removed single kernels with AF > 10 ppb 
or fumonisin > 1,000 ppb, using the visible to infrared spectrum board (nirL).  A 
downward pointing arrow indicates that mycotoxin levels were enriched in the reject 
stream of the sorted maize sample.  Points with no detectable mycotoxin (AF < 1 pbb, 
FM < 100 ppb) are plotted at the detection thresholds. 
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These results for sorting Kenyan market maize with a relatively simple optical sorter are 

consistent with results that have been reported based on sorting maize with more sophisticated 

spectrometry.  High-speed dual–wavelength sorting reduced aflatoxin and fumonisin levels in 

commercial yellow maize samples by around 80% (28), and identified over 95% of extensively 

discolored, fungus-infected grains (51).  In dual-wavelength sorting of white maize samples, 

using reflectance of 500 nm and 1,200 nm, fixed reject rates of 4 to 9% achieved an average 

reduction of aflatoxin by 46% and fumonisin by 57% (38).  Overall, this relative simple, multi-

spectral sorter has shown potential to reduce mycotoxins in Kenyan maize and follow-up for this 

study should work to (i) improve the theoretical performance of the machine, e.g. by adding  

ultraviolet light to the circuit boards or developing sample specific calibrations, and (ii) better 

adapt the sorting technology to the conditions in the local hammer mills were it is intended for 

use, e.g. by reducing the cost of components and increasing throughput by adding multiple 

sorting channels. 

If this optical sorting technology could be adapted for efficient use in local hammer mills, it has 

the potential to improve upon classic food processing operations that also reduce mycotoxins in 

maize.  Traditional food processing steps of winnowing, washing, crushing, and dehulling were 

responsible for aflatoxin and fumonisin removal rates between 40-90% for traditional food 

products in Benin (52).  Manual sorting of kernels to remove visibly infected or damaged maize  

can remove 70% of the fumonisins in the maize under laboratory conditions, and addition of a 

washing step with ambient temperature water is able to remove an additional 13% of fumonisin 

(53).  When carried out by residents of subsistence farming communities, a similar procedure 

reduced fumonisins in maize by 84% and in porridge by 65% (54).  Traditional sorting prior to 

milling reduced fumonisins in post-milling maize flour by a mean of 65%, without effecting 
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aflatoxin levels (5). Unfortunately for resource-constrained households, many of these traditional 

food processing operations are labor intensive and do not integrate directly into the preferred 

maize value-chain involving local hammer milling.  In contrast, the optical sorting technology 

evaluated here could be integrated directly into existing local hammer milling infrastructure as a 

grain cleaning unit operation directly prior to milling.  With access to such technology, 

consumers would able to apply a cheap intervention to remove the most heavily mycotoxin-

contaminated kernels and then consume the majority of their existing food with minimal 

exposure to mycotoxins.   
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CHAPTER 5  

CONCLUSION 

I close my dissertation with how I see my work relating to future directions for food safety risk 

analysis and management.  Sweeping changes to U.S. oversight of the food supply are underway 

following the December 2010 passage of the Food Safety Modernization Act (FSMA, (1)).  Most 

relevant to my work, food facilities are required to implement preventative controls against 

foodborne illness and the FDA will move towards a risk-based, innovative inspection.   

Preventative controls to reduce foodborne illness have been standard practice in the meat, 

seafood, and low-acid canned food industries, using the formal Hazard Analysis and Critical 

Control Point (HACCP) system (2); under FSMA, the FDA requires a similar approach in the 

broader food system (1).  Under HACCP, cleaning and sanitation, including the environmental 

monitoring to verify those activities, is one of the prerequisite programs necessary for, but 

subordinate to, monitoring critical control points (3). The engineering standard ISO 22000, 

(Food Safety Management Systems—Requirements for Any Organization in the Food Chain) 

strengths HACCP programs by applying engineering methods of quality improvement (i.e., ISO 

9001) specifically to food safety (2).  Preventative controls can be strengthened by appropriately 

applying engineering methods of quality improvement. 

One theme of my collaborative work during my PhD has been to apply engineering methods, 

such as statistical process control (4), to environmental monitoring for bacterial contamination in 

ready-to-eat production and retail environments.  My project for an engineering quality 

certification (a Six Sigma Blackbelt) grew into a published analysis (5) that selected statistically 

representative sites for environmental monitoring of L. monocytogenes in retail delis.  The paper 

also showed adenosine triphosphate levels from surface swabs increased with increased odds of 
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isolation of L. monocytogenes from the deli environment.  I have also helped develop statistical 

tools to identify bacterial persistence (6).  These statistical tools were improved upon by machine 

learning tools (7),  and further refined by the WGS work presented here in Chapter 3.  Finally, on 

the control side of preventative controls, my work on developing a context-appropriate sorting 

machine to remove mycotoxins from maize in Kenya shows the potential for engineering 

methods to manage known food safety risks.  The maize mycotoxin management system could 

be further improved with the application of rapid bulk detection systems, such as electronic nose 

for detection of fumonisins (8) (in development for aflatoxins (9)).  Rapid bulk detection systems 

could either qualify lots as mycotoxin-free, so they bypass sorting, or flag lots as contaminated 

and thus require a pass through the sorting process.    

Moving towards risk-based, innovative inspection of food processing facilities will require 

improvements in the risk assessment process that has contributed to food regulatory policy since 

the early 1990’s (10).  There is a particular need for continuing risk-ranking and risk-

prioritization work to identify the most critical food safety issues.  Specifically, the FDA must 

identify ‘High-Risk Foods’ under FSMA (11).  The drafted approach will incorporate qualitative, 

semi-quantitative, and quantitative risk assessments, as appropriate.  Researchers have already 

developed methods to rank the burden of foodborne microbial pathogens by US costs of illness 

and quality adjusted life year (QALY) losses (12, 13).  Other efforts rank the relative risk of 

pairs of foodborne pathogens and food sources (14).  A web-based platform, iRISK, has been 

published for users to estimate disability adjusted life year (DALY) losses from both microbial 

pathogens and chemical contaminants in food (15).  Continued development of risk-benefit 

analysis (16) is still needed to directly address questions relevant to policy or personal action.  

Examples include balancing the use of fungicides to reduce mycotoxin exposure (cited in (16)) 
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and balancing the risk of methlymercury and benefit of polyunsaturated fatty acids from 

consumption of seafood (17).  My work in Chapter 2 falls in this category.  I model a potential 

unintended consequence of increased deaths from listeriosis due to increasing fluid milk HTST 

pasteurization temperatures.  In doing so I and add to the literature of how detailed quantitative 

microbial risk assessment can contribute to risk-benefit discussions. 

There is a need for more systems thinking in food safety.  We could learn from the discipline of 

systems dynamics.  That discipline builds complex models of phenomena under often unknown, 

uncertain conditions, in an attempt to directly explore the complexity of real world systems (18).  

Food systems are very complex, and food safety improvements operate on many levels.  

Persistent bacterial pathogens, such as L. monocytogenes (19), exist in many points in the food 

system.  I have collaborated on work to address the difficult problem of persistent pathogen 

identification ((6, 7, 20), Chapter 3) and the possibly more difficult problem of pathogen 

elimination (6).  One common food safety management strategy, recall of contaminated 

products, contributes to the large amounts food waste.  For example, consider the recall of 143 

million pounds of beef in 2008 (21).  While food waste is increasingly entering the academic (22, 

23) and government (24) discourse, I know of no systematic estimate of food waste due to 

finished product recalls, or the impact of such waste on food security.  Still, consumption of 

contaminated food is clearly not the appropriate strategy to achieve food security.  My hope is 

that improvements in food safety risk analysis will provide small steps along society’s long path 

to address broad problems in food safety and food security. 
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APPENDIX 1. SUPPLEMENTAL FIGURES 
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Supplemental Figure 2.1.  A representative set of growth curves for a milk trial (trial 4 
presented).  Each panel represents a growth curve plotting the log(CFU/ml) over time [days] for 
the average of duplicate enumeration on L. monocytogenes plating medium (LMPM) or Standard 
Plate Count agar (SPC).  The planel title describes the pasteurization condition (72°C or 82°C  
pasteurization for FP72 or FP82, respective, or the unpasteurized raw milk controls, and if the 
milk was inoculated with L. monocytogenes, where LM is inoculated and noLM is the 
uninocualated control.   X indicate plate count data, O indicate fitted growth curves at the 
measured time points.  Top left legend give fit parameters: SSE is sum squared error, lag is λ, 
mumax is μmax., N0 is initial cell density (N0), and Nmax is Nmax. 
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Supplemental Figure 2.2. Predicted listeriosis mortality due to pasteurization of milk at 82°C 
(after calibrated to 17.7 deaths for 72°C pasteurization) when the Nmax parameter is drawn from 
the LOW mean (top) and HIGH mean (bottom) normal distribution for the LMPM mixture 
distribution of Nmax in Table 2, respectively.   
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Supplemental Figure 2.3. Probability of exposure to a given dose of L. monocytogenes is post-
processing contaminated milk when the milk is pasteurized at 72°C (dashed lines) or 82°C (solid 
lines).  Thin lines are the probability of a serving resulting in exposure to a given dose of L. 
monocytogenes for a single uncertainty iteration (300 total) using the bacterial growth parameters 
derived from the non-selective medium, SPC.  Thick lines are the median probabilities 
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Supplemental Figure 2.4. Predicted listeriosis mortality due to pasteurization of milk at 82°C 
when the dose-response function is calibrated so the exposure assessment from 72°C 
pasteurization causes 18 deaths per annum (top).  Fold-change in mortality from the 72°C to the 
82°C pasteurization exposures (bottom).  Histograms present the frequency of mortality and 
fold-change metrics for 4,000 dose-response iterations. Bacterial growth parameters for the risk 
assessment were derived from the non-selective medium, SPC. 
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Supplemental Figure 3.1. Maximum likelihood phylogenetic tree generated from 16,097 core 
genome SNPs differentiating all 188 isolates sequenced in this study (long taxa names starting 
with ‘Deli’), plus a set of 44 additional L. monocytogenes genomes that span the genetic 
diversity of the isolates (all other taxa, Supplemental Table 3.2).  Bootstrap support values are 
plotted for nodes with > 90% support.  Genetic lineages are annotated.   
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Supplemental Figure 3.2. SNP count boxplots to identify persistent strains of L. monocytogenes 
using 14,846 core and accessory genome SNPs among lineage I isolates.  Panel A, within 
persistence event SNP counts for isolates that form a deli specific clade where no comparison 
isolates of the same subtype are available.  Panel B, within persistence event and comparison 
SNP counts for isolates that form a deli specific clade and comparison isolates are available.  
Panel C, SNP counts for putative persistence events for isolates that form a region specific clade.  
Panel D, SNP counts for putative persistence events for isolates that form a multi-region clade.  
To accommodate a log-scale y-axis, counts of zero SNP differences are plotted just below the 1 
SNP difference y-axis minimum.  There are two differences in grouping from the core SNPs 
boxplots (i) SNPgroup-3 has been separated into PFGE types CU-262-79 and CU-262-319, and 
(ii) five strains from SNPgroup-1 have been excluded as they are outliers from the SNPgroup-1 
phylogenetic clade, see Supplemental Figure 3.3 for details 
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Supplemental Figure 3.3. Maximum likelihood phylogenetic tree generated from 14,846 core and 
accessory genome SNPs called in Cortex_var for all 179 lineage I isolates.  Support values were 
calculated from 500 bootstrap iterations in RAxML and plotted on all nodes with > 70% support.  
Tree tips are shaded by previously assigned PFGE type.  Tip symbols are shaded by region and 
shaped by deli of isolation.  Tree topology is largely congruent with the core SNP tree presented 
in Figure 3.1, with two notable differences: (i) isolates with PFGE types CU-262-79 and CU-
262-319 no longer for a single SNPgroup (previously SNPgroup-3), therefore subsequent SNP 
difference analyses (Supplemental Figure 3.2) treat these PFGE types as separate groups, and (ii) 
five isolates of PFGE types CU-11-320 and CU-40-96 are separated from the large clade of 
strains previously grouped as SNPgroup-1, therefore subsequent SNP difference analyses 
(Supplemental Figure 3.2) exclude these five strains.    
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Supplemental Figure 4.1.  Performance of the alternative classification algorithms to reject single 
kernels contaminated with aflatoxin (AF) or fumonisin (FM) at various thresholds.  Each 
algorithm was trained to classify all 378 kernels using measured AF and FM contamination and 
the appropriate combination of 205 optical features from the first scans for each kernel captured 
by the higher range (910-1,550 nm, nirH) circuit board.  Sensitivity and specificity were 
calculated from the cross-validation classification prediction from the second scans of each 
kernel. Algorithms evaluated are: Disc, discriminant analysis; RF, random forest; and SVM, 
support vector machines. 
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APPENDIX 2. SUPPLEMENTAL TABLES 

 



 

Supplemental Table 2.1. Individual growth parameter estimates for L. monocytogenes growth in milk at 6°C after inoculation 
following raw milk pasteurization at either 72°C or 82°C for 25 s.  

Product 
Enumeration  

Media 

  Input parameter estimation for:   Standard error of estimation for: 

Sum  
Squared  

Error trial 

λ 
[d] 

(Regression) 

λa 
[d] 

(Model 
Input) 

μmax 
[Log(CFU/ml)/d] 

(Regression) 

N0 
[Log(CFU/ml)] 

(Regression) 

Nmax 
[Log(CFU/ml)] 

(Regression) 

Nmax 
[Log(CFU/ml)] 

(Observed) 

Nmax 
[Log(CFU/ml)] 
(Model Input)   λ μmax N0 Nmax 

72°C LMPM 1 4.40 4.40 0.53 3.70 8.99 9.15 8.99 
 

0.50 0.09 0.11 0.13 0.12 

Pasteurized  
 

2 5.38 5.38 0.59 3.12 10.82 10.78 10.82 
 

0.36 0.06 0.09 0.18 0.10 

Milk 
 

3 4.57 4.57 0.92 3.65 9.86 9.95 9.86 
 

0.30 0.18 0.09 0.11 0.08 

  
4 4.45 4.45 0.52 3.39 10.00 9.97 10.00 

 
0.31 0.04 0.07 0.12 0.05 

  
5 6.29 6.29 0.51 3.51 9.28 9.26 9.28 

 
0.14 0.02 0.03 0.05 0.01 

  
6 3.53 3.53 0.46 3.64 10.71 10.69 10.71 

 
0.30 0.03 0.07 0.10 0.04 

  
7 3.50 3.50 0.37 2.62 8.00 8.04 8.00 

 
0.89 0.07 0.15 0.17 0.25 

  
8 5.17 5.17 0.38 3.26 8.06 8.15 8.06 

 
1.08 0.11 0.17 0.17 0.46 

  
9 7.32 7.32 0.51 2.78 8.04 8.08 8.04 

 
0.25 0.04 0.04 0.05 0.04 

  
10 2.72 2.72 0.46 2.92 8.02 8.15 8.02 

 
0.75 0.10 0.15 0.11 0.26 

  
11 3.99 3.99 0.38 2.79 8.18 8.26 8.18 

 
0.57 0.05 0.10 0.09 0.13 

  
12 3.58 3.58 0.39 3.03 8.23 8.36 8.23 

 
1.33 0.12 0.23 0.20 0.71 

 
SPC 1 4.48 4.48 0.58 3.62 9.00 9.40 9.00 

 
0.75 0.17 0.17 0.21 0.33 

  
2 4.44 4.44 0.53 3.06 NA 10.94 10.94 

 
0.59 0.06 0.16 NA 0.33 

  
3 3.45 3.45 0.72 3.55 10.32 10.49 10.32 

 
0.65 0.19 0.17 0.24 0.20 

  
4 4.59 4.59 0.54 3.58 10.03 10.00 10.03 

 
0.35 0.05 0.08 0.14 0.07 

  
5 5.19 5.19 0.45 3.42 NA 10.11 10.11 

 
0.74 0.06 0.16 NA 0.36 

  
6 2.64 2.64 0.40 3.63 10.71 10.63 10.71 

 
0.94 0.07 0.19 0.32 0.27 

  
7 4.10 4.10 0.44 2.56 7.86 8.18 7.86 

 
0.87 0.10 0.16 0.18 0.32 

  
8 6.00 6.00 0.39 3.58 8.06 8.23 8.06 

 
1.24 0.14 0.18 0.19 0.57 

  
9 5.11 5.11 0.49 1.87 8.11 8.15 8.11 

 
0.44 0.06 0.09 0.09 0.15 

  
10 1.64 1.64 0.55 1.59 8.12 8.20 8.12 

 
1.09 0.16 0.23 0.14 0.39 

  
11 3.06 3.06 0.36 2.83 8.27 8.28 8.27 

 
0.61 0.05 0.11 0.09 0.13 

  
12 4.42 4.42 0.39 3.32 8.37 8.49 8.37 

 
1.12 0.11 0.19 0.18 0.53 

82°C  LMPM 1 0.12 0.12 0.50 3.56 13.10 12.96 13.10 
 

0.65 0.05 0.22 0.33 0.15 
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Product 
Enumeration  

Media 

  Input parameter estimation for:   Standard error of estimation for: 

Sum  
Squared  

Error trial 

λ 
[d] 

(Regression) 

λa 
[d] 

(Model 
Input) 

μmax 
[Log(CFU/ml)/d] 

(Regression) 

N0 
[Log(CFU/ml)] 

(Regression) 

Nmax 
[Log(CFU/ml)] 

(Regression) 

Nmax 
[Log(CFU/ml)] 

(Observed) 

Nmax 
[Log(CFU/ml)] 
(Model Input)   λ μmax N0 Nmax 

Pasteurized 
 

2 2.95 2.95 0.58 3.08 11.92 11.91 11.92 
 

0.91 0.11 0.27 0.42 0.59 

Milk 
 

3 1.69 1.69 0.62 3.53 11.13 11.15 11.13 
 

0.55 0.08 0.18 0.24 0.15 

  
4 2.29 2.29 0.58 3.42 10.79 10.97 10.79 

 
0.62 0.09 0.18 0.19 0.24 

  
5 Nab 0.00 0.43 3.39 12.67 11.88 12.67 

 
NA 0.07 0.27 3.60 1.00 

  
6 1.58 1.58 0.61 3.64 11.82 11.89 11.82 

 
0.50 0.07 0.17 0.16 0.17 

  
7 2.13 2.13 0.50 2.63 8.34 8.46 8.34 

 
0.54 0.08 0.13 0.10 0.14 

  
8 4.12 4.12 0.65 3.54 8.52 8.66 8.52 

 
0.51 0.17 0.11 0.08 0.17 

  
9 2.95 2.95 0.63 2.97 8.54 8.62 8.54 

 
0.25 0.06 0.06 0.04 0.04 

  
10 1.01 1.01 0.56 2.94 8.63 8.67 8.63 

 
0.61 0.10 0.17 0.09 0.22 

  
11 2.40 2.40 0.53 2.95 8.32 8.48 8.32 

 
0.67 0.12 0.16 0.10 0.25 

  
12 2.62 2.62 0.55 3.10 8.62 8.68 8.62 

 
0.21 0.04 0.05 0.03 0.03 

 
SPC 1 0.27 0.27 0.52 3.55 13.13 13.04 13.13 

 
0.46 0.03 0.16 0.21 0.11 

  
2 3.45 3.45 0.63 3.24 12.04 12.04 12.04 

 
0.31 0.04 0.10 0.15 0.08 

  
3 1.71 1.71 0.63 3.62 11.16 11.20 11.16 

 
0.43 0.07 0.14 0.18 0.10 

  
4 2.32 2.32 0.59 3.59 11.01 11.28 11.01 

 
0.70 0.10 0.21 0.22 0.31 

  
5 NA 0.00 0.47 3.19 12.30 12.11 12.30 

 
NA 0.07 0.28 0.75 1.08 

  
6 2.01 2.01 0.61 3.93 11.85 11.85 11.85 

 
0.51 0.08 0.17 0.17 0.19 

  
7 0.40 0.40 0.48 1.93 8.63 8.68 8.63 

 
1.05 0.10 0.30 0.19 0.51 

  
8 3.68 3.68 0.51 3.59 8.59 8.63 8.59 

 
0.19 0.03 0.04 0.03 0.02 

  
9 2.26 2.26 0.75 2.02 8.52 8.65 8.52 

 
0.34 0.10 0.12 0.07 0.15 

  
10 0.26 0.26 0.66 1.84 8.68 8.75 8.68 

 
0.86 0.16 0.33 0.15 0.70 

  
11 2.64 2.64 0.55 2.96 8.58 8.63 8.58 

 
0.62 0.12 0.15 0.10 0.24 

    12 2.37 2.37 0.51 3.25 8.64 8.67 8.64   0.39 0.06 0.09 0.06 0.09 
aAdditional columns are added for parameters where the regression parameter estimates were not sufficient for inputs into the risk assessment model.  In these 
cases the model inputs and observed values, where appropriate, are indicated in (). 
bNA, growth curve was fit without this parameter because a distinct lag or stationary phase, as appropriate, was not observed in the plate count data. 
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Supplemental Table 2.2.  Mixed model ANOVA results for the effect of increasing milk pasteurization temperature on bacterial 
growth parameters derived from enumerating bacteria on the non-selective media SPC 

Regression parameter 
Effect of increased pasteurization temperature (82°C-72°C): Least-square means parameter estimate at: 

Estimate SE p-value 95% CIa 72°C (95% CI) 82°C (95% CI) 
λ [d] -2.31 0.36 <0.001 (-3.24, -1.38) 4.09 (3.30, 4.88) 1.78 (0.99, 2.57) 
Nmax [log(CFU/ml)] 1.10 0.31 0.005 (0.41, 1.79) 9.15 (8.19, 10.13) 10.26 (9.29, 11.23) 
μmax [log(CFU/ml)/d] 0.090 0.031 0.014 (0.022, 0.157) 0.487 (0.427, 0.547) 0.579 (0.516, 0.637) 

a CI, Confidence interval 
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Supplemental Table 2.3. Covariates for the 12 milk trials that were considered to possibly explain the changes in final L. 
monocytogenes density between the first and last 6 trials 

Trial Month Year 

Lactoperoxidase activity [units/ml]a 
in:   

Nmax from enumeration 
on SPC of non-

inoculated: 

Raw 
Milk  

72°C 
Pasteurized 

Milk 

82°C 
Pasteurized 

Milk   

72°C 
Pasteurized 

Milk 

82°C 
Pasteurized 

Milk 
1 December 2008 7.44 5.43 0.05 

 
2.32 7.54 

2 January 2009 4.75 3.05 0.06 
 

2.11 2.79 
3 March 2009 3.73 2.32 0.06 

 
7.43 7.18 

4 July 2009 3.14 2.45 0.00 
 

3.53 7.08 
5 September 2009 .b . . 

 
2.83 2.58 

6 November 2009 . . . 
 

1.73 1.71 
7 January 2010 0.21 0.14 0.01 

 
4.63 5.28 

8 March  2010 . . . 
 

4.34 6.76 
9 May 2010 0.07 0.19 0.01 

 
2.11 4.00 

10 July 2010 . . . 
 

3.15 7.18 
11 September 2010 0.28 0.22 0.00 

 
6.20 7.43 

12 November 2010 0.07 0.21 0.00   5.74 6.34 
aLactoperoxidase activity was measured as in Marks, N. E., A. S. Grandison, and M. J. Lewis. 2001. Challenge testing of the lactoperoxidase system in 
pasteurized milk. J.Appl.Microbiol. 91:735-41. 
bSample not tested.  
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Supplemental Table 3.1.  Strains sequenced in the retail deli L. monocytogenes persistence study. 
FSL Source Date Status Timing ITEP Subset Lineage PFGE sigB AT MLST sequence type (ST) and individual gene allelic types 

ST abcZ bglA cat dapE dat ldh lhkA 
FSL F6-0311 Other deli study* 3/5/2007 na na FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL F6-0312 Other deli study 3/5/2007 na na FALSE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL F8-0076 Sausage plant 5/25/2004 na na FALSE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL F8-0081 Sausage plant 5/19/2004 na na FALSE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL F8-0114 Sausage plant 5/19/2004 na na FALSE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL H5-0793 Other deli study 12/13/2005 na na FALSE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL L3-0257 Seafood plant 4/9/2002 na na FALSE II CU-182-173 57 635 23 29 3 30 6 6 1 
FSL L4-0396 Seafood plant 12/16/2002 na na FALSE II CU-182-173 57 635 23 29 3 30 6 6 1 
FSL L4-0404 Seafood plant 12/16/2002 na na FALSE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-5081 Store 2 4/15/2010 Persist beg TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-5088 Store 2 4/15/2010 Persist beg TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-5095 Store 7 4/14/2010 Persist beg TRUE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-5104 Store 10 4/22/2010 Sporadic na TRUE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-5108 Store 8 4/27/2010 Persist beg TRUE I CU-8-340 63 5 2 1 11 3 3 1 7 
FSL R8-5112 Store 8 4/27/2010 Persist beg TRUE I CU-11-326 63 5 2 1 11 3 3 1 7 
FSL R8-5119 Store 11 4/27/2010 Sporadic na TRUE I CU-11-326 63 5 2 1 11 3 3 1 7 
FSL R8-5124 Store 13 4/28/2010 Persist beg TRUE I CU-11-282 63 5 2 1 11 3 3 1 7 
FSL R8-5230 Store 2 5/17/2010 Persist beg TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-5233 Store 2 5/17/2010 Persist mid FALSE I CU-8-96 63 NOV 2 1 11 3 3*? 1 7 
FSL R8-5237 Store 4 5/17/2010 Sporadic na TRUE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-5249 Store 7 5/17/2010 Persist mid FALSE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-5257 Store 2 6/14/2010 Persist mid FALSE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-5309 Store 7 6/14/2010 Persist mid FALSE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-5318 Store 10 6/14/2010 Persist beg TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-5402 Store 10 7/19/2010 Persist beg TRUE I CU-294-321 60 323 34 12 11 15 3 1 2 
FSL R8-5410 Store 10 7/19/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-5436 Store 2 7/19/2010 Persist beg TRUE I CU-55-266 61 296 12 12 12 61 3 1 4 
FSL R8-5449 Store 2 7/19/2010 Persist mid FALSE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-5463 Store 2 7/19/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-5487 Store 7 7/19/2010 Sporadic na TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-5528 Store 7 7/19/2010 Persist mid TRUE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-5543 Store 3 7/19/2010 Sporadic na TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
FSL R8-5559 Store 8 7/26/2010 Persist mid FALSE I CU-8-340 63 5 2 1 11 3 3 1 7 
FSL R8-5576 Store 8 8/9/2010 Persist mid TRUE I CU-8-340 63 5 2 1 11 3 3 1 7 
FSL R8-5584 Store 8 8/9/2010 Persist end TRUE I CU-11-326 63 5 2 1 11 3 3 1 7 
FSL R8-5610 Store 21 8/9/2010 Persist beg TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-5646 Store 22 8/2/2010 Sporadic na TRUE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-5686 Store 25 8/2/2010 Sporadic na TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-5726 Store 27 8/2/2010 Sporadic na TRUE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-5748 Store 29 8/9/2010 Persist beg TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
FSL R8-5760 Store 21 8/9/2010 Persist beg TRUE I CU-294-321 60 323 34 12 11 15 3 1 2 
FSL R8-5775 Store 16 8/9/2010 Persist beg TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-5786 Store 16 8/9/2010 Persist beg TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-5797 Store 18 8/9/2010 Persist beg TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
FSL R8-5805 Store 23 8/9/2010 Persist beg TRUE I CU-258-323 64 6 3 9 9 3 3 1 5 
FSL R8-5809 Store 23 8/9/2010 Sporadic na TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
FSL R8-5833 Store 23 8/9/2010 Persist beg TRUE I CU-258-322 64 6 3 9 9 3 3 1 5 
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FSL Source Date Status Timing ITEP Subset Lineage PFGE sigB AT MLST sequence type (ST) and individual gene allelic types 
ST abcZ bglA cat dapE dat ldh lhkA 

FSL R8-5844 Store 23 8/9/2010 Persist beg TRUE I CU-259-322 64 6 3 9 9 3 3 1 5 
FSL R8-5854 Store 24 8/9/2010 Persist beg TRUE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-5878 Store 28 8/9/2010 Persist beg TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-5884 Store 28 8/9/2010 Persist beg TRUE I CU-262-319 58 2 1 1 11 11 2 1 5 
FSL R8-5975 Store 7 8/24/2010 Persist mid FALSE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-6024 Store 2 8/24/2010 Persist mid FALSE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-6033 Store 2 8/24/2010 Persist mid TRUE I CU-55-266 61 296 12 12 12 61 3 1 4 
FSL R8-6036 Store 2 8/24/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6037 Store 10 8/24/2010 Sporadic na TRUE I CU-258-323 64 6 3 9 9 3 3 1 5 
FSL R8-6045 Store 10 8/24/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6046 Store 10 8/24/2010 Persist mid TRUE I CU-294-321 60 323 34 12 11 15 3 1 2 
FSL R8-6112 Store 16 9/7/2010 Persist mid FALSE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-6122 Store 23 9/7/2010 Persist mid FALSE I CU-259-322 64 6 3 9 9 3 3 1 5 
FSL R8-6134 Store 23 9/7/2010 Persist beg FALSE II CU-296-330 57 9 6 5 6 4 1 4 1 
FSL R8-6138 Store 23 9/7/2010 Persist mid TRUE I CU-258-323 64 6 3 9 9 3 3 1 5 
FSL R8-6160 Store 23 9/7/2010 Persist mid TRUE I CU-258-322 64 6 3 9 9 3 3 1 5 
FSL R8-6168 Store 23 9/7/2010 Persist beg TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-6176 Store 28 9/7/2010 Persist mid TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-6180 Store 28 9/7/2010 Persist mid FALSE I CU-262-319 58 2 1 1 11 11 2 1 5 
FSL R8-6208 Store 21 9/7/2010 Persist mid TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6220 Store 21 9/7/2010 Persist beg TRUE I CU-262-318 58 2 1 1 11 11 2 1 5 
FSL R8-6232 Store 24 9/7/2010 Persist mid TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6244 Store 24 9/7/2010 Persist beg TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-6257 Store 8 9/14/2010 Persist mid FALSE I CU-8-340 63 5 2 1 11 3 3 1 7 
FSL R8-6271 Store 29 9/14/2010 Persist mid TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
FSL R8-6283 Store 13 9/13/2010 Persist beg TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6305 Store 2 9/20/2010 Persist mid TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6313 Store 2 9/20/2010 Persist mid TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-6317 Store 2 9/20/2010 Persist mid TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-6321 Store 10 9/20/2010 Persist beg TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-6341 Store 10 9/20/2010 Sporadic na TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-6345 Store 10 9/20/2010 Persist mid TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6359 Store 7 9/20/2010 Sporadic na TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-6373 Store 19 9/27/2010 Persist beg FALSE II CU-182-173 57 635 23 29 3 30 6 6 1 
FSL R8-6426 Store 29 10/11/2010 Persist mid TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-6446 Store 18 10/12/2010 Persist end TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
FSL R8-6456 Store 26 10/12/2010 Sporadic na TRUE I CU-262-318 58 257 1 1 11 11 2 30 5 
FSL R8-6480 Store 13 10/12/2010 Persist mid FALSE I CU-11-282 63 5 2 1 11 3 3 1 7 
FSL R8-6488 Store 8 10/11/2010 Sporadic na TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
FSL R8-6553 Store 28 10/18/2010 Persist mid FALSE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-6557 Store 28 10/18/2010 Persist mid FALSE I CU-262-319 58 2 1 1 11 11 2 1 5 
FSL R8-6592 Store 16 10/18/2010 Persist end TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-6603 Store 16 10/18/2010 Persist mid TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-6607 Store 21 10/18/2010 Persist end TRUE I CU-294-321 60 323 34 12 11 15 3 1 2 
FSL R8-6617 Store 21 10/18/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6625 Store 4 10/26/2010 Persist beg TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-6637 Store 2 10/26/2010 Persist end TRUE I CU-55-266 61 296 12 12 12 61 3 1 4 
FSL R8-6641 Store 2 10/26/2010 Sporadic na TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
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FSL Source Date Status Timing ITEP Subset Lineage PFGE sigB AT MLST sequence type (ST) and individual gene allelic types 
ST abcZ bglA cat dapE dat ldh lhkA 

FSL R8-6649 Store 2 10/26/2010 Persist end TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-6661 Store 2 10/26/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6691 Store 7 10/26/2010 Persist mid FALSE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-6717 Store 10 10/26/2010 Persist mid TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-6721 Store 10 10/26/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6725 Store 10 10/26/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6735 Store 23 10/26/2010 Persist beg TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-6739 Store 23 10/26/2010 Persist beg TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6743 Store 23 10/26/2010 Persist mid FALSE I CU-258-322 64 6 3 9 9 3 3 1 5 
FSL R8-6761 Store 23 10/26/2010 Persist beg TRUE I CU-262-334 58 2 1 1 11 11 2 1 5 
FSL R8-6765 Store 23 10/26/2010 Persist mid FALSE I CU-258-323 64 6 3 9 9 3 3 1 5 
FSL R8-6791 Store 24 10/18/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6808 Store 21 11/11/2010 Sporadic na TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-6828 Store 21 11/11/2010 Persist mid TRUE I CU-262-318 58 2 1 1 11 11 2 1 5 
FSL R8-6836 Store 24 11/1/2010 Sporadic na TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-6848 Store 24 11/1/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-6870 Store 24 11/1/2010 Persist mid TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-6892 Store 23 11/1/2010 Persist end FALSE II CU-296-330 57 9 6 5 6 4 1 4 1 
FSL R8-6896 Store 23 11/1/2010 Persist beg TRUE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-6900 Store 23 11/1/2010 Persist end TRUE I CU-262-334 58 2 1 1 11 11 2 1 5 
FSL R8-6908 Store 23 11/1/2010 Persist mid FALSE I CU-258-322 64 6 3 9 9 3 3 1 5 
FSL R8-6910 Store 23 11/1/2010 Persist mid FALSE I CU-258-323 64 6 3 9 9 3 3 1 5 
FSL R8-6914 Store 23 11/1/2010 Persist mid FALSE I CU-259-322 64 6 3 9 9 3 3 1 5 
FSL R8-6918 Store 16 11/1/2010 Persist beg TRUE I CU-294-321 60 323 34 12 11 15 3 1 2 
FSL R8-6936 Store 16 11/1/2010 Persist mid FALSE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-6963 Store 28 11/1/2010 Persist mid FALSE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-6967 Store 28 11/1/2010 Persist mid FALSE I CU-262-319 58 2 1 1 11 11 2 1 5 
FSL R8-7006 Store 12 11/9/2010 Sporadic na TRUE I CU-294-321 60 323 34 12 11 15 3 1 2 
FSL R8-7020 Store 12 11/9/2010 Sporadic na TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7043 Store 10 11/10/2010 Persist end TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-7047 Store 10 11/10/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3? 1 7 
FSL R8-7057 Store 7 11/10/2010 Sporadic na TRUE I CU-294-321 60 323 34 12 11 15 3 1 2 
FSL R8-7097 Store 7 11/10/2010 Persist mid FALSE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-7107 Store 8 11/15/2010 Persist end TRUE I CU-8-340 63 5 2 1 11 3 3 1 7 
FSL R8-7121 Store 29 11/15/2010 Sporadic na TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7133 Store 2 11/10/2010 Persist end TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7149 Store 4 11/10/2010 Persist mid TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-7153 Store 13 11/16/2010 Persist mid TRUE I CU-11-282 63 5 2 1 11 3 3 1 7 
FSL R8-7161 Store 13 11/16/2010 Persist end TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7198 Store 17 11/9/2010 Sporadic na TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7348 Store 2 12/6/2010 Sporadic na TRUE I CU-294-321 60 323 34 12 11 15 3 1 2 
FSL R8-7381 Store 2 12/6/2010 Persist end TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-7389 Store 4 12/6/2010 Sporadic na TRUE I CU-294-321 60 323 34 12 11 15 3 1 2 
FSL R8-7399 Store 4 12/6/2010 Persist end TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-7427 Store 7 12/6/2010 Persist end TRUE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-7450 Store 10 12/6/2010 Persist end TRUE I CU-294-321 60 323 34 12 11 15 3 1 2 
FSL R8-7460 Store 10 12/6/2010 Persist end TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7474 Store 11 12/7/2010 Sporadic na TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
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FSL Source Date Status Timing ITEP Subset Lineage PFGE sigB AT MLST sequence type (ST) and individual gene allelic types 
ST abcZ bglA cat dapE dat ldh lhkA 

FSL R8-7478 Store 13 12/6/2010 Persist end TRUE I CU-11-282 63 5 2 1 11 3 3 1 7 
FSL R8-7489 Store 26 12/6/2010 Sporadic na TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
FSL R8-7493 Store 29 12/7/2010 Persist mid TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
FSL R8-7534 Store 16 12/13/2010 Persist end TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-7554 Store 16 12/13/2010 Sporadic na TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7559 Store 21 12/13/2010 Persist end TRUE I CU-262-318 58 2 1 1 11 11 2 1 5 
FSL R8-7571 Store 21 12/13/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7585 Store 23 12/13/2010 Persist mid FALSE I CU-258-322 64 6 3 9 9 3 3? 1 5 
FSL R8-7591 Store 23 12/13/2010 Persist mid FALSE I CU-258-323 64 6 3 9 9 3 3 1 5 
FSL R8-7599 Store 23 12/13/2010 Persist mid TRUE I CU-259-322 64 6 3 9 9 3 3 1 5 
FSL R8-7603 Store 24 12/13/2010 Persist end FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7635 Store 24 12/13/2010 Persist mid FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7653 Store 28 12/13/2010 Persist mid TRUE I CU-262-319 58 2 1 1 11 11 2 1 5 
FSL R8-7676 Store 28 12/13/2010 Persist mid FALSE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-7694 Store 18 1/3/2011 Sporadic na TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-7716 Store 29 1/3/2011 Persist end TRUE I CU-40-96 63 5 2 1 11 3 3 1 7 
FSL R8-7722 Store 29 1/3/2011 Persist end TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-7761 Store 16 1/11/2011 Persist end TRUE I CU-294-321 60 323 34 12 11 15 3 1 2 
FSL R8-7786 Store 21 1/11/2011 Persist end TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7806 Store 23 1/11/2011 Persist end TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-7812 Store 23 1/11/2011 Persist end TRUE I CU-258-323 64 6 3 9 9 3 3 1 5 
FSL R8-7820 Store 23 1/11/2011 Persist end TRUE I CU-258-322 64 6 3 9 9 3 3 1 5 
FSL R8-7825 Store 23 1/11/2011 Persist end TRUE I CU-258-322 64 6 3 9 9 3 3 1 5 
FSL R8-7829 Store 23 1/11/2011 Persist end TRUE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-7833 Store 23 1/11/2011 Persist end TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-7842 Store 23 1/11/2011 Persist end TRUE I CU-259-322 64 6 3 9 9 3 3 1 5 
FSL R8-7846 Store 24 1/11/2011 Persist end TRUE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-7860 Store 24 1/11/2011 Persist end TRUE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-7866 Store 24 1/11/2011 Persist na FALSE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-7870 Store 24 1/11/2011 Persist end TRUE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-7881 Store 28 1/11/2011 Persist end TRUE I CU-262-319 58 2 1 1 11 11 2 1 5 
FSL R8-7902 Store 28 1/11/2011 Persist end TRUE I CU-262-79 58 2 1 1 11 11 2 1 5 
FSL R8-7914 Store 28 1/11/2011 Sporadic na TRUE I CU-57-267 61 87 12 1 4 14 3 39 4 
FSL R8-7926 Store 19 1/11/2011 Persist end FALSE II CU-182-173 57 635 23 29 3 30 6 6 1 
FSL R8-8446 Store 28 6/6/2011 phase 4 na FALSE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-8476 Store 21 6/7/2011 phase 4 na FALSE I CU-258-323 64 6 3 9 9 3 3 1 5 
FSL R8-8511 Store 7 5/9/2011 phase 4 na FALSE I CU-258-69 64 6 3 9 9 3 3 1 5 
FSL R8-8816 Store 28 8/15/2011 phase 4 na FALSE I CU-8-96 63 5 2 1 11 3 3 1 7 
FSL R8-9398 Store 21 6/7/2011 phase 4 na FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL R8-9399 Store 2 5/9/2011 phase 4 na FALSE I CU-55-266 61 296 12 12 12 61 3? 1 4 
FSL R8-9402 Store 10 5/9/2011 phase 4 na FALSE I CU-11-320 63 5 2 1 11 3 3 1 7 
FSL T1-0023 Seafood plant 3/1/2001 na na FALSE II CU-182-173 57 635 23 29 3 30 6 6 1 
FSL T1-0946 Seafood plant 11/1/2001 na na FALSE II CU-182-173 57 635 23 29 3 30 6 6 1 
FSL V1-0009 Seafood plant 10/28/2008 na na FALSE II CU-182-173 57 635 23 29 3 30 6 6 1 
FSL V1-0117 Dairy farm 6/12/2009 na na FALSE I CU-11-282 63 insufficient data             
*Any isolates record with a source not listed as "Store ##" was selected from other studies: 
Other deli study: Sauders B. et. al. 2009. J. Food Prot. 72:2337-2349.  
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Sausage Plant: Ferreira V., et al 2011.. Appl. Environ. Microbiol. 77:2701-2715. 
Seafood Plant: (FSL LX-XXXX) Lappi V. R., et. al  2004. J. Food Prot. 67:2500-2514.   
(FSL TX-XXXX) Thimothe J., et. al.  2004.. J. Food Prot. 67:328-341. 
(FSL VX-XXXX) Vongkamjan K.,et. al. 2013. Food Microbiology. 35:38-48. 
Dairy Farm: Vongkamjan K. et. al. 2012.. Appl. Environ. Microbiol. 78:8666-8675. 
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Supplemental Table 3.2.  Additional L monocytogenes genomes used for kSNP analysis.  
Strain NCBI Assembly Comment 
J1776 GCA_000438705.2 reference strain for lineage I isolate analysis 
1/2a F6854 GCA_000167135.1 

 J2818 GCA_000168655.1 
 F6900 GCA_000168615.1 
 J0161 GCA_000168635.2 
 FSL N3-165 GCA_000168535.1 
 FSL J2-003 GCA_000168455.1 
 10403S GCA_000168695.2 
 SLCC5850 GCA_000307045.1 
 EGD GCA_000582845.1 
 Finland 1988 GCA_000168595.2 
 SLCC7179 GCA_000306985.1 
 08-5578 GCA_000093125.2 
 08-5923 GCA_000022925.1 
 EGD-e GCA_000196035.1 reference strain for lineage II isolate analysis 

SLCC2372 GCA_000210815.2 
 FSL R2-561 GCA_000168575.2 
 SLCC2479 GCA_000307005.1 
 LO28 GCA_000168675.1 
 N53-1 GCA_000382945.1 
 La111 GCA_000382925.1 
 SLCC2376 GCA_000250715.1 
 SLCC2376 GCA_000250715.1 
 FSL J2-071 GCA_000168475.1 
 HCC23 GCA_000021185.1 
 L99 GCA_000209755.1 
 M7 GCA_000218305.1 
 SLCC2540 GCA_000306905.1 
 SLCC2482 GCA_000210795.2 
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Strain NCBI Assembly Comment 
FSL N1-017 GCA_000168515.1 

 SLCC2755 GCA_000197755.2 
 FSL J1-175 GCA_000168415.1 
 FSL J1-194 GCA_000168395.1 
 07PF0776 GCA_000258905.1 
 Clip80459 GCA_000026705.1 
 L312 GCA_000307085.1 
 4b F2365 GCA_000008285.1 
 LL195 GCA_000318055.1 
 SLCC2378 GCA_000307615.1 
 4b H7858 GCA_000167155.1 
 ATCC 19117 GCA_000307025.1 
 Scott A GCA_000212455.1 
 HPB2262 GCA_000168815.1 
 J2-064 GCA_000438625.1   

  



 

143 

Supplemental Table 3.3. Genome sequence and assembly metrics.  
  Read file sizes   Reference   De Novo - Filtered [ contigs > 1X k-mer coverage, >500 bp]   GenBank Ascensions (PRJNA245909) 

FSL 
Raw reads 

[Mb] 

Trimmed, 
Paired End 
reads [Mb] 

 

Average 
coverage 

a 

 

Number of 
contigs 

Total size of 
contigs 

Median 
contig size 

N50 contig 
length 

 
BioSample SRA WGS version 

Max 1570.6 (1570.6) 743.3 (743.3)   358.98   456 3.14E+06 156963 5.56E+05         
Mean 464.4 (464.6) 213.7 (213.7) 

 
100.15 

 
32 3.06E+06 30124 3.84E+05 

    Median 455.1 (455.1) 203.2 (203.2) 
 

93.68 
 

26 3.09E+06 21100 4.49E+05 
    Min 44.9 (44.9) 16.8 (16.8)   7.97   12 2.88E+06 1778 1.14E+04         

FSL_F6_0311 695.3 237.0 
 

115.92 
 

17 3.09E+06 36481 5.46E+05 
 

SAMN02741455 SRR1269954  JOKS01000000 
FSL_F6_0312 184.7 140.4 

 
65.66 

 
21 3.13E+06 17648 5.08E+05 

 
SAMN02741456 SRR1269955  JOWB01000000 

FSL_F8_0076 677.5 245.5 
 

123.45 
 

25 3.00E+06 35860 3.32E+05 
 

SAMN02741457 SRR1269956  JOWC01000000 
FSL_F8_0081 789.0 289.0 

 
144.32 

 
24 3.00E+06 42749 3.32E+05 

 
SAMN02741458 SRR1269957  JOWD01000000 

FSL_F8_0114 528.3 189.1 
 

93.68 
 

28 3.00E+06 16978 3.31E+05 
 

SAMN02741459 SRR1269958  JOWE01000000 
FSL_H5_0793 333.8 242.7 

 
117.95 

 
24 3.12E+06 23454 5.08E+05 

 
SAMN02741460 SRR1269959  JOWF01000000 

FSL_L3_0257 303.1 222.7 
 

107.58 
 

17 3.07E+06 49052 5.35E+05 
 

SAMN02741461 SRR1269960  JOWG01000000 
FSL_L4_0396 300.4 214.5 

 
107.41 

 
19 3.07E+06 22765 5.35E+05 

 
SAMN02741462 SRR1269961  JOWH01000000 

FSL_L4_0404 259.2 190.6 
 

93.22 
 

28 3.11E+06 8824 5.08E+05 
 

SAMN02741463 SRR1269962  JOWI01000000 
FSL_R8_5081 382.1 247.2 

 
111.09 

 
22 3.13E+06 32606 4.49E+05 

 
SAMN02741465 SRR1269964  JOWK01000000 

FSL_R8_5088 405.2 270.0 
 

123.52 
 

20 3.09E+06 17183 5.08E+05 
 

SAMN02741466 SRR1269965  JOWL01000000 
FSL_R8_5095 349.8 224.8 

 
103.41 

 
30 3.10E+06 16522 2.55E+05 

 
SAMN02741467 SRR1269966  JOWM01000000 

FSL_R8_5104 176.4 106.8 
 

47.43 
 

30 3.04E+06 37886 2.58E+05 
 

SAMN02741468 SRR1269967  JOWN01000000 
FSL_R8_5108 152.2 90.4 

 
39.63 

 
41 3.10E+06 13075 2.61E+05 

 
SAMN02741469 SRR1269968  JOWO01000000 

FSL_R8_5112 208.8 128.5 
 

57.70 
 

34 3.04E+06 29390 2.60E+05 
 

SAMN02741470 SRR1269969  JOWP01000000 
FSL_R8_5119 844.4 261.0 

 
118.75 

 
24 3.05E+06 48384 2.83E+05 

 
SAMN02741471 SRR1269970  JOWQ01000000 

FSL_R8_5124 964.6 297.0 
 

136.17 
 

32 3.06E+06 5756 4.83E+05 
 

SAMN02741472 SRR1269971  JOWR01000000 
FSL_R8_5230 416.1 272.9 

 
125.32 

 
40 3.06E+06 35487 1.59E+05 

 
SAMN02741473 SRR1269972  JOWS01000000 

FSL_R8_5233 424.7 236.1 
 

109.30 
 

87 3.12E+06 13887 8.28E+04 
 

SAMN02741474 SRR1269973  JOWT01000000 
FSL_R8_5237 152.6 76.9 

 
34.92 

 
55 3.09E+06 27638 1.20E+05 

 
SAMN02741475 SRR1269974  JOWU01000000 

FSL_R8_5249 327.3 205.8 
 

92.30 
 

28 3.10E+06 8724 4.05E+05 
 

SAMN02741476 SRR1269975  JOWV01000000 
FSL_R8_5257 306.5 187.4 

 
84.54 

 
31 3.06E+06 37449 2.55E+05 

 
SAMN02741477 SRR1269976  JOJS01000000 

FSL_R8_5309 278.4 179.9 
 

82.45 
 

25 3.10E+06 11933 3.21E+05 
 

SAMN02741478 SRR1269977  JOWW01000000 
FSL_R8_5318 493.9 156.3 

 
71.56 

 
29 3.09E+06 47392 2.26E+05 

 
SAMN02741479 SRR1269978  JOWX01000000 

FSL_R8_5402 709.7 234.7 
 

111.28 
 

20 2.95E+06 37729 2.94E+05 
 

SAMN02741480 SRR1269979  JOWY01000000 
FSL_R8_5410 412.9 268.2 

 
122.29 

 
26 3.09E+06 24237 4.83E+05 

 
SAMN02741481 SRR1269980  JOWZ01000000 

FSL_R8_5436 456.1 309.5 
 

142.34 
 

23 3.03E+06 39702 3.54E+05 
 

SAMN02741482 SRR1269981  JOXA01000000 
FSL_R8_5449 548.6 356.0 

 
163.42 

 
30 3.06E+06 42036 2.56E+05 

 
SAMN02741483 SRR1269982  JOXB01000000 

FSL_R8_5463 373.0 231.4 
 

103.08 
 

22 3.09E+06 17211 4.82E+05 
 

SAMN02741484 SRR1269932  JOXC01000000 
FSL_R8_5487 1182.2 743.3 

 
358.98 

 
16 2.89E+06 97980 3.56E+05 

 
SAMN02741485 SRR1269933  JOXD01000000 

FSL_R8_5543 667.8 212.7 
 

97.64 
 

23 3.06E+06 21100 4.81E+05 
 

SAMN02741487 SRR1269935  JOXE01000000 
FSL_R8_5559 644.6 199.7 

 
88.28 

 
47 3.11E+06 3237 4.85E+05 

 
SAMN02741488 SRR1269936  JOXF01000000 

FSL_R8_5576 302.3 194.5 
 

85.31 
 

47 3.11E+06 3237 4.85E+05 
 

SAMN02741489 SRR1269937  JOXG01000000 
FSL_R8_5584 410.6 275.2 

 
124.88 

 
22 3.05E+06 29390 4.85E+05 

 
SAMN02741490 SRR1269938  JOXH01000000 

FSL_R8_5610 703.3 449.2 
 

207.30 
 

21 3.10E+06 24237 4.83E+05 
 

SAMN02741491 SRR1269939  JOXI01000000 
FSL_R8_5646 423.6 253.5 

 
114.36 

 
21 3.10E+06 8724 5.15E+05 

 
SAMN02741492 SRR1269940  JOXJ01000000 

FSL_R8_5686 561.4 352.2 
 

159.39 
 

20 3.09E+06 24237 5.08E+05 
 

SAMN02741493 SRR1269941  JOXK01000000 
FSL_R8_5726 734.1 447.2 

 
208.54 

 
23 3.10E+06 6494 5.15E+05 

 
SAMN02741494 SRR1269942  JOXL01000000 

FSL_R8_5748 753.9 250.6 
 

114.14 
 

24 3.06E+06 21100 3.00E+05 
 

SAMN02741496 SRR1269944  JOXN01000000 
FSL_R8_5760 369.8 241.4 

 
114.13 

 
16 2.95E+06 97984 4.81E+05 

 
SAMN02741497 SRR1269945  JOXO01000000 

FSL_R8_5775 460.5 315.5 
 

151.96 
 

17 2.89E+06 8857 3.56E+05 
 

SAMN02741498 SRR1269946  JOXP01000000 
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  Read file sizes   Reference   De Novo - Filtered [ contigs > 1X k-mer coverage, >500 bp]   GenBank Ascensions (PRJNA245909) 

FSL 
Raw reads 

[Mb] 

Trimmed, 
Paired End 
reads [Mb] 

 

Average 
coverage 

a 

 

Number of 
contigs 

Total size of 
contigs 

Median 
contig size 

N50 contig 
length 

 
BioSample SRA WGS version 

FSL_R8_5786 526.3 332.7 
 

151.50 
 

28 3.12E+06 17211 5.08E+05 
 

SAMN02741499 SRR1269947  JOXQ01000000 
FSL_R8_5797 530.0 331.5 

 
149.96 

 
19 3.06E+06 6516 5.13E+05 

 
SAMN02741500 SRR1269948  JOXR01000000 

FSL_R8_5805 749.0 474.2 
 

209.70 
 

27 3.11E+06 6375 5.16E+05 
 

SAMN02741501 SRR1269949  JOXS01000000 
FSL_R8_5809 224.9 135.1 

 
61.29 

 
22 3.11E+06 17200 4.83E+05 

 
SAMN02741502 SRR1269950  JOXT01000000 

FSL_R8_5833 815.5 259.1 
 

114.73 
 

35 3.14E+06 9221 4.91E+05 
 

SAMN02741503 SRR1269951  JOXU01000000 
FSL_R8_5844 728.6 240.4 

 
107.25 

 
30 3.11E+06 6375 5.16E+05 

 
SAMN02741504 SRR1269952  JOXV01000000 

FSL_R8_5854 455.1 307.3 
 

139.80 
 

22 3.10E+06 14745 5.15E+05 
 

SAMN02741505 SRR1269953  JOXW01000000 
FSL_R8_5878 497.2 320.7 

 
148.33 

 
30 3.06E+06 35487 2.73E+05 

 
SAMN02741507 SRR1270020  JOXY01000000 

FSL_R8_5884 382.8 233.7 
 

104.44 
 

30 3.11E+06 42036 2.73E+05 
 

SAMN02741508 SRR1270021  JOXZ01000000 
FSL_R8_5975 450.1 278.0 

 
126.89 

 
23 3.10E+06 6494 5.15E+05 

 
SAMN02741509 SRR1270022  JOYA01000000 

FSL_R8_6024 1471.6 552.5 
 

253.38 
 

29 3.06E+06 42749 2.56E+05 
 

SAMN02741510 SRR1269915  JOYB01000000 
FSL_R8_6033 752.1 242.0 

 
111.15 

 
26 3.03E+06 49696 3.41E+05 

 
SAMN02741511 SRR1269916  JOYC01000000 

FSL_R8_6036 673.7 224.1 
 

99.92 
 

20 3.09E+06 3295 5.21E+05 
 

SAMN02741512 SRR1269917  JOYD01000000 
FSL_R8_6037 330.5 211.6 

 
92.77 

 
29 3.11E+06 3885 5.16E+05 

 
SAMN02741513 SRR1269918  JOYE01000000 

FSL_R8_6045 657.0 435.4 
 

199.39 
 

18 3.10E+06 17211 5.21E+05 
 

SAMN02741514 SRR1269919  JOYF01000000 
FSL_R8_6046 460.9 291.1 

 
138.28 

 
18 2.95E+06 97984 4.81E+05 

 
SAMN02741515 SRR1269920  JOYG01000000 

FSL_R8_6112 918.2 594.3 
 

261.51 
 

27 3.13E+06 3295 5.08E+05 
 

SAMN02741516 SRR1269921  JOYH01000000 
FSL_R8_6122 542.8 336.6 

 
148.50 

 
27 2.88E+06 6122 5.16E+05 

 
SAMN02741517 SRR1269922  JOYI01000000 

FSL_R8_6134 717.9 243.6 
 

109.31 
 

19 3.02E+06 64240 5.04E+05 
 

SAMN02741518 SRR1269923  JOYJ01000000 
FSL_R8_6138 712.0 228.7 

 
102.06 

 
33 3.11E+06 5108 4.80E+05 

 
SAMN02741519 SRR1269924  JOYK01000000 

FSL_R8_6160 638.7 211.2 
 

93.41 
 

40 3.14E+06 3993 5.10E+05 
 

SAMN02741520 SRR1269925  JOYL01000000 
FSL_R8_6168 273.8 168.9 

 
77.72 

 
29 3.01E+06 35487 2.73E+05 

 
SAMN02741521 SRR1269926  JOYM01000000 

FSL_R8_6176 305.7 201.6 
 

91.70 
 

32 3.06E+06 35487 2.73E+05 
 

SAMN02741522 SRR1269927  JOYN01000000 
FSL_R8_6180 519.5 324.9 

 
148.44 

 
29 3.11E+06 35487 2.73E+05 

 
SAMN02741523 SRR1269928  JOYO01000000 

FSL_R8_6208 646.2 403.2 
 

180.48 
 

18 3.10E+06 17211 5.21E+05 
 

SAMN02741524 SRR1269929  JOYP01000000 
FSL_R8_6220 677.0 441.2 

 
196.98 

 
24 3.10E+06 42749 3.32E+05 

 
SAMN02741525 SRR1269930  JOYQ01000000 

FSL_R8_6232 1570.6 520.7 
 

233.38 
 

18 3.10E+06 17211 5.21E+05 
 

SAMN02741526 SRR1269931  JOYR01000000 
FSL_R8_6244 994.2 324.2 

 
145.27 

 
20 3.13E+06 53770 4.49E+05 

 
SAMN02741527 SRR1269992  JOYS01000000 

FSL_R8_6257 857.7 291.6 
 

127.35 
 

44 3.10E+06 3928 4.85E+05 
 

SAMN02741528 SRR1269993  JOYT01000000 
FSL_R8_6271 397.5 247.7 

 
113.90 

 
26 3.06E+06 73237 3.23E+05 

 
SAMN02741529 SRR1269994  JOYU01000000 

FSL_R8_6283 346.5 231.0 
 

100.60 
 

21 3.12E+06 9206 5.19E+05 
 

SAMN02741530 SRR1269995  JOYV01000000 
FSL_R8_6305 605.9 377.7 

 
175.56 

 
23 3.09E+06 29914 4.83E+05 

 
SAMN02741531 SRR1269996  JOYW01000000 

FSL_R8_6313 363.0 231.9 
 

105.53 
 

30 3.06E+06 35487 2.56E+05 
 

SAMN02741532 SRR1269997  JOYX01000000 
FSL_R8_6317 629.1 308.7 

 
140.98 

 
22 3.13E+06 24509 5.08E+05 

 
SAMN02741533 SRR1269998  JOYY01000000 

FSL_R8_6321 1058.6 320.7 
 

155.94 
 

16 2.89E+06 97980 3.56E+05 
 

SAMN02741534 SRR1269999  JOYZ01000000 
FSL_R8_6341 726.5 196.9 

 
90.03 

 
31 3.12E+06 3295 5.08E+05 

 
SAMN02741535 SRR1270000  JOZA01000000 

FSL_R8_6345 542.4 169.8 
 

77.19 
 

22 3.09E+06 29914 4.83E+05 
 

SAMN02741536 SRR1270001  JOZB01000000 
FSL_R8_6359 221.9 136.2 

 
60.88 

 
31 3.12E+06 17173 2.68E+05 

 
SAMN02741537 SRR1270002  JOZC01000000 

FSL_R8_6373 301.5 193.0 
 

87.57 
 

23 3.07E+06 11083 5.04E+05 
 

SAMN02741538 SRR1270003  JOZD01000000 
FSL_R8_6426 362.0 226.7 

 
104.83 

 
29 3.06E+06 35672 2.73E+05 

 
SAMN02741539 SRR1270004  JOZE01000000 

FSL_R8_6446 503.0 318.6 
 

142.65 
 

20 3.06E+06 17201 5.13E+05 
 

SAMN02741540 SRR1270005  JOZF01000000 
FSL_R8_6456 85.4 34.7 

 
15.87 

 
137 2.99E+06 11905 4.23E+04 

 
SAMN02741541 SRR1270006  JOZG01000000 

FSL_R8_6480 1090.5 365.8 
 

167.03 
 

29 3.06E+06 9205 4.83E+05 
 

SAMN02741542 SRR1270007  JOZH01000000 
FSL_R8_6488 615.0 198.9 

 
91.37 

 
23 3.06E+06 6516 5.08E+05 

 
SAMN02741543 SRR1270008  JOZI01000000 

FSL_R8_6553 573.2 176.7 
 

81.42 
 

28 3.01E+06 35487 2.73E+05 
 

SAMN02741544 SRR1270009  JOZJ01000000 
FSL_R8_6557 416.3 275.1 

 
123.86 

 
28 3.11E+06 42749 2.73E+05 

 
SAMN02741545 SRR1270010  JOZK01000000 
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  Read file sizes   Reference   De Novo - Filtered [ contigs > 1X k-mer coverage, >500 bp]   GenBank Ascensions (PRJNA245909) 

FSL 
Raw reads 

[Mb] 

Trimmed, 
Paired End 
reads [Mb] 

 

Average 
coverage 

a 

 

Number of 
contigs 

Total size of 
contigs 

Median 
contig size 

N50 contig 
length 

 
BioSample SRA WGS version 

FSL_R8_6592 260.5 173.5 
 

82.58 
 

17 2.89E+06 6728 3.56E+05 
 

SAMN02741546 SRR1270011  JOZL01000000 
FSL_R8_6603 376.7 249.2 

 
111.69 

 
31 3.12E+06 4185 4.51E+05 

 
SAMN02741547 SRR1270012  JOZM01000000 

FSL_R8_6607 339.5 220.4 
 

102.56 
 

19 2.95E+06 6757 4.80E+05 
 

SAMN02741548 SRR1270013  JOZN01000000 
FSL_R8_6617 330.3 220.8 

 
97.48 

 
12 3.06E+06 152843 5.56E+05 

 
SAMN02741549 SRR1270014  JOZO01000000 

FSL_R8_6625 622.8 203.8 
 

98.35 
 

16 2.89E+06 98006 3.56E+05 
 

SAMN02741550 SRR1270015  JOZP01000000 
FSL_R8_6637 459.4 143.4 

 
65.42 

 
24 3.03E+06 28795 3.54E+05 

 
SAMN02741551 SRR1270016  JOZQ01000000 

FSL_R8_6641 709.1 242.0 
 

111.98 
 

14 3.01E+06 152851 5.13E+05 
 

SAMN02741552 SRR1270017  JOZR01000000 
FSL_R8_6649 208.5 126.3 

 
56.66 

 
23 3.13E+06 24426 4.83E+05 

 
SAMN02741553 SRR1270018  JOZS01000000 

FSL_R8_6661 404.1 280.4 
 

126.45 
 

23 3.10E+06 3948 5.21E+05 
 

SAMN02741554 SRR1270028  JOZT01000000 
FSL_R8_6691 283.3 183.7 

 
82.66 

 
34 3.10E+06 8910 2.87E+05 

 
SAMN02741555 SRR1270029  JOZU01000000 

FSL_R8_6717 310.5 203.4 
 

95.92 
 

17 2.89E+06 41530 3.56E+05 
 

SAMN02741556 SRR1270030  JOZV01000000 
FSL_R8_6721 167.8 105.1 

 
47.55 

 
31 3.09E+06 17211 2.88E+05 

 
SAMN02741557 SRR1270031  JOZW01000000 

FSL_R8_6725 502.2 162.3 
 

73.62 
 

23 3.10E+06 6452 5.08E+05 
 

SAMN02741558 SRR1270032  JOZX01000000 
FSL_R8_6735 716.3 235.9 

 
114.61 

 
16 2.89E+06 98006 3.56E+05 

 
SAMN02741559 SRR1270033  JOZY01000000 

FSL_R8_6739 770.4 257.7 
 

116.21 
 

23 3.09E+06 29914 4.83E+05 
 

SAMN02741560 SRR1270112  JOZZ01000000 
FSL_R8_6743 749.7 274.9 

 
128.28 

 
37 3.14E+06 7101 5.15E+05 

 
SAMN02741561 SRR1270034  JPAA01000000 

FSL_R8_6761 727.0 254.5 
 

123.47 
 

38 3.13E+06 17763 2.73E+05 
 

SAMN02741562 SRR1270035  JPAB01000000 
FSL_R8_6765 384.2 137.4 

 
65.70 

 
37 3.11E+06 4113 3.24E+05 

 
SAMN02741563 SRR1270036  JPAC01000000 

FSL_R8_6791 395.8 138.1 
 

65.66 
 

22 3.09E+06 26092 5.08E+05 
 

SAMN02741564 SRR1270037  JPAD01000000 
FSL_R8_6808 749.5 266.2 

 
134.11 

 
29 3.06E+06 35487 2.73E+05 

 
SAMN02741565 SRR1270038  JPAE01000000 

FSL_R8_6828 258.7 191.1 
 

91.08 
 

24 3.10E+06 29858 3.32E+05 
 

SAMN02741566 SRR1270039  JPAF01000000 
FSL_R8_6836 228.8 164.9 

 
82.33 

 
28 3.06E+06 42749 2.73E+05 

 
SAMN02741567 SRR1269983  JPAG01000000 

FSL_R8_6848 248.6 164.4 
 

79.77 
 

19 3.10E+06 31496 5.04E+05 
 

SAMN02741568 SRR1269984  JPAH01000000 
FSL_R8_6870 548.8 193.8 

 
93.96 

 
22 3.13E+06 53770 4.84E+05 

 
SAMN02741569 SRR1269985  JPAI01000000 

FSL_R8_6892 379.3 134.4 
 

67.06 
 

34 3.02E+06 37316 2.78E+05 
 

SAMN02741570 SRR1269986  JPAJ01000000 
FSL_R8_6896 555.7 190.9 

 
93.55 

 
30 3.11E+06 6962 3.45E+05 

 
SAMN02741571 SRR1269987  JPAK01000000 

FSL_R8_6900 428.6 147.9 
 

70.59 
 

43 3.13E+06 21711 2.25E+05 
 

SAMN02741572 SRR1269988  JPAL01000000 
FSL_R8_6908 456.0 157.9 

 
74.08 

 
53 3.14E+06 3214 2.57E+05 

 
SAMN02741573 SRR1269989  JPAM01000000 

FSL_R8_6910 139.3 93.8 
 

45.68 
 

43 3.10E+06 6375 2.55E+05 
 

SAMN02741574 SRR1269990  JPAN01000000 
FSL_R8_6914 138.9 92.3 

 
44.51 

 
51 3.10E+06 10934 1.86E+05 

 
SAMN02741575 SRR1269991  JPAO01000000 

FSL_R8_6918 158.5 98.0 
 

50.66 
 

27 2.95E+06 97947 1.79E+05 
 

SAMN02741576 SRR1269895  JPAP01000000 
FSL_R8_6936 468.7 168.1 

 
80.00 

 
30 3.13E+06 1778 5.08E+05 

 
SAMN02741577 SRR1269896  JPAQ01000000 

FSL_R8_6963 472.0 163.9 
 

81.99 
 

32 3.06E+06 35487 2.56E+05 
 

SAMN02741578 SRR1269897  JPAR01000000 
FSL_R8_6967 488.4 181.1 

 
87.85 

 
29 3.11E+06 42036 2.73E+05 

 
SAMN02741579 SRR1269898  JPAS01000000 

FSL_R8_7006 157.2 54.4 
 

26.97 
 

49 2.95E+06 39242 1.20E+05 
 

SAMN02741580 SRR1269899  JPAT01000000 
FSL_R8_7020 479.2 169.1 

 
83.49 

 
18 3.10E+06 17183 5.21E+05 

 
SAMN02741581 SRR1269900  JPAU01000000 

FSL_R8_7043 187.6 133.9 
 

69.90 
 

18 2.89E+06 98002 3.09E+05 
 

SAMN02741582 SRR1269901  JPAV01000000 
FSL_R8_7047 48.7 29.9 

 
14.78 

 
101 3.08E+06 16706 5.73E+04 

 
SAMN02741583 SRR1269902  JPAW01000000 

FSL_R8_7057 303.0 203.2 
 

105.62 
 

18 2.95E+06 97984 4.81E+05 
 

SAMN02741584 SRR1269903  JPAX01000000 
FSL_R8_7097 524.1 177.4 

 
80.28 

 
32 3.11E+06 3579 5.15E+05 

 
SAMN02741585 SRR1269904  JPAY01000000 

FSL_R8_7107 534.7 173.9 
 

84.37 
 

48 3.11E+06 2903 4.84E+05 
 

SAMN02741586 SRR1269905  JPAZ01000000 
FSL_R8_7121 324.8 119.9 

 
56.97 

 
26 3.12E+06 9206 5.08E+05 

 
SAMN02741587 SRR1269906  JPBA01000000 

FSL_R8_7133 460.9 165.2 
 

79.28 
 

25 3.10E+06 17211 4.45E+05 
 

SAMN02741588 SRR1269907  JPBB01000000 
FSL_R8_7149 396.1 136.4 

 
71.11 

 
19 2.89E+06 8857 3.56E+05 

 
SAMN02741589 SRR1269908  JPBC01000000 

FSL_R8_7153 253.0 185.7 
 

91.75 
 

31 3.06E+06 5756 3.03E+05 
 

SAMN02741590 SRR1269909  JPBD01000000 
FSL_R8_7161 215.8 152.3 

 
71.90 

 
25 3.12E+06 9206 4.63E+05 

 
SAMN02741591 SRR1269910  JPBE01000000 
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  Read file sizes   Reference   De Novo - Filtered [ contigs > 1X k-mer coverage, >500 bp]   GenBank Ascensions (PRJNA245909) 

FSL 
Raw reads 

[Mb] 

Trimmed, 
Paired End 
reads [Mb] 

 

Average 
coverage 

a 

 

Number of 
contigs 

Total size of 
contigs 

Median 
contig size 

N50 contig 
length 

 
BioSample SRA WGS version 

FSL_R8_7198 514.0 345.7 
 

173.24 
 

18 3.10E+06 17211 5.21E+05 
 

SAMN02741592 SRR1269911  JPBF01000000 
FSL_R8_7348 485.3 169.0 

 
82.91 

 
18 2.95E+06 97984 4.81E+05 

 
SAMN02741593 SRR1269912  JPBG01000000 

FSL_R8_7381 297.2 93.8 
 

45.78 
 

33 3.06E+06 35358 2.20E+05 
 

SAMN02741594 SRR1269913  JPBH01000000 
FSL_R8_7389 386.1 128.6 

 
67.06 

 
17 2.95E+06 34779 4.77E+05 

 
SAMN02741595 SRR1270023  JPBI01000000 

FSL_R8_7399 389.5 134.2 
 

69.63 
 

19 2.89E+06 98001 2.89E+05 
 

SAMN02741596 SRR1270024  JPBJ01000000 
FSL_R8_7427 236.8 75.2 

 
37.85 

 
23 3.09E+06 16522 3.34E+05 

 
SAMN02741597 SRR1270025  JPBK01000000 

FSL_R8_7450 221.7 161.1 
 

82.80 
 

16 2.95E+06 97984 4.81E+05 
 

SAMN02741598 SRR1270026  JPBL01000000 
FSL_R8_7460 195.8 137.4 

 
67.02 

 
22 3.09E+06 17201 5.21E+05 

 
SAMN02741599 SRR1270027  JPBM01000000 

FSL_R8_7474 109.0 60.3 
 

30.00 
 

98 3.05E+06 8573 6.99E+04 
 

SAMN02741600 SRR1269862  JPBN01000000 
FSL_R8_7478 596.8 222.8 

 
105.36 

 
30 3.06E+06 5756 4.78E+05 

 
SAMN02741601 SRR1269863  JPBO01000000 

FSL_R8_7489 463.9 169.8 
 

82.47 
 

20 3.06E+06 17201 5.08E+05 
 

SAMN02741602 SRR1269864  JPBP01000000 
FSL_R8_7493 624.7 217.2 

 
108.47 

 
24 3.06E+06 21100 5.08E+05 

 
SAMN02741603 SRR1269865  JPBQ01000000 

FSL_R8_7534 630.5 228.9 
 

105.63 
 

20 3.12E+06 24237 5.08E+05 
 

SAMN02741604 SRR1269867  JPBR01000000 
FSL_R8_7554 535.4 196.5 

 
94.18 

 
20 3.10E+06 17211 5.08E+05 

 
SAMN02741605 SRR1269868  JPBS01000000 

FSL_R8_7559 292.3 204.7 
 

99.92 
 

25 3.10E+06 29821 3.32E+05 
 

SAMN02741606 SRR1269869  JPBT01000000 
FSL_R8_7571 129.5 89.8 

 
43.32 

 
38 3.09E+06 37616 1.91E+05 

 
SAMN02741607 SRR1269870  JPBU01000000 

FSL_R8_7585 81.5 44.6 
 

21.49 
 

115 3.12E+06 14407 6.15E+04 
 

SAMN02741608 SRR1269871  JPBV01000000 
FSL_R8_7591 677.0 241.1 

 
114.19 

 
28 3.11E+06 6375 5.16E+05 

 
SAMN02741609 SRR1269872  JPBW01000000 

FSL_R8_7599 502.0 183.4 
 

87.77 
 

34 3.11E+06 7431 4.81E+05 
 

SAMN02741610 SRR1269873  JPBX01000000 
FSL_R8_7603 715.4 254.5 

 
124.83 

 
19 3.09E+06 5298 5.21E+05 

 
SAMN02741611 SRR1269874  JPBY01000000 

FSL_R8_7635 468.7 172.5 
 

80.51 
 

16 3.10E+06 53770 5.22E+05 
 

SAMN02741612 SRR1269875  JPBZ01000000 
FSL_R8_7676 185.8 127.5 

 
64.40 

 
30 3.06E+06 35487 2.73E+05 

 
SAMN02741614 SRR1269877  JPCA01000000 

FSL_R8_7694 198.0 147.2 
 

70.59 
 

27 3.10E+06 21100 4.77E+05 
 

SAMN02741615 SRR1269878  JPCB01000000 
FSL_R8_7716 116.9 65.0 

 
32.33 

 
58 3.14E+06 33001 1.20E+05 

 
SAMN02741616 SRR1269879  JPCC01000000 

FSL_R8_7722 282.1 97.6 
 

48.09 
 

29 3.06E+06 29821 2.73E+05 
 

SAMN02741617 SRR1269880  JPCD01000000 
FSL_R8_7761 492.5 178.9 

 
90.59 

 
16 2.95E+06 97984 4.81E+05 

 
SAMN02741618 SRR1269881  JPCE01000000 

FSL_R8_7786 301.5 102.2 
 

50.90 
 

27 3.09E+06 40340 2.68E+05 
 

SAMN02741619 SRR1269882  JPCF01000000 
FSL_R8_7806 385.1 135.1 

 
68.93 

 
23 2.89E+06 8857 2.79E+05 

 
SAMN02741620 SRR1269883  JPCG01000000 

FSL_R8_7812 535.6 199.4 
 

93.59 
 

26 3.11E+06 8528 5.16E+05 
 

SAMN02741621 SRR1269884  JPCH01000000 
FSL_R8_7820 203.3 141.2 

 
67.80 

 
42 3.14E+06 10341 4.90E+05 

 
SAMN02741622 SRR1269885  JPCI01000000 

FSL_R8_7825 281.1 194.8 
 

91.26 
 

39 3.14E+06 6847 5.16E+05 
 

SAMN02741623 SRR1269886  JPCJ01000000 
FSL_R8_7829 78.4 40.9 

 
19.44 

 
143 3.08E+06 10162 4.71E+04 

 
SAMN02741624 SRR1269887  JPCK01000000 

FSL_R8_7833 371.7 127.6 
 

62.08 
 

33 3.13E+06 51934 2.20E+05 
 

SAMN02741625 SRR1269888  JPCL01000000 
FSL_R8_7842 653.1 214.3 

 
105.35 

 
33 3.10E+06 8528 3.05E+05 

 
SAMN02741626 SRR1269889  JPCM01000000 

FSL_R8_7846 484.9 159.8 
 

81.32 
 

33 3.10E+06 6494 2.92E+05 
 

SAMN02741627 SRR1269890  JPCN01000000 
FSL_R8_7860 570.7 204.5 

 
97.95 

 
20 3.13E+06 72580 4.84E+05 

 
SAMN02741628 SRR1269891  JPCO01000000 

FSL_R8_7866 540.5 159.2 
 

76.53 
 

22 3.13E+06 53770 4.20E+05 
 

SAMN02741629 SRR1269892  JPCP01000000 
FSL_R8_7870 306.0 168.9 

 
82.60 

 
23 3.10E+06 32625 4.43E+05 

 
SAMN02741630 SRR1269893  JPDF01000000 

FSL_R8_7881 205.8 86.0 
 

43.00 
 

49 3.12E+06 33756 1.34E+05 
 

SAMN02741631 SRR1269894  JPDE01000000 
FSL_R8_7902 113.0 66.6 

 
33.63 

 
95 3.05E+06 18443 6.07E+04 

 
SAMN02741632 SRR1269457  JPDD01000000 

FSL_R8_7914 675.3 243.6 
 

125.88 
 

14 2.89E+06 156963 3.56E+05 
 

SAMN02741633 SRR1269848  JPDC01000000 
FSL_R8_7926 503.7 184.9 

 
89.52 

 
21 3.07E+06 29471 4.98E+05 

 
SAMN02741634 SRR1269850  JPDB01000000 

FSL_R8_8446 675.8 235.1 
 

117.35 
 

22 3.10E+06 16522 3.35E+05 
 

SAMN02741635 SRR1269851  JPDA01000000 
FSL_R8_8476 579.3 213.2 

 
97.54 

 
27 3.11E+06 8528 4.80E+05 

 
SAMN02741636 SRR1269852  JPCZ01000000 

FSL_R8_8511 319.0 144.1 
 

71.78 
 

29 3.10E+06 8724 2.97E+05 
 

SAMN02741637 SRR1269853  JPCY01000000 
FSL_R8_8816 168.6 112.7 

 
55.22 

 
27 3.12E+06 21038 4.49E+05 

 
SAMN02741638 SRR1269854  JPCX01000000 
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  Read file sizes   Reference   De Novo - Filtered [ contigs > 1X k-mer coverage, >500 bp]   GenBank Ascensions (PRJNA245909) 

FSL 
Raw reads 

[Mb] 

Trimmed, 
Paired End 
reads [Mb] 

 

Average 
coverage 

a 

 

Number of 
contigs 

Total size of 
contigs 

Median 
contig size 

N50 contig 
length 

 
BioSample SRA WGS version 

FSL_R8_9398 76.2 48.2 
 

23.65 
 

67 3.08E+06 27853 9.15E+04 
 

SAMN02741639 SRR1269855  JPCW01000000 
FSL_R8_9399 149.4 102.7 

 
49.74 

 
41 3.03E+06 41524 2.03E+05 

 
SAMN02741640 SRR1269856  JPCV01000000 

FSL_R8_9402 1035.4 370.6 
 

183.16 
 

19 3.09E+06 5298 5.21E+05 
 

SAMN02741641 SRR1269857  JPCU01000000 
FSL_T1_0023 115.1 78.8 

 
38.60 

 
36 3.06E+06 28389 1.92E+05 

 
SAMN02741642 SRR1269858  JPCT01000000 

FSL_T1_0946 168.6 106.1 
 

52.17 
 

53 3.06E+06 21197 1.60E+05 
 

SAMN02741643 SRR1269859  JPCS01000000 
FSL_V1_0009 587.8 210.2 

 
105.73 

 
16 2.99E+06 49055 5.14E+05 

 
SAMN02741644 SRR1269860  JPCR01000000 

FSL_V1_0117 44.9 16.8 
 

7.97 
 

456 2.90E+06 3809 1.14E+04 
 

SAMN02741645 SRR1269861  JPCQ01000000 
FSL_R8_5528 661.2 326.7 

   
18 3.10E+06 19875 5.15E+05 

 
SAMN02741486 SRR1269934  JPIW01000000 

FSL_R8_7653 235.4 100.4       30 3.06E+06 32318 2.55E+05   SAMN02741613 SRR1269876  JPIV01000000 
a Average coverage was calculated by mapping sequence reads to J1776 reference genome using BWA-MEM and parsing results files 
*FSL R8-5528 and FSL R8-7653 initially had coverage to low for de-novo assembly.  They were re-sequenced on the MiSeq as part of another project. Values 
reported here are from the re-sequenced genome data.   
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Supplemental Table 3.4.  Gene presence/absence enrichment analysis for selected groups of isolates. 

Subtype or other information defining groups tested for gene enrichment    
Number of genes 

significantly  enriched a in  
 

Putative explanatory mobile 
element  (size) Group 1 (n isolates) Group 2 (n isolates)   Group 1 Group 2  

CU-8-96 (n=12) CU-11-320 (n=19) 
 

29 0  Prophage (21.2 kb) b 
CU-258-322 (n=4) CU-258-323 (n=4) 

 
32 c 0  Prophage (45.7 kb) b 

CU-262-319 (n=3) CU-262-79 (n=12) 
 

69 0  Prophage (47.5 kb) b 
Initially Persistent (n=92) Sporadic (n=29) 

 
0 0  na d 

Statistically Persistent (n=38) e Sporadic of same PFGE types (n=16) e  0 0  na 
SNPgr. 1, Deli 2 (n=7) SNPgr. 1, not Deli 2 (n=36) 

 
0 0  na 

SNPgr. 1, Deli 16 (n=4) SNPgr. 1, not Deli 16 (n=39) 
 

0 10 f  na 
SNPgr. 1, Deli 10 (n=4) SNPgr. 1, not Deli 10 (n=39) 

 
0 0  na 

SNPgr. 1, Deli 18 (n=3) SNPgr. 1, not Deli 24 (n=40)  0 0  na 
SNPgr. 1, Deli 21 (n=3) SNPgr. 1, not Deli 21 (n=40)  0 0  na 
SNPgr. 1, Deli 24 (n=5) SNPgr. 1, not Deli 24 (n=38) 

 
0 0  na 

CU-258-69, Deli 7 (n=3) CU-258-69, not Deli 7 (n=8) 
 

0 0  na 
SNPgr. 3, Deli 28 (n=6) SNPgr. 3, not Deli 28 (n=9) 

 
0 0  na 

SNPgr. 3, Deli 2 (n=3) SNPgr. 3, not Deli 2 (n=12)   0 0  na 
a False discovery rate (FDR) corrected p-value from Fisher’s Exact test < 0.05.   
b Some significantly enriched genes were phage related, consistent with an intact prophage encoded in the genomes of group 1 isolates 
but absent in group 2 isolates. 
c Each of the 32 genes had an FDR adjusted p-value = 0.051 and were present in all CU-258-322 isolates but absent in all CU-258-323 
isolates.  With only 4 isolates in each group, the test power was insufficient to pass FDR correction. 
d na, not applicable.  
e ‘statistically persistent’ includes all putatively persistent isolates with statistically fewer median SNP count differences than 
comparison isolates (Table 3.4).  ‘Sporadic’ includes all available sporadic isolates of a subtype represented among statistically 
persistent isolates.  Subsequent rows present the groups subset by subtype and deli of isolation.    
f Details on these 10 genes in Supplemental Table 3.7.  
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Supplemental Table 3.5.  Phylogenetic model selection by path sampling. 

Model a 
Likelihood (L) or Bayes Factor (BF) support for the choice of row model over column model 

CS SS CR SR 
For 179 lineage I isolates     
Coalescent population,  
Strict clock (CS) LCS = -62141 - - - 
Bayesian Skyline population,  
Strict clock (SS) 85 b LSS = -62056 - - 
Coalescent population,  
lognormal Relaxed clock (CR) 141 56 LCR = -62001 - 
Bayesian Skyline population,  
lognormal Relaxed clock (SR) 157 72 16 LSR = -61985 
For 9 lineage II isolates     
Coalescent population,  
Strict clock (CS) LCS = -8929.3 - - - 
Bayesian Skyline population, 
 Strict clock (SS) 1.7 LSS = -8927.7 - - 
Coalescent population, 
lognormal Relaxed clock (CR) -2.4 -4.1 LCR = -8931.8 - 
Bayesian Skyline population, 
lognormal Relaxed clock (SR) 1.1 -0.6 3.5 LSR = -8928.2 

a Models varied based on their tree prior (constant coalescent or Bayesian Skyline) and clock (strict or lognormal relaxed) specifications, but were otherwise 
identical in specification of the GTR model of site substitution and input SNP data.  Strict clock models were sampled using 10 path steps of 5 million 
generations and the more complex, relaxed clock models sampled using 10 steps of 10 million generations.   
b BF calculated as LSS - LCS and similar for all the off-diagonals.  
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Supplemental Table 3.6.  Presence or absence of previously described L. monocytogenes plasmids among sequenced isolates. 

  
Isolate  
PFGE type 
  

Number of isolates of a PFGE type with >70% of the sequence of a plasmid (GenBank accession, reference) absent (-) or present (+). 
pLM1-2bUG1 

(FR667692, (1)) 
 

pLM1-2cUG1 
(FR667691, (1)) 

 

pLM33 
(GU244485, (1)) 

 

pLM7UG1 
(FR667690, (1)) 

 

pLM80 
(AADR01000010, AADR01000058, (1)) 

 

pLMIV 
(NZ_CM001470, (2)) 

 

pLM5578 
(CP001603,(1)) 

 

pJ1776 
(NC_022046) 

- +   - +   - +   - +   - +   - +   - +   - + 

CU-8-340 0 5 
 

0 5 
 

0 5 
 

0 5 
 

5 0 
 

5 0 
 

5 0 
 

5 0 

CU-40-96 12 0 
 

12 0 
 

12 0 
 

12 0 
 

12 0 
 

12 0 
 

12 0 
 

12 0 

CU-8-96 20 0 
 

20 0 
 

20 0 
 

20 0 
 

20 0 
 

20 0 
 

20 0 
 

20 0 

CU-11-320 36 0 
 

36 0 
 

36 0 
 

36 0 
 

36 0 
 

36 0 
 

36 0 
 

36 0 

CU-259-322 5 0 
 

5 0 
 

5 0 
 

5 0 
 

0 5 
 

5 0 
 

5 0 
 

0 5 

CU-258-322 7 0 
 

7 0 
 

7 0 
 

7 0 
 

0 7 
 

7 0 
 

7 0 
 

0 7 

CU-258-323 8 0 
 

8 0 
 

8 0 
 

8 0 
 

0 8 
 

8 0 
 

8 0 
 

0 8 

CU-258-69 18 0 
 

18 0 
 

18 0 
 

18 0 
 

16 2 
 

18 0 
 

18 0 
 

1 17 

CU-262-318 4 0 
 

4 0 
 

4 0 
 

4 0 
 

1 3 
 

4 0 
 

4 0 
 

4 0 

CU-262-334 2 0 
 

2 0 
 

2 0 
 

2 0 
 

2 0 
 

2 0 
 

2 0 
 

2 0 

CU-262-319 6 0 
 

6 0 
 

6 0 
 

6 0 
 

6 0 
 

6 0 
 

6 0 
 

6 0 

CU-262-79 21 0 
 

21 0 
 

21 0 
 

21 0 
 

21 0 
 

21 0 
 

21 0 
 

21 0 

CU-11-282 5 0 
 

5 0 
 

5 0 
 

5 0 
 

5 0 
 

5 0 
 

5 0 
 

5 0 

CU-11-326 3 0 
 

3 0 
 

3 0 
 

3 0 
 

0 3 
 

3 0 
 

3 0 
 

3 0 

CU-294-321 11 0 
 

11 0 
 

11 0 
 

11 0 
 

11 0 
 

11 0 
 

11 0 
 

11 0 

CU-55-266 4 0 
 

4 0 
 

4 0 
 

4 0 
 

0 4 
 

4 0 
 

4 0 
 

4 0 

CU-57-267 12 0   12 0   12 0   12 0   12 0   12 0   12 0   12 0 
 

Supplemental Table 3.6 References 
(1) Kuenne C., Voget S., Pischimarov J., Oehm S., Goesmann A., Daniel R., Hain T., Chakraborty T. 2010. Comparative analysis of 
plasmids in the genus Listeria. PLoS ONE. 5. 
 
(2) den Bakker H. C., Bowen B. M., Rodriguez-Rivera L. D., Wiedmann M. 2012. FSL J1-208, a virulent uncommon phylogenetic 
lineage IV Listeria monocytogenes strain with a small chromosome size and a putative virulence plasmid carrying internalin-like 
genes. Appl. Environ. Microbiol. 78:1876-1889.  
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Supplemental Table 3.7.  Genes significantly enriched in the 38 isolates from in SNPgroup-1 not from deli 16. 

ITEP 
gene 

cluster 
ID 

FDR 
adjusted 
P-value 

Count of isolates of SNPgroup-1 
with the given gene 

Gene information  

  Predicted gene position in  

absent among 
isolates 

 

present 
among 
isolates 

 
FSL_R8_7554 Contig0001a 

 
FSL_R8_6780 Contig0001 

not 
from 
deli 
16 

from 
deli 
16   

not 
from 
deli 
16 

from 
deli 
16 Annotation  Length   Start Stop  Strand   Start Stop  Strand 

2464 0.043 1 3 
 

38 1b transcriptional regulator 716       176,563           175,847   -  
 

      77,746             78,462  + 

2465 0.043 1 3 
 

38 1 multidrug transporter cfla 1190       315,203           314,013   -  
 

    315,226           314,036  - 

2466 0.043 1 3 
 

38 1 aminobenzoate synthetase 1706       351,977           350,271   -  
 

    352,000           350,294  - 

2468 0.043 1 3 
 

38 1 peptidoglycan-binding protein 1004       307,810           308,814   +  
 

    388,088           387,084  - 

2470 0.043 1 3 
 

38 1 sugar transporter 1916       305,505           307,421   +  
 

    305,528           307,444  + 

2471 0.043 1 3 
 

38 1 pts fructose transporter subunit iia 1898       396,822           398,720   +  
 

    299,076           297,178  - 

2472 0.043 1 3 
 

38 1 gntr family transcriptional regulator 377       215,875           216,252   +  
 

    480,023           479,646  - 

2474 0.043 1 3 
 

38 1 dna glycosylase 1088            7,058               5,970   -  
 

    145,798           146,886  + 

2476 0.043 1 3 
 

38 1 membrane protein 1475            6,308               7,783   +  
 

      57,372             58,847  + 

2477 0.043 1 3   38 1 histidine kinase 728       178,721           177,993   -        178,744           178,016  - 
a These contigs IDs are those submitted to GenBank in the WGS archive.  Isolate FSL R8_7554 is a SNPgroup-1 isolate not from deli 16 and isolate R8_6780 an 
isolate from deli 16 not present in the main clade (clade R) of deli 16 isolates. 
b The single isolate of SNPgroup-1 from Deli 16 that had these 10 genes present was FSL_R8_6780 (listed in this table).  This isolate was not found in Clade R 
with the other 3 isolates from Store 16, but rather mixed within other isolates of SNPgroup-1 from other delis.  This suggests the possibility of separate sub-
populations of the same SNPgroup-1 subtype within deli 16, which have separate genes presence/absence patterns.   
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