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ABSTRACT 
 

 

DEVELOPMENT OF A QUANTITATIVE MICROBIAL RISK ASSESSMENT MODEL FOR 

FOODBORNE PATHOGENS IN HERBS AND SPICES 

 

 

Andrew Fedoruk                                                                                         Advisors:  
University of Guelph, 2011                                                                       Dr. Valerie J. Davidson 

                                                                                                      Mr. Aamir M. Fazil 
 

 

 Recent recalls and outbreaks have raised public awareness of herbs and spices as 

a potential vehicle for foodborne illness.  As an initial step towards risk management, 

quantitative microbial risk assessment models were developed to estimate the potential 

for spices to cause illness in two high risk food-pathogen combinations.  The models 

simulated contamination levels and prevalence in primary and spice ingredients 

separately during preparation and storage stages, taking into account intrinsic and 

extrinsic factors which allowed for changes in levels of contamination over time.  Per 

serving and per annum risk estimates illustrated the relative potential for spices to 

contribute to illness for different scenarios and can be used to identify strategies for 

minimizing risk.  Model sensitivity analysis suggested that initial contamination and 

storage periods were the most influential variables in terms of affecting overall rate of 

illness.  The reliability of the model, data gaps, and areas for future research were 

discussed.  
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Chapter 1 : Problem Statement 
 

The use of herbs and spices to provide flavouring to foods has become a popular 

choice for consumers.  An increase in immigration and international travel, and desire 

for flavourful cuisines without excessive amounts of salt has resulted in a demand for 

ethnic or multi-cultural recipes, leading to increased consumption of herbs and spices.  

According to the United States Department of Agriculture (2009b), the estimated annual 

herb and spice consumption per capita in the United States has increased by 0.6 

kilograms per person in the last three decades.  Furth and Cox (2004) suggested that the 

consumption of herbs and spices in the United States will continue to increase, as from 

1980 to 2000, the per capita consumption of spices increased by 60 percent or from 1.0 

to 1.6 kilograms per person per year.  This research suggests that herb and spice use is 

increasing, and will continue this trend for the future.   

It is conventional to view herbs and spices as a means for providing flavouring in 

many food products, but unconventional to view them as potential vehicles for 

microbial contamination.  It is well known that primary ingredients in food products 

such as meat or fresh produce can serve as potential pathways for microbial 

contamination, exposing the consumer to risk of foodborne illness, but many would 

neglect to consider secondary ingredients, such as herbs and spices as vehicles to cause 

similar effects.  However, previous investigations have analyzed raw herbs and spices 

and found them to contain significant levels of pathogen contamination, such as 

Salmonella spp., Staphylococcus aureus, Bacillus cereus, and Clostridium perfringens 

(Sagoo et al. 2009; Elviss et al. 2009; Hara-Kudo et al. 2006; Little et al. 2003).   

Many herbs and spices are grown in areas of the developing world, where 

handling and hygiene practices may be inadequate, combined with a warm climate, 

which can facilitate the proliferation of bacteria and fungi (Mckee 1995).  In addition, 

herbs and spices may be subjected to cross-contamination during processing and 

distribution to retail outlets from wastewater, airborne particles, and animal fecal 

matter, contributing to additional contamination (De Boer et al. 1985).   



2 

 

Commercially, herbs and spices are typically sold dried in sealed containers 

which would not present an optimal growth environment for bacteria to multiply due to 

low water activity.  Although pathogens contained in raw herbs and spices can present 

some risk of foodborne illness, an increased risk occurs when herbs and spices are 

added to food products that are stored for periods of time and receive minimal 

processing prior to consumption (Little et al. 2003).  For these scenarios, dependent on 

certain extrinsic factors and intrinsic conditions affecting the food product medium, 

initial pathogen contamination present in the herbs and spices may survive or will be 

given the opportunity to multiply to problematic levels capable of causing foodborne 

illness. 

Public awareness of microbial contamination in herb and spice ingredients has 

recently increased over the last few decades. Foodborne illness outbreaks have 

suggested links to high levels of microbial contamination in herbs and spices, 

particularly in meat products and ready-to-eat foods (Gustavsen & Breen 1984; 

Lehmacher et al. 1995; Eidson et al. 2000; Conedera et al. 2007).  Recalls have also been 

issued recently by Canadian and United States regulatory agencies for raw spice 

ingredients, and ready-to-eat snack food and meat products containing added herbs and 

spices (Vij et al. 2006; Canadian Food Inspection Agency 2010; Centers for Disease 

Control and Prevention 2010). 

As an initial step towards risk management of microbial contamination in spice 

ingredients added to food products, the purpose of this thesis was to develop a 

quantitative risk assessment model for estimating exposure to foodborne pathogens 

from spice ingredients for potentially high risk food-pathogen combinations.  The intent 

of the model was to quantify pathogen levels from spice ingredients in selected food 

products to determine the probability of illness at consumption, without the presence 

of contamination from primary food ingredients.  The model also provided public health 

estimates for number of illnesses caused by each product-combination for the Canadian 

population, taking into account contamination from primary food ingredients. 
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Chapter 2 : Literature Review 
 

In this literature review, the microbial risk assessment process as applied to food 

safety is discussed.  An introduction to herbs and spices and their properties is given, 

followed by a summary of their prevalence with microbial contamination, which reviews 

previous outbreaks and investigations attributed to contaminated herbs and spices in 

food products.  Methods for preventing microbial contamination in herbs and spices are 

reviewed, discussing potential risks and effectiveness, followed by a review of various 

quantitative microbial risk assessment techniques.  A summary of previous probabilistic 

quantitative microbial risk assessment (QMRA) models created to estimate food safety 

risk is given, in addition to the process of utilizing probabilistic modeling in risk 

assessment.  Finally, an identification of literature deficiencies is provided, regarding the 

link between applying dried herb and spice ingredients to food products and the 

potential for pathogen contamination in herbs and spices to initiate illness. 

2.1 Microbial Risk Assessment 
 

Microbial risk assessments are intended to identify and provide understanding of 

public health risks related to the ingestion of pathogenic organisms in food, so they can 

be appropriately communicated and managed.  The Codex Alimentarius Commission 

(1999) describes the four stages of the risk assessment process as related to food safety, 

which are outlined as follows: 

i.) Hazard Identification: the purpose is to identify the microorganism of concern in a 

specific food product.  This stage is generally qualitative and information can be 

obtained from sources such as scientific literature, government agencies, expert 

opinions, and databases.  

ii.) Exposure Assessment: the purpose is to estimate the likelihood and extent of human 

exposure to the identified hazard.  An exposure assessment will estimate the levels or 

concentrations of microbial contamination in a food product and the probability that 

the target microorganism will occur in the food product at the time of consumption.  For 
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an exposure assessment to be successful, it is necessary to model or estimate the 

probability of contamination and levels of contamination separately for a particular 

microorganism for each stage from production to consumption.  For example, typical 

exposure pathways modeled for a complete food safety microorganism exposure 

assessment are presented in Figure 2.1.  The estimated levels and prevalence of a 

specific micro-organism in a food product is described from the stages of “farm-to-fork” 

to produce a final concentration and probability of contamination at the point of 

consumption. 

 

 

 
  

 

 

 

 

 

 

Ni=Exposure Level Estimate Per Quantity, Pri=Probability of Contamination 

Figure 2.1: Typical Exposure Assessment Pathways Modeled in Food Safety Microbial Risk Assessment 

 
 

iii.) Hazard Characterization: this step will identify the severity and duration of the 

adverse effects caused by ingestion of the microorganism in contaminated food.  Hazard 

characterizations can be described either qualitatively or quantitatively.  Generally, a 

dose-response model is utilized if data are sufficient.  Certain biological factors also 

need to be considered related to both the microorganism and the human host to 

estimate risks accurately.  Some of these factors may include replication of 

microorganisms, the interaction of microorganisms with the host and the environment, 

and transfer of genetic material between microorganisms. 
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iv.) Risk Characterization: this step combines the first three stages of the risk 

assessment process (hazard identification, exposure assessment, and hazard 

characterization) together to compile an overall population risk estimate for a particular 

microorganism in a food product.  Essentially, risk characterization integrates qualitative 

and quantitative information derived from the first three stages in risk assessment to 

provide a final risk measure. 

From a comprehensive standpoint, the process of microbial risk assessment 

provides essential information necessary in analyzing risk in order to provide effective 

management and communication.  As an end result, microbial risk assessments can 

connect research and food safety risk management (Food and Agriculture Organization 

of the United Nations 2008). 

2.2 Physical Properties of Herbs and Spices 
 

There are important differences in terms of physical properties with what 

flavouring products are to be classified as herbs versus being classified as spices.  The 

formal definition of a spice is, 

 “Aromatic vegetable substances, in the whole, broken, or ground form, whose 

significant function in food is seasoning rather than nutrition. They are true to name and 

from them no portion of any volatile oil or other flavoring principle has been removed 

(United States Food and Drug Administration 2009b).”   

In this definition, substances such as onions, garlic, and celery are excluded 

because they are treated as food products.  Salt is also excluded as well.  The FDA code 

of federal regulations provides a complete list of substances which are considered to be 

spices.  The international standards organization (2009) defines spices as “Vegetable 

products or mixtures thereof, free from extraneous matter, used for flavouring, 

seasoning and imparting aroma in foods.”  Finally, the American Spice Trade Association 

(2009) defines spices as “any dried plant product used primarily for seasoning 

purposes.” As the above definitions indicate, herbs are included under the same 
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category as spices which are intended to be used primarily for flavouring food products 

rather than providing any nutritional value. 

Although the above definitions classify herbs as being incorporated in the same 

category as spices, it is common to differentiate between the two.  Peter (2001) 

distinguishes between herbs and spices using the following definition,  

“Herbs may be defined as the dried leaves of aromatic plants used to impart 

flavour and odour to foods with, sometimes, the addition of colour. The leaves are 

commonly traded separately from the plant stems and leaf stalks.”  

In this case, the author points out the main difference used to distinguish 

between herbs and spices, in that spices typically consist of the bark, fruit, or seeds of a 

plant species and herbs typically consist of the leaves or the flower.  Spices are mainly 

produced and traded as dried products for preservation reasons (Peter 2001).  Some 

examples of common spices include cinnamon, black pepper, and red chili.  Some 

examples of common herbs include basil, rosemary, and turmeric.  A description of 

some of the most common herbs and spices used in food products, describing their 

properties, country of origin, and taxonomical naming of the plant from which the 

flavouring is produced is listed in Table 2.1.  

 
 

Table 2.1: Physical Properties and Characteristic of Common Herbs and Spices 
(Adapted from Peter 2001) 

Herb/Spice Botanical Name of 
Plant 

Origin Part of Plant Used for 
Herb/Spice 

Black 
Pepper 

Piper nigrum Brazil, India, Indonesia, Malaysia, Sri 
Lanka 

Fruit 

Red Chili Capsicum frutescens Ethiopia, India, Japan, Kenya, 
Mexico, Nigeria, 

Pakistan, Tanzania, USA 

Fruit 

Cinnamon Cinnamomum 
Zeylanicum 

Sri Lanka Seed Bark 

Basil Ocimum basilicum France, Hungary, USA, Yugoslavia Leaf 
Rosemary Rosmarinus 

officinalis 
France, Spain, USA, Yugoslavia Leaf 

Turmeric Curcuma longa Greece, Mexico Rhizome 
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 Although it is sometimes customary to distinguish between herbs and spices as 

stated above and to use certain food products (such as garlic or onions) as flavouring 

ingredients, only dried herb and spice ingredients were considered in this thesis and are 

referred to as “spices”. 

 

2.3 Microbial Contamination in Herbs and Spices 
 
 Spices are frequently overlooked as potential conduits for bacterial 

contamination in food products.  Commercially, spices are typically sold dried in sealed 

containers which would not present a suitable environment for pathogenic 

microorganisms to multiply.  However, previous investigations have analyzed raw spices 

and found them to contain pathogens, such as Salmonella spp., Bacillus cereus, 

Staphylococcus aureus, and Clostridium perfringens, which may be capable of causing 

illness, especially when added to foods that are stored for periods of time and receive 

minimal processing prior to consumption (Sagoo et al. 2009; Hara-Kudo et al. 2006; 

Little et al. 2003; McKee et al. 1995).  Even when sufficient heat treatment is provided, 

spore-forming pathogenic organisms contained in spices, such as Clostridium 

perfringens and Bacillus cereus may survive cooking steps and multiply during cooling of 

food products.   

Many spices are grown in developing countries, where handling and hygiene 

practices may be inadequate, combined with hot and humid temperatures which can 

cause microorganisms to proliferate (McKee 1995).  Spices may be exposed to an array 

of different forms of contamination during processing and distribution to retail outlets 

due to contamination with wastewater, airborne particles, and fecal matter (De Boer et 

al. 1985).   

Paradoxically, certain spices have also been determined to reduce microbial 

contamination in foods.  For example, Pafumi (1986) illustrated that cloves possessed 

the ability to inhibit the growth of Salmonella spp.  Bagamboula et al. (2003) 

demonstrated that basil, oregano, rosemary, allspice, marjoram, and thyme were shown 
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to have antimicrobial effects against Shigella.  Finally, Hew et al. (2006) showed that 

garlic possessed the ability to inhibit the growth of E.coli O157:H7, Listeria 

monocytogenes, and Salmonella Newport. However, by certain definitions, garlic is not 

considered to be a spice (United States Food and Drug Administration 2009b).  In 

general, the quantities spices used to flavour food products are not considered 

sufficient to inhibit a substantial degree of microbial growth, and antimicrobial spice 

ingredients should not be considered as a means of food protection (Snyder 1997). 

2.3.1 Summary of Investigations Linked to Herb and Spice Contamination 
 

Spices have been linked to the cause of foodborne illness outbreaks, and high 

levels of microbial contamination have been found in spices during previous microbial 

surveys.  The following information is a summary of foodborne illness outbreaks and 

studies attributed to high levels of microbial contamination in spices in chronological 

order.  Emphasis is placed on outbreaks linked to spices added to food products 

receiving minimal treatment prior to consumption. 

1984: In Norway, an outbreak of Salmonella oranienburg, causing 126 illnesses was 

primarily attributed to contaminated black pepper applied to cured meat products 

(Gustavsen & Breen, 1984).  In this case, it was suspected that low pathogen levels in 

the raw black pepper were given the opportunity to multiply when added to the meat, 

given sufficient storage time.   

1995: In Germany, a nationwide outbreak of salmonellosis from several strains of 

Salmonella spp., causing approximately 1000 illnesses was attributed to paprika powder 

in potato chips (Lehmacher et al. 1995).  Very low levels of Salmonella spp. bacteria 

were found in the potato chips, which provided evidence that even a small number of 

pathogens stored in dry and low nutrient environments can have the potential to cause 

outbreaks and that pathogens can survive in spices for long periods without an optimal 

growth medium. 
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1995: In New Mexico, an outbreak of several serotypes of Salmonella spp. occurred, 

causing 93 illnesses, 40 individuals to seek medical attention, and 5 to become 

hospitalized was linked to consumption of beef jerky (Eidson et al. 2000).  In this case, it 

could not be ruled out that the outbreak could have been attributed to spice ingredients 

in the marinade used in drying the meat.  Laboratory testing could not confirm one 

specific ingredient as the root cause of the outbreak. 

2001: In California, an outbreak of Salmonella Thompson was investigated causing 76 

illnesses and deemed to be attributed to fresh cilantro, with many of the illnesses being 

attributed to consumption of salsa containing chopped cilantro within a restaurant, 

which was believed to have supported pathogen growth (Campbell et al. 2001).  In this 

case, the outbreak was attributed to a fresh herb (as opposed to dry, ground, and pre-

packaged), showing that both dry and fresh herbs have the potential to cause illness if 

contaminated.  

2003: In a study conducted in the United Kingdom, Little et al. (2003) examined the 

levels of Bacillus cereus when contaminated spices were added to ready-to-eat foods, 

such as spiced salad dressing and sandwich rolls.  Bacillus cereus levels were tested in 

the raw spices and subsequently tested after being added to the food products and 

allowed sufficient times for storage.  Hazardous levels (capable of causing food 

poisoning) of Bacillus cereus were linked to the addition of the contaminated spices in 

certain instances. 

2006: In a study measuring pathogen survival in raw sausage products in California, Hew 

et al. (2006) determined that spice ingredients within the sausage batter contributed 

substantial amounts of microbial contamination to the sausage products, which could 

be a source of foodborne illness if left in an optimal growth environment.  This was a 

cause for concern since the sausage products were often subject to temperature abuse 

during storage and were not consistently heat treated prior to consumption. 

2010: Most recently, in the United States, over 250 illnesses in 44 states were linked to 

the consumption of black and red pepper contaminated with Salmonella Montevideo 
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added to Italian-style meat products, such as salami (Centers for Disease Control and 

Prevention 2010).  Several product recalls were issued for these contaminated products. 

The outbreak investigation has been ongoing since July 2009. 

The above investigations provide evidence that pathogen contamination in 

spices is capable of facilitating foodborne illness and outbreaks, potentially as raw 

ingredients, but more likely when added to food products, such as meats or 

ready-to-eat foods. 

2.3.2 Recalls of Herbs and Spices 
 

In recent years, an increase in the number of recalls of spices due to bacterial 

contamination have been noted by the FDA, with 16 recalls occurring from 2000 to 2004 

compared to only 2 recalls occurring in the 1990s (Vij et al. 2006).  The author makes 

note that all but one of the sixteen recalls occurring from 2000 to 2004 have been 

attributed to Salmonella spp. 

In Canada, according to government agencies, there have been many recalls in 

the last five years (2005 to 2010) attributed to pathogen contamination in spices 

(Canadian Food Inspection Agency 2010).  Details of the recalls and their causes are 

outlined in Table 2.2.  In all of these cases, the recalls were attributed to Salmonella spp. 

 

Table 2.2: Summary of Canadian Food Inspection Agency Herb and Spice Recalls from 2005 to 2010 

Product Date Recalled Reason for Recall 

Black Pepper Mar-10 Salmonella spp. 
Curry Powder Mar-10 Salmonella spp. 

Green Cardamom Apr-09 Salmonella spp. 
Green Cardamom Apr-09 Salmonella spp. 

Basil Feb-09 Salmonella spp. 
Jalapeno and Serrano peppers Jul-08 Salmonella spp. 

Ground Cumin Apr-08 Salmonella spp. 
Black Pepper Mar-08 Salmonella spp. 

Sesame Seeds Jan-08 Salmonella spp. 
Oregano Dec-07 Salmonella spp. 

Coriander Sep-07 Salmonella spp. 
White Sesame Seeds Aug-07 Salmonella spp. 

Black Pepper May-07 Salmonella spp. 
Black Pepper Apr-07 Salmonella spp. 
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The above information indicates that agencies in the United States and Canada 

have taken notice of the presence of pathogen contamination in spices and their 

potential dangers regarding consumption.  

  

2.3.3 Types of Contamination Found in Herbs and Spices 
 

The pathogenic microorganisms and common bacteria found in spices, with their 

potential public health consequences are described briefly in Table 2.3.  Bacillus cereus 

and Clostridium perfringens are common and prevalent in most spices (Sagoo et al. 

2009; Little et al. 2003).  Generic Escherichia coli can be interpreted as an indicator for 

fecal contamination (Deng et al. 1998). However, certain serotypes of Escherichia coli, 

such as O157:H7 produce shiga-like toxins which can be pathogenic and lead to severe 

illness or potential outbreaks.  Any level of Salmonella spp. bacteria found in spices can 

be potentially harmful and is unacceptable according to Canadian and United States 

regulatory agencies (Health Canada 2008; United States Food and Drug Administration 

2009d).  Occurrences of pathogenic Escherichia coli and Salmonella spp. in spices are 

considered to be sporadic, and contamination is generally attributed to inadequate 

hygiene and handling practices during harvesting and production (McKee 1995). 
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Table 2.3: Properties of Common Pathogens Found in Herbs and Spices and their Potential Impact on 
Public Health 

Pathogen Description Potential Public Health Consequences 

Levels 
Presenting 
Potential 

Human Health 
Hazard 

Reference 

Bacillus cereus 

-gram-positive, 
facultative aerobic 

spore-forming 
bacteria. 

 

-Can cause two types of food poisoning including 
diarrhea and vomiting-type illnesses. 

-Generally, the onset of watery diarrhea and 
abdominal cramps occurs 6 to 15 hours after 

consumption of contaminated food.  Vomiting is 
less common. 

-Symptoms generally last for less than 24 hours. 

104 to 106 
CFU/g 

Health 
Canada 

2008; FDA 
2009a  

Staphylococcus 
aureus 

-Spherical-shaped 
gram-positive 

facultative aerobic 
bacteria generally 

appearing in “grape-
like” clusters. 

-Can cause Staphylococcal food poisoning, a rapid 
and acute illness occurring 30 min. to 7 hours 

following the consumption of contaminated food. 
-Symptoms include nausea, vomiting, retching, 

abdominal cramping, and prostration in mild cases 
and headaches, muscle cramping, and changes in 

blood pressure in more severe cases. 
-Symptoms generally last for 2 to 3 days. 
-Death is extremely rare, but can occur. 

102 to 104 
CFU/g 

Health 
Canada 

2008; FDA 
2009a  

Salmonella spp. 
-Rod-shaped gram-

negative motile 
bacteria. 

-Certain species can cause typhoid-like fever, 
affecting various organs and leading to lesions or a 
milder form of salmonellosis.  Acute symptoms can 

include nausea, vomiting, abdominal cramps, 
diarrhea, fever, and headache. Chronic 

complications can include arthritic symptoms. 
-Symptoms generally occur 6 to 48 hours following 

consumption of contaminated food. 
-Acute symptoms generally last for 1 to 2 days and 

chronic symptoms generally occur 3 to 4 weeks 
following the onset of acute symptoms. 

-Death rate is low, but can occur occasionally. 

Any Amount 

Health 
Canada 

2008; FDA 
2009a  

Clostridium 
perfringens 

-Rod-shaped anaerobic 
gram-positive 
spore-forming 

bacteria. 

-Enterotoxigenic strains can cause perfringens food 
poisoning or a rare but more serious illness known 

as enteritis necroticans or pigbel disease. 
-Symptoms include intense abdominal cramping 
and diarrhea developing 8 to 22 hours following 

the consumption of contaminated food. 
-Acute symptoms generally last for 24 hours, but 
symptoms have been known to persist for 1 to 2 

weeks. 
-Death from food poisoning is rare, but can occur 

due to dehydration and other complications.  
Enteritis necroticans is often fatal. 

 

104 to 106 
CFU/g 

Health 
Canada, 

2008;  
FDA 2009a 

Escherichia coli 

-Rod-shaped gram-
negative facultative 

aerobic motile 
bacteria. 

-there are four types of 
E.coli known to cause 

illness in humans 
-Certain strains are 

pathogenic and others 
are non-pathogenic. 

-Can cause gastroenteritis and other serious health 
effects, depending on the strain.  -Serotype 

0157:H7 can produce toxins that cause severe 
damage to the lining of the intestine, called 

hemorrhagic colitis. Can also cause Hemolytic 
Uremic Syndrome.   Symptoms include severe 

cramping, bloody diarrhea, and occasional 
vomiting. Duration of illness is usually 8 days. 

102 to 103 
CFU/g (non-
pathogenic) 

Health 
Canada, 

2008; FDA 
2009a 
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2.3.4 Pathogen Prevalence in Herbs and Spices 

 
A number of studies were retrieved indicating the presence of specific 

pathogenic bacteria within spice ingredients.  The prevalence of certain pathogenic 

bacteria in spices is summarized in Table 2.4.  Sagoo et al. (2009) determined that 1.11% 

of spice samples collected from retail and production facilities contained Salmonella 

spp.  In addition, samples contained high counts of Bacillus cereus, Clostridium 

perfringens, and/or Escherichia coli (above applicable criteria).  An additional 

microbiological survey of found 0.8% of spice samples to be contaminated with 

Salmonella spp. (Hara-Kudo et al. 2006).  Studies on pathogen prevalence in fresh herbs 

were reviewed as well for comparison (FDA 2003; Elviss et al. 2009). 

 
Table 2.4: Summary of Pathogen Prevalence in Spices from the Literature 

Herb/Spice 
Country 
of Study 

Detection of 
Salmonella Spp. 
Contamination

1
 

Prevalence 
of High 

Levels of C. 
Perfringens

2 

Prevalence 
of High 

Levels of B. 
Cereus

2 

Prevalence of 
High Levels of 

Escherichia Coli 
Contamination

2 

Reference 

Fresh 
Herbs 

United 
Kingdom 

0.5% NA* NA* 3.6% 
Elviss et 
al. 2009 

Dried 
Herbs and 

Spices 

United 
Kingdom 

1.11% 0.01% 3.0% 1.8% 
Sagoo et 
al. 2009 

Dried 
Spices 

United 
Kingdom 

None NA* 2.0% NA* 
Little et al. 

2003 
Dried 
Spices 

Japan 0.8% NA* NA* NA* 
Hara-Kudo 
et al. 2006 

Fresh 
Herbs

 
United 
States 

6.8% NA* NA* NA* FDA 2003 

1 – Any level of Salmonella spp. in food is deemed to be unacceptable for human consumption.  
2 – Refers to pathogen levels deemed to be unacceptable and above applicable criteria for the study. 

*not applicable to the particular study. 
 

2.3.5  Reducing Microbial Contamination in Herbs and Spices 
 

There are a number of different treatment methods available for reducing 

microbial contamination in spices prior to consumption.  Irradiation is practiced, where 

small doses of radiation are applied in order to destroy microorganisms.  Irradiation is a 

popular method for reducing microbial contamination in spices, with many countries 

around the world, including Canada utilizing commercial spice irradiation practices 
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(Canadian Food Inspection Agency 2005; United States Food and Drug Administration 

2008).  Several studies in the literature demonstrate the effectiveness of irradiation in 

reducing microbial contamination in spices to safe levels for consumption (Sharma et al. 

1984; Kiss & Farkas 1988; Kiss et al. 1990; Lund et al. 2000; Legnani et al. 2001; Staack et 

al. 2007).   

As an alternative method, spices can be treated with ethylene oxide, a 

colourless, flammable gas applied to food products to prevent contamination, although 

its use has been banned in some countries for microbial reduction treatment.  There has 

been some controversy over the use of ethylene oxide on food products, as it has been 

speculated as a potential carcinogen.  Nevertheless, ethylene oxide continues to be 

used in some countries, but is banned in others (Peter 2001). Fowles et al. (2001) 

assessed exposure to ethylene oxide in spices to estimate the respective cancer risk, 

using 200 samples collected from retail outlets.  The study determined that exposures to 

ethylene chlorohydrin and ethylene bromohydrin (by-products of ethylene oxide) were 

200 to 300 fold higher than to ethylene oxide and that the estimated cancer risk for 

exposure to ethylene oxide from spices was negligible.   

Finally, osmotic dehydration and storage within a high-fructose corn syrup 

medium has also been practiced effectively (Peter 2001).  Microwave treatment is 

another method that has been practiced, but there has been evidence to show 

inefficiency compared to irradiation treatment (Legnani et al. 2001). 

Other factors can affect the level of microbial contamination in spices such as 

the packing method, the type of container used, and the spice texture.  For example, a 

sealed container would present fewer opportunities for microbial growth than would an 

open container, where pathogens would be exposed to a more oxygen-rich 

environment.  Sagoo et al. (2009) examined the difference between microbial 

contamination in open and sealed containers of spices.  The results of the analysis 

showed that dried spices stored in an open package harboured a higher degree of 

microbial contamination than when stored in a sealed container.  Mandeel (2005) 
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examined the fungal contamination of imported spices, noting the difference in 

contamination between spices stored in metal containers, plastic bags, wooden boxes, 

and gunny bags.  The study determined that gunny bags left open to the environment 

possessed a higher level of fungal contamination than other sealed packing methods.  In 

addition to examining packing methods, Sagoo et al. (2009) also determined that the 

texture of spices can contribute to the levels of microbial contamination that may be 

present, demonstrating that spices with flaked texture had a higher degree of microbial 

contamination than ground or whole spices.   

According to the above research, irradiation seems to be the preferred and most 

effective method for decontamination treatment of spices during processing.  Secondly, 

it seems that spices, when left open in the environment have the potential for a higher 

degree of contamination than if stored in a sealed container and that spices with flaked 

textures typically harbour more microbial contamination than ground or whole spices. 

 

2.4 Review of Food Safety Quantitative Microbial Risk Assessment Techniques  
 

Reviewing the literature, it was not possible to find record of a probabilistic risk 

assessment study which attempted to quantify pathogens from minor food ingredients, 

such as spices.  However, many risk assessment techniques have been attempted which 

estimate pathogen exposure levels in many types of food products, and subsequently, 

the risk of acquiring illness from consumption.  Therefore, focus of this section was 

placed on the development of microbial risk assessment techniques attempting to 

assess risk for several food-pathogen combinations and a summary of probabilistic 

approaches designed to predict pathogen exposure in specific food products, suggesting 

methods for improvement.     
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2.4.1 Development of Microbial Risk Assessment Techniques 
 

A number of approaches for microbial risk assessment have been developed 

recently, which attempted to quantify risk associated with the consumption of certain 

microorganisms in food, while providing a means to represent uncertainty and providing 

a framework for prioritizing food-pathogen combinations.  Focus is directed to the 

exposure assessment functions of these tools, as this is a key stage in microbial risk 

assessment. 

Van Gerwen et al. (2000) developed a heavily quantitative tool for estimating the 

risk from exposure to foodborne pathogens, entitled “Stepwise and Interactive 

Evaluation of Food safety by an Expert System (SIEFE)”, using point value calculations, 

which relied on many assumptions regarding the behaviour of food pathogens.  In SIEFE, 

the levels of microorganisms at different stages from “farm-to-fork” were calculated, 

taking into account storage and heat treatment.  Prevalence data from the literature 

was used to assist the user in selecting realistic contamination levels.  Dose-response 

data were used to estimate the risk due to ingestion of a contaminated food serving, 

producing a final consumer risk result.  The use of point values and conservative 

calculations may have provided the user with a false sense of certainty and presented 

worst-case scenarios in risk estimates.  In addition, the tool required a certain degree of 

expert knowledge to be used correctly. 

Ross and Sumner (2002) developed a semi-quantitative spreadsheet-based food 

safety risk assessment in Microsoft Excel® using point value calculations. Qualitative and 

quantitative questions were answered regarding food consumption patterns and 

contamination, for the spreadsheet to convert the qualitative statements into numerical 

values to be used in basic computations.  The final output produced a point value for the 

daily probability of illness for consumption of a particular food-pathogen combination, 

the estimated number of total illnesses in a population, a comparative risk estimate, and 

a final risk ranking.  The method provided a means to conduct sensitivity analysis for 

different risk reduction strategies.  Many of the numerical weighting factors assigned to 
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qualitative responses provided by the user were arbitrary and possessed a large degree 

of uncertainty.    

Davidson et al. (2006) developed a semi-quantitative food-pathogen 

combination risk prediction technique in MATLAB® computer software, making 

improvements to the risk assessment created by Ross and Sumner (2002) and using 

fuzzy logic techniques.  Questions were answered regarding initial hazard levels in food, 

changes in microbial levels following processing, effects of consumer preparation, 

proportion of product contaminated, and consumption patterns across populations 

which served as inputs for risk calculation. Interval arithmetic was used to compute 

estimated exposure and risk values for various food-pathogen combinations. Exposure 

doses from a particular pathogen were entered by the user as the first input to the 

model represented as a percentage of the median infective dose (ID50) value.  Model 

results provided an estimated dose of microorganisms ingested, probability of illness for 

a defined population, total number of exposures for a defined population, an estimation 

of the number of illnesses, and a relative risk ranking to compare food-pathogen 

combinations.  Results were supported by confidence intervals to represent uncertainty, 

calculated using fuzzy logic.  Initial microbial contamination levels required technical 

knowledge to assess the percentage contribution of a food-pathogen to its respective 

ID50 value, rather than using published literature data.  

Newsome et al. (2009) developed a semi-quantitative approach to predicting 

public health impact due to chemicals, toxins, and microorganisms in food using 

Analytica® risk software.  The model calculations were performed using dose-response 

data from the literature to estimate risk based on levels of exposure.  Qualitative and 

quantitative questions were answered for input values, and sometimes required 

expertise.  Risk calculations utilized Monte Carlo simulations to assess exposure, using 

probability distributions to represent uncertainty for model input variables.  For each 

hazard-food combination, the model provided confidence intervals for the mean 

concentration of chemical/pathogen in contaminated food products, the final mean 
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prevalence over all servings, probability of illness, total number of illnesses, and a 

measure of public health impact called pseudo-disability adjusted life years (pDALY), 

which was used as a relative measure to rank risk.  One type of distribution was used to 

describe all uncertain input parameters, which could have been analyzed in more detail 

for more appropriate fits using goodness-of-fit testing, theoretical justification, or 

expert knowledge. 

The research above outlines the challenges involved in implementing generic 

approaches to assess the risk from food-pathogen combinations, while accounting for 

uncertainty to depict realistic estimates.  The microbial risk assessment techniques in 

the studies described above indicate that further analysis for the development of 

additional quantitative microbial risk assessment approaches would be useful, 

particularly in the area of investigating different methods for representing uncertainty in 

pathogen exposure estimates and providing validation for the results. 

2.4.2 Stochastic Modeling Approaches in QMRA 
 

Monte Carlo simulation is a popular technique used in stochastic risk assessment 

modeling, and is useful for assessing risk attributed to consumption of contaminated 

food products when a large degree of uncertainty exists.  Monte Carlo analysis was first 

attempted by scientists in the development of nuclear weapons in the 1940s (Kalos and 

Whitlock 2008).  The technique is applied to mathematical models used to simulate 

chance or randomness, in order to depict realistic situations for analysis.  Suitably, the 

title of “Monte Carlo” originates from the city in the principality of Monaco, which is 

well known for its casinos (Sobol, 1994).  Monte Carlo simulation can be considered as a 

powerful approach for conducting risk assessment because very few assumptions are 

needed (Burmaster and Anderson, 1994).  Instead of making assumptions, model input 

variables are assigned to probability distributions to represent information that may be 

uncertain. Essentially, Monte Carlo analysis utilizes random sampling techniques, using 

computer simulations to take large numbers of samples from a probability distribution.  

For sampling, pseudo-random numbers are generated using algorithms which simulate a 
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sequence of random numbers (Kalos and Whitlock 2008).  One Monte Carlo sampling 

technique is referred to as Median Latin Hypercube sampling.  When utilizing Median 

Latin Hypercube, each uncertain quantity is divided into intervals of equal probability, 

taking the median as the sample.  The purpose of using median Latin hypercube 

methods is to provide even or smooth distributions of samples. 

 

For example, a typical use for Monte Carlo simulation in estimating pathogen 

exposure in a quantitative microbial risk assessment for bacteria in meat during 

processing is illustrated in Figure 2.2.  Many of the inputs for estimating risk are 

uncertain, such as the prevalence of bacteria in meat and spice, the potential for cross-

contamination, or reduction of microorganisms during manufacturing processes, thus, a 

probability distribution is assigned to uncertain input variables based on a best fit of the 

data, and is subsequently input into a model to run Monte Carlo simulations. 
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Figure 2.2: Monte Carlo analysis example for exposure assessment of bacteria in meat during 
processing 

 

 
Ross et al. (2009a) modeled the exposure of Listeria monocytogenes in cooked 

sausage, deli meats, and pâtés in Australia at stages of production, storage, distribution, 

and consumption, using Monte Carlo simulation with Latin Hypercube sampling to 

represent uncertainty.  Model inputs were constructed to be easily changed to conduct 

sensitivity analysis.  Predictive microbiology was used to estimate pathogen 

concentrations at the various stages from post-production to consumption, taking into 

account storage times and temperatures, water activity, pH, and lactic acid bacteria 
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levels to provide an accurate depiction of realistic levels.  Initial Listeria monocytogenes 

prevalence levels were taken following production from random surveys, provided by 

the Australian health department and Australian meat industry council.  This data 

served as the initial stage of pathogen exposure modeling.  The model demonstrated 

that the ready-to-eat meat products analyzed all presented significant risk for Listeriosis 

infection, and in a later study, that mitigation strategies, such as reduction of initial 

prevalence was the most effective strategy to reduce relative risk (Ross et al. 2009b).   

Similarly, Gyung-Jin et al. (2007) modeled exposure to Bacillus cereus from 

consumption of “Kimbab” (ready-to-eat rice, meat, and other foods rolled in seaweed) 

in Korea.  Pathogen levels were stochastically modeled for various stages from retail 

display to the point of consumption, with initial pathogen prevalence data obtained 

from a previous study following production.  In modeling pathogen growth, consumer 

eating habits were taken into consideration, such as to individuals waiting to consume 

Kimbab following purchase.  The model presented significant levels of Bacillus cereus at 

consumption, however, the study recognized that there were several data gaps in model 

inputs, particularly with respect to pathogen prevalence in Kimbab minor ingredients 

(meat and spices) used in production.   

Although the studies conducted by Gyung-Jin et al. (2007) and Ross et al. (2009a) 

modeled pathogen exposure in detail to the point of consumer consumption for the 

above mentioned food products, neither study considered modeling pathogen levels in 

minor ingredients used during preparation, although this was indicated as a data gap 

which would have been worthwhile to investigate. 

Ross et al. (2009a) considered Listeria monocytogenes cross-contamination 

during retail display in the study described above, by modeling the likelihood that ready-

to-eat meats would become re-contaminated following processing and prior to 

consumer purchase.  Mokhtari and Jaykus (2009) performed an exposure assessment 

for transmission of the norovirus during food preparation in restaurants, using 

sensitivity analysis to evaluate mitigation strategies aimed at reducing transmission.  
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The study analyzed various contact surfaces used for food preparation and examined 

the potential for cross-contamination, such as from gloves to food and from employee 

visits to the restroom.  The results of the model concluded that the use of hand-washing 

in conjunction with wearing gloves when preparing food were most effective at 

preventing cross-contamination in food products, and that restrooms contributed 

significantly to bacterial contamination.  More importantly, the study demonstrated that 

cross-contamination can contribute to differences in pathogen levels in food products 

along their exposure pathways, thus emphasizing the need for adequate hygiene and 

handling practices within the food industry, such as in food processing plant or in the 

consumer kitchen (i.e. slicing meat products or mixing). 

2.5 Literature Deficiencies  
 

The literature presented above indicates that there are many areas regarding 

microbial contamination in spices and QMRA modeling that requires further 

consideration.   

First and foremost, data gaps regarding microbial surveys and risk assessments 

on spices, and minimal attention in the food industry directed at spices as potential 

vehicles for foodborne illness indicate that quantifying the risk from common pathogens 

contained in spice ingredients in certain food products would prove to be a useful 

starting point in this area. 

The use of point values, fuzzy logic, and probabilistic approaches in the food 

safety risk assessment techniques discussed above attempt to make a realistic estimate 

of pathogen exposure for a particular food-pathogen combination.  However, these 

methods leave some degrees of uncertainty that have yet to be addressed.  A model 

assigning the best probability distributions (using fitting techniques) to each uncertain 

input variable, while providing a means for conducting sensitivity analysis to investigate 

risk-reduction strategies, could provide a more accurate approach for accounting for 

uncertainty in estimating risk from pathogens in food products.  In addition, the 

microbial risk assessment techniques summarized in above sections require some 
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degree of expert knowledge in order to utilize them correctly.  Approaches which 

provide a means to obtain risk predictions without consulting expert opinion would be 

beneficial.  Finally, methods for validating model risk estimates would also be 

advantageous.   

Finally, several probabilistic risk assessment models have been attempted for 

various food products.  However, data on initial pathogen prevalence, which is further 

used to model growth during the various stages from production to consumption, is 

typically taken from laboratory measurements of microorganisms in food products 

following processing or preparation.  It would be beneficial to model various processes 

during preparation to estimate risk of pathogen contamination in raw materials used to 

create food products, as a means to consider contribution of pathogen levels from 

primary and secondary ingredients at the point of consumption. 
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Chapter 3 : Research Objectives 
 

The purpose of this research was to characterize risk from consumption of common 

pathogens found in spice ingredients added to potentially high risk food products, by 

creating a probabilistic QMRA model.  The main objectives of this research were to: 

i.) Describe probable initial contamination and changes in pathogen levels for spice 

ingredients in selected food products from preparation to consumption; 

ii.) Determine the additional pathogen level contributions from spice ingredients versus 

primary ingredients in selected food products; 

iii.) Quantify the probability of illness and public health impact for selected food 

products with added spices; and 

iv.) Investigate the effects of risk-intervention strategies for reducing pathogen 

contamination. 

Research questions were addressed, such as, “What is the potential for 

contaminated spices to cause foodborne illness without the presence of pathogen 

contamination from other food ingredients?” and “what is the likelihood that pathogen 

contamination is present from spices in certain food products at the point of 

consumption?” 

Two potentially high risk food product-pathogen combinations (due to potential 

contamination from spices) were chosen to be modeled in this study.  The first 

food-pathogen combination chosen was Salmonella spp. in dairy-based snack food dips.  

The second product-pathogen combination chosen was Clostridium perfringens in 

cooked meat products.  Justification for the selection of each of these product-pathogen 

combinations is presented in Chapters 5 and 6 of this thesis.  Design of the model 

framework provided a means to determine the potential for spice ingredients to cause 

illness at consumption without the presence of contamination from primary food 

ingredients.  
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Chapter 4 : Modeling Approaches 
 

The risk assessment was conducted as specified by the Codex Alimentarius 

Commission (1999) for the conduct of microbiological risk assessment, as related to 

food safety (discussed previously).  This study was comprised of two separate risk 

assessments for two food-pathogen combinations to make an attempt at estimating the 

impact on public health.  Each food-pathogen combination was classified as a separate 

case study. 

4.1 Monte Carlo Simulation & Uncertainty Representation 
 

An exposure pathway model was created for each case study using Analytica® 

software created by Lumina Decision Systems Inc.  In each case study, a number of 

model parameters were described using probability distributions to represent 

uncertainty, and Monte Carlo simulations with median Latin hypercube sampling 

techniques were implemented to estimate risk for different scenarios.  Analytica® 

software allowed for visualization of input parameters which contributed to model 

calculations, and uncomplicated assignment of probability distributions to uncertain 

model parameters for Monte Carlo simulation, which made it ideal for conducting this 

risk assessment.  To reduce sampling error when completing Monte Carlo simulation, 

sample sizes of 10,000 were taken for each scenario.  A user-friendly interface was 

created in the Analytica® model to allow for efficient utilization with a minimal level of 

expertise.   

Details specific to each case study are provided in Chapters 5 and 6.  When 

possible, uncertain model parameters were described using probability distributions.    

Distributions were assigned based on best practices for assigning uncertain variables in 

microbial risk assessment (Haas 1999), summarized in Appendix J.  A summary of model 

simulation variables with assigned uncertainty distributions and model calculations can 

be viewed in Appendices B and G for case studies 1 and 2 respectively. 
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4.2 Risk Characterization  
 

As a final characterization of risk for each case study, the estimated annual 

number of illnesses caused by each food-pathogen combination was calculated as a 

measure of public health impact.   

                    
                 (Equation 1) 

 Where, Ip represents the estimated number of illnesses per annum for the 

specified population, Ns represents the number of servings consumed per year per 

capita, Pi represents the probability of illness upon consumption of a single 

contaminated serving, Sp is the population size, and Lc represents the prevalence of 

contamination in the food product.  The population of Canada was used to generate 

results in this study (Statistics Canada, 2010).  Distributions for annual number of 

illnesses were developed using Monte Carlo simulations.  The single serving probability 

of illness was also calculated to provide a more accurate measure of risk without 

influence from the potential uncertainty in consumption data available in the literature. 

4.3 Sensitivity Analysis 
 

The purpose of sensitivity analysis in QMRA is to determine which input variables 

have the greatest influence and how the uncertainty of model input variables contribute 

to the uncertainty of the results.  To determine which input variables in case studies 1 

and 2 had the greatest influence on overall risk of illness, the method of rank correlation 

was used to measure statistical dependence.  Spearman’s correlation coefficient was 

selected for its robustness in accounting for skewed distributions and outliers generated 

in modeling uncertainty for this study.   

  
               
 
 

         
         

 
 

  
 

                                   (Equation 2) 
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 Where, τ is Spearman’s correlation coefficient, xi is the rank of the independent 

variable,    is the mean of the independent variable, yi is the rank of the dependent 

variable, and    is the mean of the dependent variable.  Correlation coefficients greater 

than zero represented an increased risk with increase in independent variable, while 

coefficients less than zero represented decreased risk with increase in independent 

variable.  A correlation coefficient of zero indicated statistical independence between 

the two variables. 
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Chapter 5 : (Case Study 1) Estimating the Risk of Salmonellosis from the 
Consumption of Dairy-Based Snack Food Dips 
 

5.1 Background 
 

The first food-pathogen combination chosen for risk assessment was Salmonella 

spp. in dairy-based snack food dips.  Salmonella spp. is a rod-shaped, gram-negative 

aerobic bacterium which is known as the second-most frequent cause of foodborne 

illness in the United States and Canada (Mead et al. 1999; Public Health Agency of 

Canada 2006).  Certain cases can cause severe fever, affecting bodily organs or leading 

to chronic complications such as arthritis or septicemia.  Recently, agencies in Canada 

and United States have noticed an increased incidence of Salmonella spp. in spice 

ingredients (Vij et al. 2006; Centers for Disease Control and Prevention 2010; Canadian 

Food Inspection Agency 2010).  This is of particular concern for food products that are 

not subjected to heat treatment prior to consumption following the addition of spices, 

such as in the case of certain snack foods.  Outbreak investigations and survival studies 

in the literature indicate that Salmonella spp. is unique in that the pathogen is able to 

survive in a state of low water activity. Salmonella spp. has been shown to remain viable 

for months in spices, such as black pepper and paprika (Lehmacher et al. 1995; Ristori et 

al. 2007).   

Voluntary recalls were issued in March 2010 for eleven dairy-based snack food 

dip products in Canada, due to Salmonella spp. contamination believed to be originating 

from spice and seasoning ingredients (Canadian Food Inspection Agency 2010).  

Seventeen voluntary recalls were also issued in March 2010 for raw spice and seasoning 

mixes, which were likely to be used for domestic preparation of dairy-based snack food 

dip products (onion soup mix, garlic powder, vegetable seasoning, and black 

peppercorns).  Dips are often prepared domestically, and spice ingredients are mixed 

with a fermented dairy-based primary ingredient (mayonnaise, sour cream, or 

buttermilk).  Once prepared, the food product is typically consumed immediately or 

stored at refrigeration or room temperatures prior to consumption without any further 
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treatment.  Dips are also produced commercially and prepared in a similar fashion, 

which would typically allow for much longer storage periods prior to consumption once 

spices are added to the primary ingredient (as compared to domestic preparation).  

Dairy-based snack food dips do not typically present an optimal environment for 

pathogens such as Salmonella spp. to multiply due to low pH, however pathogens living 

in this food medium would survive or experience slow decline, leaving the consumer 

vulnerable to ingest any initial contamination that may be present in the spices (Roller 

et al. 1991; Glass et al. 2000; Food Standards Agency funded data, United Kingdom).   

The above information indicates that dairy-based snack food dips could be a high 

risk food product in terms of consumption from contaminated spices and could be a 

vehicle for salmonellosis outbreaks. Thus, the risk of salmonellosis for their consumption 

was modeled in this case study.  The risk for consumption of domestically prepared 

versus commercially produced dairy-based snack food dips was modeled for 

comparison. 
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5.2 Model Development 

5.2.1 Model Outline 
 

Preparation to consumption pathways for Salmonella spp. were modeled for 

various scenarios to investigate the effects of different growth mediums and storage 

times.  A hypothetical exposure pathway was created from preparation to consumption 

as depicted in the Figure 5.1. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 5.1: Exposure pathway outline of Salmonella spp. in dairy-based snack food dips 

 

5.2.2 Primary assumptions of model 
 
Assumptions made in this model included the following: 
 

 No cross-contamination occurred from preparation to consumption; 

 The primary ingredient was not contaminated; 
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 Initial concentrations of Salmonella spp. in spice ingredients varied between 

0.05, 1, and 100 CFU/g; 

 Salmonella spp. were homogeneously distributed throughout the food medium 

following mixing of spice with the primary ingredient; 

 25 to 50 grams of snack food dips were consumed during a single serving; and 

 The mass ratio of primary ingredient to spice ingredient in snack food dips was 
99:1. 

 
These assumptions and the risk assessment analysis are explained in the sections that 
follow.   
 

5.2.3 Initial Contamination Levels 

Spice Ingredient 
 
 For the purposes of this study, initial contamination levels represented the 

amount of Salmonella spp. present in contaminated spice ingredients prior to being 

added to the dairy based primary ingredient.  Although studies were available which 

measured the prevalence of Salmonella spp. in dried spice ingredients (Sagoo et al. 

2009; Hara-Kudo et al. 2006; Vij et al. 2006; McKee 1995), no literature studies could be 

located which measured the concentration of Salmonella spp. in these samples once it 

was confirmed the pathogen was present.   

Two outbreak investigation studies were retrieved which measured Salmonella 

spp. counts in dried paprika and dried black pepper after causes of illness were 

determined (Gustavsen & Breen 1984; Lehmacher et al. 1995).  Details of the outbreak 

investigations are presented in Table 5.1.  These two studies provided some insight as to 

quantities of Salmonella spp. that might be expected in dried spice ingredients at 

consumer consumption, however there were some limitations.  Very few samples were 

taken and the analysis was not explained well.  Furthermore, Salmonella spp. levels may 

have changed between sampling and when the contaminated spices were consumed.  

Due to the lack of data regarding initial Salmonella spp. levels in spices, a probability 

distribution could not be established for model input and point values of (0.05, 1, and 
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100 CFU/g) were assumed to serve as a range of initial contamination levels. These 

values were selected based on the outbreak investigations and to determine the effects 

of low versus relatively high levels of contamination on the probability of illness at 

consumption.   

Table 5.1: Summary of outbreak investigations used for data on initial counts of Salmonella spp. in 
dried spices 

Spice 
Ingredient 

Salmonella spp. 
Concentration 

Number of 
Samples 
Collected 

Description Reference 

Dried Spice 
Mix 

(containing 
paprika) 

0.04 to 11.0 
CFU/g 

9 

Samples of spice mixtures which were 
added to potato chips in Germany were 

collected one year after production.  
Low counts of Salmonella spp. survived 

in dry state and were able to cause 
illness. Various serotypes of Salmonella 

spp. were isolated from samples. 

Lehmacher 
et al. 1995 

Dried Black 
Pepper 

0.1 to >2.4 
CFU/g 

12 
Ground pepper in sealed packages 

sampled in Norway tested positive for 
Salmonella oranienburg. 

Gustavsen 
& Breen 

1984 

 

Primary Dairy Ingredient 
 

A number of microbial surveys have been conducted which attempted to 

determine the presence of Salmonella spp. and other pathogens in fermented-dairy 

products typically used as the primary ingredient for a snack food dip (sour cream, 

buttermilk, mayonnaise).  In all of these studies, no evidence of Salmonella spp. 

contamination was found (Smittle 2000; Varga 2007; Jalali et al. 2008).  Therefore, in 

model simulations it was assumed that the primary ingredient did not contain any level 

of Salmonella spp. and that solely the spice ingredient was contaminated.  However, the 

framework of the model has been established to easily accommodate this information, 

should studies determine that there is a significant likelihood that the primary 

ingredient is contaminated.  
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5.2.4 Contamination Levels Following Mixing 
 

Following the addition of the spice ingredient to the primary ingredient, 

contamination levels following mixing were calculated using Equation 3, assuming a 

homogeneous distribution of Salmonella spp. in the dairy-based medium. 

   
                      

        
                      (Equation 3) 

 Where, Cm represents the concentration of Salmonella spp. in the snack food dip 

medium following mixing (CFU/g), ms represents the mass of spice ingredient added to 

the mixture (g), mp represents the mass of primary ingredient added to the mixture (g), 

xs represents the concentration of Salmonella spp. in the spices prior to mixing (CFU/g), 

and xp represents the concentration of Salmonella spp. in the primary ingredient prior to 

mixing (CFU/g). 

5.2.5 Prevalence of Salmonella spp. in Spices 
 

Studies were available measuring the presence of Salmonella spp. in spice 

ingredient samples, testing for contamination in samples at production facilities and 

retail outlets (Baxter & Holzapfel 1982; Pafumi 1986; Hara-Kudo et al. 2006; Hampikyan 

et al. 2009; Sagoo et al. 2009).  A summary of prevalence studies is presented in Table 

5.2.  Salmonella spp. contamination rates detected ranged from 0.77 to 2.85% of total 

samples taken. 
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Table 5.2: Summary of microbial surveys measuring Salmonella spp. prevalence in dried spices 

Survey 
Location 

Number of 
Samples 
Collected 

Number of 
Samples 

Positive for 
Salmonella spp. 

Description Reference 

South 
Africa 

36 NA* 

Samples obtained from two different 
wholesalers, a local producer, and spice 

manufacturers.  Salmonella spp. was 
detected in paprika. 

Baxter & 
Holzapfel 

1982 

Australia 32 NA* 

32 samples of dried herb and spices 
sampled for Salmonella spp. prior to 

shipment and upon arrival.  Salmonella 
spp. was isolated from fenugreek seed, 

black and white pepper at 8.2%, 1.5%, and 
7.1% respectively. 

Pafumi 1986 

India 157 4 

27 different kinds of spices were collected 
from retail shops in different Indian states 

and sampled to determine presence of 
microbial contamination and pathogens. 

Banejee & 
Sarkar 2003 

Japan 259 2 

40 spices imported from several areas of 
the world collected from retail shops in 

Tokyo and tested for prevalence.  
Salmonella spp. was detected in black and 

red pepper samples. 

Hara-Kudo 
et al. 2006 

Turkey 420 12 

7 different types of spices were sampled 
from markets and bazaars. Salmonella spp. 

was isolated from black and red pepper, 
cumin, ginger, and coriander.  

Hampikyan 
et al. 2009 

United 
Kingdom 

2965 33 
Dried spices and herbs sampled from retail 
outlets and production facilities over the 

course of 6 months. 

Sagoo et al. 
2009 

     *NA – Information not available. 

 

The study by Sagoo et al. (2009) was chosen to model prevalence due to the large 

number of samples taken (n=2965) over a 6 month period of time.  This large sample 

size and time period appeared to be the most recent and representative sample set in 

the literature.  In addition, the study was unique in that it specifically distinguished dried 

herbs from spices.  Spices sampled in the study included chilli, pepper (several types), 

paprika, aniseed, all spice, cinnamon, cumin, fennel, garam masala, ginger, mace, 

mustard, nutmeg, saffron, turmeric, basil, bay leaves, coriander, oregano, parsley, 
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rosemary, sage, thyme, tarragon, fenugreek, lemongrass, and dill.  The study did not 

indicate whether or not spices were decontaminated during processing, but did indicate 

that a small number of samples (n=74) received ‘processing’ treatment.  The remainder 

of the samples (n=2891), did not receive any processing treatment or it was not 

indicated whether or not processing treatment was provided.  Data from the samples 

taken were fitted to a beta distribution to model uncertainty in prevalence (Equation 4).   

 

                      
 

 
           (Equation 4) 

 

 Where B(α,β) represented the probability per unit increment in x, x represented 

the probability that spice ingredients were contaminated with Salmonella spp. and the 

parameters α and β were calculated from the number of samples detected positive for 

Salmonella spp. (s) and, the total number of samples taken (n). α=s+1 and β=n-s+1. 

Based on the study of Sagoo et al. (2009), the beta distribution parameters were 

estimated as α=34 and β=2931. 

 

Prevalence modeled using the study by Sagoo et al. (2009) of Salmonella spp. in 

spices using the beta distribution is presented in Table 5.3.  The ninety-five percent 

confidence interval for probability of Salmonella spp. contamination ranged from 0.008 

to 0.016, with a median value of 0.011 of spice samples likely to contain Salmonella spp. 

contamination.  

 
Table 5.3: Prevalence of Salmonella spp. contamination in snack food dips from spice ingredients 

(Modeled using data from Sagoo et al. 2009) 

Ingredient Percentile Probability of Contamination 

Spices from Retail  
and Production Outlets 

2.5
th

 0.008 
Median 0.011 
97.5

th
 0.016 
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5.2.6 Modeling Changes in Microbial Levels 
 

Typical snack food dip recipes do not present optimal environments for 

pathogens such as Salmonella spp. to multiply due to low pH, and it is likely that 

bacteria would simply survive or slowly decline rather than proliferate. Hence, the 

greatest risk of salmonellosis would result from any initial contamination that may be 

present in the spice ingredients when added during preparation.  Models from the 

predictive microbiology literature were used to estimate changes in pathogen levels 

through Steps 2 and 3 of the exposure pathway. 

       

Sources and Analysis of Survival Data 
  

The development process for modeling the survival rates of Salmonella spp. in 

dairy-based snack food dip mediums is described in Figure 5.2.  In the first step, the 

Combase1 database was used to identify studies which measured Salmonella spp. 

survival in dairy mediums over a pH range of 3.7 to 4.5 and water activities between 

0.95 to 0.96 since these conditions would be typical in sour cream and other primary 

ingredients used in dairy-based snack food dips, such as mayonnaise or buttermilk 

(Glass et al. 1991; Roller et al. 2000; Food Standards Agency funded data).  Raw data for 

log10 counts of surviving Salmonella spp. over time were available for temperatures 

between 5 and 25°C. Studies with fewer than three data points for survival of 

Salmonella spp. versus time were excluded.  In the next step, the web version of DMFIT2 

was used to fit a rate of decline for Salmonella spp. for each data set using linear 

regression techniques.  The rate of decline was a first-order constant that represented a 

decline in bacteria numbers over time.   

________________________________________________________________________ 

1 – Combase is an online database developed through international collaboration for predictive 
microbiology.  The database contains quantitative data for modeling the microbial growth and survival of 
various foodborne pathogens and is freely available to the public.  
URL: http://combase.arserrc.gov/BrowserHome/SearchOptions/SourceSearch.aspx 
 
2 – DMFIT is online modeling software used to fit bacteria count versus time data to determine growth 
parameters, such as specific growth rates or lag time.  DMFIT is freely available through Combase.  
URL: http://ifrsvwwwdev.ifrn.bbsrc.ac.uk/CombasePMP/GP/default.aspx 

 

http://combase.arserrc.gov/BrowserHome/SearchOptions/SourceSearch.aspx
http://ifrsvwwwdev.ifrn.bbsrc.ac.uk/CombasePMP/GP/default.aspx
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                                    (Equation 5) 

 

 Where, N represented the concentration of Salmonella spp. (CFU/g) at time t 

(hr), No represented the initial concentration of Salmonella spp. (CFU/g), µr represented 

the rate of decline (log10 CFU/hr).  Standard error and r2 values for each rate of decline 

were also estimated (Appendix C).  The estimates of rate of decline were plotted as 

functions of temperature, pH and water activity and outliers were removed as shown in 

Appendix A. 

 
Figure 5.2: Development process for modeling survival of Salmonella spp. in snack food dips 

 

The final step was to characterize the uncertainty in the rate of decline 

estimates. Fitted rates of decline were divided into four categories of low pH (3.7-3.9) at 

temperatures of 5-12°C, low pH (3.7 to 3.9) at temperatures of 18-25°C, high pH (4.0-

4.5) at temperatures of 5-12°C, and high pH (4.0 to 4.5) at temperatures of 18-25°C.  

Data were insufficient to model uncertainty for low pH at room temperatures (18-25°C), 

so rate of decline was modeled using a single point value.  Rate of decline data was 

subsequently fit to triangular distributions using minimum, most likely, and maximum 

values.   A summary of the parameters used to model uncertainty in Salmonella spp. 

rates of decline is presented in Table 5.4. 
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•Data fitted to decline 
rates using DMFIT 
modeling software.

Fitted Decline 
Rates

•Decline rates divided 
into categories based 
on temperature and pH 
and fit to triangular 
distributions.

Uncertainty 
Distributions
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Table 5.4: Summary of parameters used to model uncertainty for Salmonella spp. rates of decline 

Storage Scenario 
Minimum Rate  
(log10CFU/hr) 

Most Likely Rate 
(log10CFU/hr) 

Maximum Rate 
(log10CFU/hr) 

Low pH  
(5-12°C) 

-0.0513 -0.0592 -0.0592 

High pH  
(5-12°C) 

-0.0002 -0.0134 -0.0399 

Low pH  
(18-25°C) 

-- -0.0846* -- 

High pH 
(18-25°C) 

-0.003 -0.015 -0.041 

                   *Modeled using a point value due to insufficient data. 

5.2.7 Storage Time Estimates 
 

To determine realistic storage times of dairy-based snack food dips during 

commercial processing, a meeting was scheduled with Mr. David Jennison, the Vice 

President of Research and Product Development at Gay Lea Foods Cooperative Limited.  

Gay Lea Foods is a Canadian dairy co-operative which produces a variety of products, 

including sour cream-based snack food dips. A record of interview questions and 

answers are presented in Appendix D and a summary of the relevant information is 

presented here: 

 

 Spices are not subjected to any decontamination treatment once they arrive at 

the manufacturing facility; 

 The approximate percentage composition of spice ingredients in sour cream dips 

varies from 0.5 to 1.0%; 

 Following packaging, sour cream dips spend 5 to 14 days (most likely 7 days) in 

the manufacturing plant before being shipped to a retail outlet; 

 Products would remain at a retail outlet for anywhere from 2 days to 3 weeks 

(most likely 2 weeks); 

 Products are stored at refrigeration temperatures (2-6°C); and 

 The approximate shelf life of a product is 42 days. 
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Based on this information, storage time for commercial products was modeled 

as a triangular distribution to account for uncertainty using minimum, maximum, and 

most likely values (Table 5.5).  For domestic preparation, storage times were based on a 

review of typical product recipes and uncertainty in storage times was modeled in a 

similar manner.  A summary of the values used to model triangular distributions of 

storage times for domestically prepared versus commercially manufactured snack food 

dips is presented in Table 5.5.  Modeled risk predictions for commercially manufactured 

products were compared with domestically prepared products. 

 

Table 5.5: Summary of parameters used to model uncertainty for storage times 

Storage Scenario 
Minimum Storage 

Time 
(days) 

Most Likely Storage 
Time 

(days) 

Maximum Storage 
Time 

(days) 

Domestic Preparation 0.02 1.0 4 
Commercial Production 7 21 42 

 

Sour cream to spice mass ratios reported during the interview were also used as 

the basis for assuming mass ratios for model input.  A record of interview questions and 

answers are presented in Appendix D.   

5.2.8 Dose-Response Model 
 

In QMRA, the dose-response model provides a relationship for predicting the 

probability that an individual will become infected upon ingestion of a certain dose of 

microorganism.  The dose-response model selected was the Beta-Poisson model 

(Equation 6) developed by FAO (2002) using Salmonella spp. outbreak data.  The model 

was selected to provide the best fit of data in the range of lower to moderate ingested 

dose levels.  The model took into account pathogen-host interactions as described by 

the beta distribution, randomized microorganisms in the single serving dose through a 

Poisson process, and assumed that initiation of illness through ingestion of a single 

organism was a possibility.  

         
 

 
 
  

                        (Equation 6) 
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 Where Pi represents the probability that an individual will become infected with 

salmonellosis upon consumption of a single serving dose, D represents the dose (CFU) 

ingested during consumption of a single serving, and α and β are fitted parameters.  The 

best fit parameters α and β are outlined in the Table 5.6.  The modeled single serving 

exposure dose was used as an input to the dose-response model to calculate the 

probability of salmonellosis.  

Table 5.6:  Beta-Poisson coefficients used in dose-response modeling 
(FAO 2002) 

Parameter Coefficient 

α 0.1324 

β 51.45 

 

5.2.9 Consumption Patterns 
 
 To calculate number of contaminated servings consumed per capita, Salmonella 

spp. prevalence values sampled from the beta distribution described in Section 5.2.5 

were combined with survey data on consumption patterns in the United States.  For the 

purposes of this study, it was assumed that food consumption patterns in Canada were 

similar to those in the United States.  According to a consumption survey, 1.4 kilograms 

of sour cream and dip products per person were consumed in 2007 (United States 

Department of Agriculture 2009a), accounting for losses between production and 

consumption.  Unfortunately, these data did not distinguish between amounts of sour 

cream utilized for other food products versus dips, so it was assumed that 50% (0.7 

kilograms) of this consumption statistic represented the consumption for snack food 

dips.  The USDA survey data were used with an assumed serving size of 25 to 50 grams 

to estimate the number of servings of snack food dip consumed per year in Canada, 

which was used to estimate the total annual number of illnesses.  The annual number of 

cases of salmonellosis were estimated as stated previously (Equation 1).  Results of 

public health impact are present in Section 5.3.2.  Probability distributions used to 

model uncertainty in model inputs are presented in the next section. 
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5.2.10 Summary of Uncertainty Distributions Used for Model Inputs 
 

A summary of probability distributions used to represent uncertainty in model 

inputs for case study 1 is presented in Table 5.7.  These distributions were used in 

Monte Carlo simulations to estimate the probability of illness per serving and risk of 

illness per annum in Canada caused by Salmonella spp. in dairy-based snack food dips.   

 

Table 5.7: Summary of uncertainty representation in model input variables for case study 1 

Parameter Description Units Model Input Distribution Data Source 

Initial Salmonella spp. 
contamination levels in 

spices 
CFU/g Point values of  

0.05, 1, and 100 CFU/g 
Assumption 

Initial Salmonella spp. 
contamination levels in 

primary ingredient 
CFU/g 0 Smittle 2000; Varga 2007;  

Jalali et al. 2008 

Rate of decline for 
Salmonella spp. in snack 

food dip 

log10 

CFU/hr 

Low pH (5-12°C):  
Triangular 

(-0.051, -0.059, -0.059) 
 

High pH (5-12°C):  
Triangular 

(-0.0002, -0.013, -0.039)  
 

Low pH (18-25°C):  
point value of -0.0846 

 
High pH (18-25°C): Triangular 

(-0.003, -0.015, -0.041) 

Food Standards Agency 
funded data, UK; Glass et al. 

1991; Roller et al. 2000; 

Storage Time days 

Domestic Preparation: 
Triangular(0.02, 1, 4) 

 
Commercial Production: 

Triangular(7, 21, 42) 

Assumption, 
David Jennison, Personal 

Communication 

Likelihood that spice 
samples contain 
Salmonella spp. 
contamination 

unit less Beta(34, 2931) Sagoo et al. 2009 

Amount consumed in one 
single serving 

g 
Uniform(25,50) 

Assumption 
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5.3 Model Results 
 

The results in this section present pathogen exposures, illness probabilities, and 

public health impact estimates for case study 1 utilizing the model framework.  Different 

scenarios were generated to compare differences in risk for changes in intrinsic and 

extrinsic factors.  Results of the model sensitivity analysis were presented to identify 

important input variables.  Results of domestic preparation were compared with 

commercial manufacturing for differences in risk. 

5.3.1 Effects of Composition and Storage Temperature on Risk of Illness 
 

The predictions of probability of illness for the consumption of contaminated 

snack food dips for various domestic preparation storage scenarios are presented in 

Table 5.8.  For each contamination level, the highest risk of illness resulted from 

immediate consumption (baseline risk) since storage time reduced the level of hazard.  

With domestic storage periods (30 minutes to 4 days), the lowest probability of illness 

occurred at low pH (18-25°C) storage, with mean decrease in relative risk (compared to 

baseline) of approximately 98.5% for initial contamination levels of 0.05 to 100 CFU/g.  

The highest probability of illness occurred at high pH (5-12°C) storage with mean 

relative risk decreases (compared to baseline) ranging from 64.3 to 69.1% for initial 

contamination levels ranging from 0.05 to 100 CFU/g.  Low temperature (5-12°C) 

storage resulted in higher risk than storage at high temperatures (18-25°C) since fewer 

microorganisms survived after storage at higher temperatures.   

 

Table 5.8: Mean probability of illness for single serving consumption of contaminated snack food dips 
for different scenarios: domestic preparation 

Initial 
Contamination 

(CFU/g) 

(Baseline Risk): 
Immediate 

consumption 

Low pH (3.7-3.9) High pH (4.0-4.5) 

Low 
Temperature  

(5-12°C) 

High 
Temperature 

(18-25°C) 

Low 
Temperature  

(5-12°C) 

High 
Temperature 

(18-25°C) 
Low Initial Contamination 

0.05 4.82x10
-5

 2.25x10
-6 

1.02x10
-6 

1.49x10
-5 

1.29x10
-5 

1 9.61x10
-4

 4.49x10
-5 

2.04x10
-5 

2.98x10
-4 

2.58x10
-4 

High Initial Contamination 
100 0.07 4.09x10

-3 
1.87x10

-3 
0.025

 
0.022

 

 *Data were insufficient to model uncertainty for rate of decline at low pH and high temperatures. 
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At low initial contamination levels (0.05 and 1 CFU/g), the highest mean 

probability of illness for all scenarios was estimated at 2.98x10-4 (approximately 3 

illnesses for every 10,000 contaminated servings) and the lowest mean probability of 

illness was estimated at 1.02x10-6.  At high initial contamination levels (100 CFU/g), the 

highest mean probability of illness for all scenarios was estimated at 0.025 at high pH 

(4.0-4.5) and low temperature (5-12°C) and the lowest mean probability of illness was 

estimated at 1.87x10-3 at the low pH (3.7-3.9) and high temperature (18-25°C).   

 

The variations in probability of illness estimates for the consumption of 

contaminated snack food dips for commercial manufacturing storage scenarios are 

presented in Table 5.9.  The highest mean probability of illness was estimated at 

2.38x10-4 for high initial contamination and 2.57x10-6 for low initial contamination at the 

high pH (5-12°C) storage scenario.  At low pH storage, risk predictions were very low.  As 

viewed in the table, risk predictions for low initial contamination at low pH (18-25°C) 

were so minimal that they were beyond the lower limits of Analytica® risk software.   

 
Table 5.9: Mean probability of illness for single serving consumption of a contaminated snack food dips 

for different scenarios: commercial production 

Initial 
Contamination 

(CFU/g) 

(Baseline Risk): 
Immediate 

consumption 

Low pH (3.7-3.9) High pH (4.0-4.5) 

Low 
Temperature  

(5-12°C) 

High 
Temperature 

(18-25°C) 

Low 
Temperature  

(5-12°C) 

High 
Temperature 

(18-25°C) 
Low Initial Contamination 

0.05 4.82x10
-5

 8.2x10
-18 

NA* 1.29x10
-7

 1.35x10
-8 

1 9.61x10
-4

 1.64x10
-16 

NA* 2.57x10
-6

 2.69x10
-7 

High Initial Contamination 
100 0.07 1.64x10

-14 
7.77x10

-20 
2.38x10

-4
 2.66x10

-5 

  *Probability of illness estimates were beyond the lower limits of the model. 

5.3.2 Public Health Impact 
 

 The public health impact of Salmonella spp. in dairy-based snack food dips was 

estimated in terms of the risk per serving and the potential number of illnesses in the 

Canadian population per annum. Results for the assumed initial contamination levels of 

0.05, 1, and 100 CFU/g are presented in Table 5.10 for all storage scenarios.  At initial 

contamination levels between 0.05 and 1 CFU/g (low contamination), the mean risk per 
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serving ranged from 2.6x10-8 to 3.4x10-6 for all storage scenarios.  At initial levels of 100 

CFU/g (high contamination), the mean risk per serving ranged from 2.1x10-5 to 2.9x10-4 

for all storage scenarios. Mean number of illnesses per annum ranged from 8 to 2,100 

for all storage scenarios and initial levels of 0.05 and 1 CFU/g.  At initial levels of 100 

CFU/g (high contamination), mean number of illnesses ranged from 12,000 to 130,000 

for all storage scenarios.  The estimated rate of illness per serving represented a relative 

measure of public health impact, taking into account the likelihood of illness without 

influence from data on consumption patterns, which possessed a certain degree of 

uncertainty.  Although not directly proportional, rate of illness was dependent on initial 

levels of Salmonella spp. contamination in the spice ingredient.  For all storage scenarios 

and initial levels of contamination, the average relative decrease in risk per serving 

(compared to baseline) ranged from 2.8 to 47.8-fold. 
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Table 5.10: Mean public health impact associated with domestic preparation of snack food dips 

Initial Contamination 
(CFU/g) 

Scenario 
Risk per 
serving 

Estimated Illnesses 
per annum* 

Low Initial Contamination 

0.05 
Immediate consumption: 

(Baseline Risk) 
5.5x10

-7 
350 

-- 
High pH (4.0-4.5), 

Low Temperature (5-12°C) 
1.7x10

-7 
110 

-- 
High pH (4.0-4.5), 

High Temperature (18-25°C) 
1.5x10

-7 
94 

-- 
Low pH (3.7-3.9), 

Low Temperature (5-12°C) 
2.6x10

-8 
16 

-- 
Low pH (3.7-3.9), 

High Temperature (18-25°C)** 
1.2x10

-8 
8 

1 
Immediate consumption: 

(Baseline Risk) 
1.1x10

-5 
6,900 

-- 
High pH (4.0-4.5), 

Low Temperature (5-12°C) 
3.4x10

-6 
2,100 

-- 
High pH (4.0-4.5), 

High Temperature (18-25°C) 
3.0x10

-6 
1,900 

-- 
Low pH (3.7-3.9), 

Low Temperature (5-12°C) 
5.1x10

-7 
320 

-- 
Low pH (3.7-3.9), 

High Temperature (18-25°C)** 
2.3x10

-7 
150 

High Initial Contamination 

100 
Immediate consumption: 

(Baseline Risk) 
8.0x10

-4 
290,000

 

-- 
High pH (4.0-4.5), 

Low Temperature (5-12°C) 
2.9x10

-4 
130,000

 

-- 
High pH (4.0-4.5), 

High Temperature (18-25°C) 
2.5x10

-4 
120,000

 

-- 
Low pH (3.7-3.9), 

Low Temperature (5-12°C) 
4.7x10

-5 
25,000 

-- 
Low pH (3.7-3.9), 

High Temperature (18-25°C)** 
2.1x10

-5 
12,000 

   *An estimated 660 million servings consumed annually for the population of Canada. 
  **Data were insufficient to model uncertainty for rate of decline at low pH and high temperatures. 

 

The distribution of uncertainty (95% confidence interval) for public health impact 

from spice ingredients in snack food dips (in terms of risk per serving) for different 

storage scenarios at is presented in Figure 5.3 (0.05 CFU/g initial contamination).  As 

seen in the figure, the distributions for high pH (4.0-4.5) storage had greater median 

values and larger variances compared to low pH (3.7-3.9), implying higher risk.  In 

general, snack food dips with lower pH and stored at higher temperature predicted 

lower public health impact compared with higher pH and lower temperature.  The 

greatest risk per serving was predicted at pH 4.0-4.5 for temperatures of 5-12°C (median 

risk per serving of 1.4x10-7), whereas the lowest public health impact estimate was 
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predicted at pH 3.7-3.9 for temperatures of 18-25°C (median risk per serving of 

3.7x10-10).  Not surprisingly, a higher rate of decline was associated with a reduction in 

public health impact prediction using the model.  

 

 

Figure 5.3: Uncertainty distribution of public health impact from spice ingredients 
(0.05 CFU/g initial contamination) 

 

Estimated probabilities for specific numbers of cases of salmonellosis from the 

low pH (18-25°C) probability distribution are highlighted in Table 5.11.  For the lowest 

risk storage scenario, the model predicted a 36.7 to 89.4% chance of at least one case of 

salmonellosis per year from consumption of snack food dips for all initial contamination 

levels.  Probabilities for at least 100 cases per year ranged from 1.53 to 62.8% and from 

0 to 43.4% for greater than 1,000 cases per year. 
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Table 5.11: Summary of results from probability distribution of public health impact from spice 
ingredients: domestic preparation, low pH food medium 

Initial Contamination Level  
(CFU/g) 

Probability of (%) 

>1 cases/year >100 cases/year >1,000 cases/year 
Low Initial Contamination 

0.05 36.7 1.53 0.00 
1 62.8 20.3 4.07 

High Initial Contamination 
100 89.4 62.8 43.4 

 

5.3.3 Sensitivity Analysis 
 

Results of the sensitivity analysis presenting Spearman’s rank correlation 

coefficient for each uncertain model variable are presented graphically in Figure 5.4. 

Each uncertain input variable was ranked in terms of its correlation coefficient to 

determine its significance in affecting the uncertainty surrounding public health impact 

estimates.  For the purposes of this study, a positive correlation coefficient represented 

an increase in estimated risk per serving with increase in the uncertain model variable, 

whereas a negative correlation coefficient represented a decrease in estimated illnesses 

per annum associated with an increase in the uncertain model variable.   

 

The results indicated that the primary parameters affecting public health impact 

in terms of the number of cases of salmonellosis caused by consumption of snack food 

dips were storage time prior to consumption and Salmonella spp. rate of decline.  Both 

storage time and rate of decline had a negative correlation with public health impact, 

resulting in a decrease in probability of illness per serving with increase in model 

variable.  Variables such as prevalence of Salmonella spp. contamination in spices and 

typical serving size were shown to be less important in affecting public health impact.  In 

Figure 5.4, the rank coefficients were only presented for the scenario of 0.05 CFU/g 

initial contamination, high pH (18-25°C) and domestic storage times, however results for 

all other storage scenarios displayed similar relationships and ranks in terms of 

importance.   The only exception occurred at the low pH (5-12°C) scenario, where the 

rank coefficient for serving size surpassed that of rate of decline.  All levels of initial 

contamination resulted in similar rank correlation coefficients for all storage scenarios. 
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Figure 5.4: Relative significance of model variables on public health impact estimates:  

domestic preparation, high pH 
 

5.3.4 Summary of Findings 
 

Model results of case study 1 suggested that storage time was an important 

factor in terms of affecting probability of illness due to consumption of snack food dips.  

For the commercial manufacturing scenarios (7 to 42 days storage time), the probability 

of illness was considerably lower compared to domestic preparation, which had shorter 

storage times (0.5 hrs to 4 days). For the commercial storage times, the probability of 

illness was low for high pH (4.0-4.5) storage scenarios and below the lower limits of the 

model for certain low pH (3.7-3.9) storage scenarios. Salmonella spp. rate of decline in 

the storage medium (dependent on pH, water activity, and temperature) was also an 

important variable in terms of affecting public health impact.  Storage at low pH and 

temperatures of 18-25°C resulted in the lowest rate of illness upon consumption due to 

a higher rate of decline.  At this low risk storage scenario, the model predicted a 36.7 to 

89.4% chance of at least one case of salmonellosis per year from consumption of dairy-

based snack food dips for assigned levels of initial contamination. 

 

-0.8 -0.6 -0.4 -0.2 0 0.2 0.4

Storage Time

Rate of Decline

Pathogen Prevalence in Spices

Serving Size

Rank Order Correlation Coefficient



49 

 

5.4 Discussion of Model Results 
 

Upon modeling survival of Salmonella spp. using various storage scenarios for 

temperature and pH, the lowest risk was achieved at low pH (3.7-3.9), which had the 

highest rate of decline.  The highest risk was achieved at high pH (4.0-4.5), which had 

the lowest rate of decline.  Higher rates of decline were present at higher temperatures 

(18-25°C) versus lower temperatures (5-12°C), which also resulted in a reduced risk.  In 

this case study, since the storage medium did not promote pathogen growth, a higher 

rate of decline was a highly influential variable in lowering the risk of salmonellosis at 

consumption, with longer storage times reducing the risk even further.  For storage 

times used in commercial production, the probability of illness was minimal at the point 

of consumption for all storage scenarios (beyond the lower limits of Analytica® risk 

software for certain low pH mediums).  These results suggest that the consumption of 

commercially-produced snack food dips is very safe in terms of the risk of salmonellosis.  

For domestically prepared snack food dips, the mean risk per serving for all storage 

scenarios varied from 1.2x10-8 to 3.4x10-6 for low initial contamination levels (0.05 and 1 

CFU/g) and from 2.1x10-5 to 2.9x10-4 for high initial contamination levels (100 CFU/g), 

indicating that spices may carry risk illness due to salmonellosis when added to snack 

food dips prepared for home consumption.  According to model outcomes, if 

contamination were present in spice ingredients, storage times typically utilized for 

home preparation would not be sufficient to inactivate Salmonella spp. prior to 

consumption, based on assumed initial contamination levels and mass ratios of spice to 

primary ingredient assumed in modeling.   

 

It should be recognized that the results generated by the model represent 

changes in levels of Salmonella spp. for dairy-based mediums from the Combase 

database.  Although increases were noted periodically from the Combase data, for every 

storage scenario there was an overall decline in Salmonella spp. over time.  Since data 

used to model changes in Salmonella spp. levels during periods of storage were 

somewhat limited (only 3 studies were available), it is possible that pH and water 
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activity could vary, resulting in an increase in Salmonella spp. levels over time rather 

than survival.  For example, the threshold pH at which Salmonella spp. can grow is 3.8, 

given that the water activity (>0.99) and storage temperature (>10°C) are high enough 

(International Commission on Microbiological Specifications for Foods 1996).  Due to the 

possibility that Salmonella spp. could multiply in dairy-based mediums, longer storage 

periods should not be recommended to the consumer as a risk minimization strategy, as 

doing so may result in an increased risk of salmonellosis, especially for longer storage 

periods at high temperatures.  Furthermore, model outcomes suggested that storage 

times used for commercial production of dip products resulted in a substantially lower 

risk in comparison with domestically-prepared products due to a decline in pathogen 

levels over time for all storage scenarios.  If intrinsic conditions of the dip medium were 

to support growth of Salmonella spp. during periods of storage, commercially-produced 

products would result in a far greater risk than domestically-prepared products due to 

longer storage times prior to consumption.  Additionally, commercially-produced dip 

products would likely result in a far greater number of exposures, resulting in more 

contaminated servings and increased potential for illness. 

5.4.1 Data Quality 
 

In the implementation of a QMRA model, the results are only as reliable as the 

data utilized for model input.  The search for Salmonella spp. prevalence and 

concentration level data revealed an important data gap, which prevented more 

accurate model outcomes from being obtained.  Due to a lack of available data in the 

literature, initial contamination levels for Salmonella spp. in spice ingredients were 

assumed as point values of 0.05, 1, and 100 CFU/g.  Outbreak studies retrieved from the 

literature indicated that contamination levels in spice ingredients ranged from 0.04 to 

11 CFU/g (Gustavsen & Breen 1984; Lehmacher et al. 1995), however these two isolated 

studies did not provide enough information to be deemed as reliable for use in model 

inputs.  Therefore, the lack of reliable literature data made it unreasonable to model 

uncertainty in initial Salmonella spp. contamination levels.  Unfortunately, the lack of 

initial contamination data prevented the prediction of realistic and validated pathogen 
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exposure levels for geographically targeted populations; however the model has 

established a framework to make these predictions if the data should become available 

in the future.  In addition, the literature data indicated a lack of Salmonella spp. 

contamination in the primary dairy ingredient; therefore it was assumed that only the 

spice ingredients contained contamination in this case study.  However, the framework 

of the model has been established to easily accommodate this information, should 

studies determine that contamination in dairy-based mediums was present.  

It should be noted that low initial contamination levels (0.05, 1 CFU/g) are closer 

to limited data retrieved from outbreak investigations from the literature (Gustavsen & 

Breen 1984; Lehmacher et al. 1995). However there still may exist a small likelihood of 

high contamination levels (100 CFU/g), so the probability of illness from higher levels of 

contamination was worth investigating.  The prevalence of high levels of Salmonella spp. 

contamination in spice ingredients was unknown but would likely be much lower than 

the incidence of low levels of contamination.  In the absence of data regarding levels of 

Salmonella spp. in spice ingredients, the same prevalence distribution was used for all 

levels of initial contamination.  To model uncertainty in prevalence, the beta distribution 

was fit to the data from the Sagoo et al. (2009) survey.  The beta distribution was useful 

for modeling uncertain percentages or a continuous quantity with a domain between 0 

and 1.  Modeling uncertainty in prevalence using the beta distribution also took into 

account uncertainty that may have occurred in the survey, due to the number of 

positive samples detected, the size of the sample set, season (the survey was conducted 

over a 6 month period), and geographic locations of sampling.  For example, the 

variance in the distribution of prevalence would decrease as the sample size increased.  

Fortunately, the Sagoo et al. (2009) survey provided a large sample size (n=2965), so the 

variance in prevalence was relatively low.  

 

The consumption estimate for dairy-based snack food dips used (1.4 

kg/person/year) from the United States Department of Agriculture (2009a) survey may 

have contributed to uncertainty surrounding public health impact estimates, including 
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amount of illnesses caused by spice ingredients per annum.  The survey data included 

consumption of all sour cream and dip products, some of which would not include snack 

food dips.  To adjust for the lack of specificity regarding consumption, 50% of this figure 

was used to predict number of illnesses.  This seemed to be the best data available from 

the literature and was modeled as an estimate of the amount of dairy-based snack food 

dips consumed per year.  Additionally, in the formula used to characterize risk in terms 

of the number of illnesses per annum in Canada (Equation 1), it was assumed that the 

probability of illness upon consumption of a contaminated serving of dip product was 

equivalent over all consumptions.  This also may have contributed to uncertainty 

surrounding risk per annum predictions.  In reality, the probability of illness would vary 

for each serving consumed throughout the year.  Due to the inherent uncertainty in the 

predictions of number of annual illnesses, the risk per serving estimates may be better 

suited for making risk management decisions. 

5.4.2   Selection of the Microbial Survival Model 
 

In QMRA, the selection of a model to predict changes in microbial levels can 

have a significant impact on the overall model outcomes.  For this case study, rates of 

decline for food mediums were modeled using data taken directly from literature 

studies retrieved through Combase, measuring changes in Salmonella spp. levels in 

fermented dairy food mediums at constant temperatures (Glass et al. 1991; Roller et al. 

2000; Food Standards Agency funded data).  Although time consuming, this method was 

preferred to provide more accurate predictions of decline rates to predict changes in 

Salmonella spp. levels during storage.   
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Models exist in the published literature for predicting survival of Salmonella spp. 

at a variety of constant intrinsic and extrinsic conditions (Combase Predictor3; Koseki 

2009), however these models use interpolation methods to predict intermediate results 

or in some cases predict growth rates based on studies in culture mediums rather than 

actual food mediums, which may affect accuracy. 

 

To model the changes in pathogen levels during survival in dairy food mediums, 

first-order exponential model decline was selected for simplicity.  The low pH (4.0 to 

4.5) and relatively high water activity (0.94 to 0.96) that would be present in the 

majority of dairy-based snack food dips would not promote the growth of pathogenic 

bacteria at any storage temperature, but rather would likely result in a slow decline.  

First-order kinetics was a reasonable model to predict survival given that storage 

temperatures for snack food dips would typically be constant.  Additionally, lag time was 

neglected in predicting changes in levels of Salmonella spp. during storage based on the 

results of the studies used to model rates of decline (using DMFIT) (Glass et al. 1991; 

Roller et al. 2000; Food Standards Agency funded data). 

 

 

 

 

 

 

 

 

 

 

________________________________________________________________________ 

3 – Combase Predictor is a pathogen growth/survival model based on extensive experimental data in 
liquid culture media, freely available through the Combase database.  
URL: http://modelling.combase.cc/Login.aspx 
 

http://modelling.combase.cc/Login.aspx
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5.4.3 Dose-Response Model  
 

 The Beta-Poisson model is a non-threshold sigmoidal dose-response curve, 

which assumes that infectivity is dependent on the ingested dose and that a single 

organism is capable of causing illness.  The Beta-Poisson model also accounts for 

interactions between the pathogen and host probabilistically using the beta distribution, 

as opposed to the non-threshold exponential distribution which does not account for 

pathogen-host interactions.  In the Food and Agriculture Organization (2002) 

dose-response model, infectivity data from 20 outbreak studies involving 7 different 

serotypes of Salmonella spp. was used to determine the Beta-Poisson parameters, 

based on maximum likelihood estimate techniques to generate the best fit of data to 

the sigmoidal curve.  The advantage to this dose-response model was that it was based 

on actual data which had been observed in Salmonella spp. outbreaks, as opposed to 

using animal feeding trial data in a controlled experiment. The disadvantage was the 

outbreak study data possessed a degree of uncertainty as to how many cells were 

ingested due to the collection of data in uncontrolled settings.  The Food and Agriculture 

Organization (2002) dose-response model fit the outbreak data accurately in the lower 

to moderate (1 to 4 log10 CFU) ingested dose range, which was representative of the 

doses of Salmonella spp. ingested in this case study. 

 

It was important that the dose-response model selected represented risk 

accurately within the lower range of ingested doses, especially since Salmonella spp. is 

considered to be an exceptionally virulent microorganism, with low doses (as few as 15 

to 20 cells) being reported to cause illness for certain serotypes (United States Food and 

Drug Administration 2009a).   

5.4.4 Sensitivity Analysis 
 

The results of the sensitivity analysis revealed that storage time and Salmonella 

spp. rate of decline had the greatest influence on affecting public health impact.  Rate of 

decline was dependent on intrinsic and extrinsic variables of the storage environment 
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including temperature and pH.  While a greater storage time following the addition of 

spice ingredients would reduce the probability of illness, for many domestic 

consumption scenarios the storage time would be minimal and a risk could exist at the 

point of consumption from initial contamination levels if spice ingredients were 

contaminated with Salmonella spp.  However, as stated previously conditions of the 

food medium may promote the proliferation of Salmonella spp. under certain 

conditions, therefore storage time should not be recommended as a risk minimization 

strategy.  Lowering the pH of the food medium would also lower the risk of illness, 

however this may not be something that is possible to control.  Prevalence of 

Salmonella spp. contamination in spices also had a reasonable influence on public 

health impact, but was not as influential as rate of decline or storage time, probably 

because the prevalence rate was so low (95% confidence interval of 0.8-1.6%).  Since 

initial prevalence of contamination also had an influence on model outcomes, reducing 

initial contamination in spices may be beneficial in reducing overall probability of illness 

upon consumption.  Serving size was also less important in influencing public health 

impact compared to storage time and rate of decline.   

 

Point value model inputs, such as the frequency of consumption for snack food 

dips and initial contamination levels in spices were not taken into consideration in the 

sensitivity analysis because only uncertain model variables were captured using the 

Spearman rank correlation coefficient.  Model predictions for rate of illness were 

sensitive to changes in both of these input parameters when investigated, although they 

did not show up in the global sensitivity analysis.  Rank coefficients for different initial 

contamination levels of Salmonella spp. (0.05, 1, and 100 CFU/g) were similar, which 

confirms that the model outcomes for risk of illness were dependent on initial levels of 

contamination in spice ingredients. This suggests a potential risk mitigation strategy, 

that reducing contamination in spices would be promising for controlling the risk of 

illness upon consumption of snack food dips.   
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5.4.5 Limitations in Model Framework 
 
 The risk model for Salmonella spp. in dairy-based snack food dips (case study 1) 

has several limitations that are worth mentioning, based on data gaps identified and 

assumptions made.   

 

For simplicity purposes, assumptions were made in modeling which would 

contribute to the overall model results.  Firstly, a mass ratio of primary to spice 

ingredient was assumed to be 99:1.  This ratio is realistic and was confirmed with 

members of private industry (David Jennison, personal communication, August 11, 

2010); however it is an estimate and represents only one type of dairy-based snack food 

dip product.  In reality, mass ratios for typical dairy-based dip recipes containing spices 

could be greater than or less than one percent spice composition, which would affect 

the overall model outcome.  Reviewing typical product recipes, mass ratios could 

feasibly vary between 0.05 and 5 percent depending on the amount of spice required.  

Additionally, it was also assumed that a serving size of 25 to 50 grams was consumed in 

a single serving.  This may be a conservative estimate.  However, model sensitivity 

analysis predicted that serving size was not an influential variable, so changing the 

serving size would likely not affect model outcomes significantly.  

 

Finally, pathogens in spice ingredients were assumed to be homogeneously 

distributed throughout the dairy-based food medium.  This assumption was made for 

simplicity purposes in this study.  In reality, pathogens would display some degree of 

clustering, resulting in a non-uniform distribution throughout the food medium.  

Clustering would result in higher concentrations of contamination measured in certain 

areas of the dip medium versus others.  Accounting for pathogen clustering was beyond 

the scope of this project.  Alternatively, a more simplistic option for representing 

uncertainty for the distribution of Salmonella spp. would be to assume a random 

distribution of pathogens in the food medium. However, the lack of data regarding 

Salmonella spp. contamination levels in spices made it impossible.  
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5.4.6 Validation of Public Health Impact Estimates 
 

According to Canadian epidemiological data, the number of reported cases of 

salmonellosis is documented to range from 5,000 to 6,000 each year (Public Health 

Agency of Canada 2006).  Of these reported cases, approximately 80% are estimated to 

be linked to foodborne illness (Lee & Middleton 2003) with an estimated 25 cases going 

under reported for every case diagnosed (Thomas et al. 2006).  Using these statistics, 

this would translate into an estimate of 100,000 to 120,000 cases of salmonellosis per 

year in Canada with food being identified as the vehicle for illness.  Model outcomes for 

low initial contamination levels (0.05 and 1 CFU/g) predicted a mean range of 8 to 2,100 

cases of salmonellosis per year linked to consumption of snack food dips, falling within 

the range of 0.007 to 1.8% of total estimated foodborne cases of salmonellosis in 

Canada.  These figures fall within the government of Canada estimates, however, it is 

difficult to state whether the model predictions of public health impact are valid without 

more reliable initial contamination data and more specific epidemiological information.  

To improve accuracy of public health impact estimates, it would be useful to obtain 

more accurate information on initial contamination levels of Salmonella spp. in spice 

ingredients and to model other potential sources of contamination along the exposure 

pathway. 
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Chapter 6 : (Case Study Two) Estimating the Risk of Clostridium 
Perfringens Food Poisoning from the Consumption of Cooked Meats 
 

6.1 Background 
 

The second food product-pathogen combination chosen for risk assessment was 

Clostridium perfringens in cooked meat products.  Clostridium perfringens is a 

spore-forming, gram-positive anaerobic bacterium which is known as the third-most 

frequent cause of foodborne illness in the United States (Mead et al. 1999).  Clostridium 

perfringens is a ubiquitous microorganism, and is produced naturally as a result of 

decaying vegetation and in the intestinal tract of humans and animals.   Only certain 

strains of Clostridium perfringens bacteria are capable of causing food poisoning.  

Approximately five percent of strains are known as type A enterotoxin producing 

Clostridium perfringens (CPE) which are capable of causing illness (Doyle et al. 2001).  

Type A enterotoxigenic strains were the focus of this case study.   

Raw meats and spice units may contain Clostridium perfringens spores which can 

survive cooking periods at high temperatures (i.e. lethality treatments designed to kill 

vegetative cells). In some cases, the spores of the more heat-resistant strains of 

Clostridium perfringens can have D-values of up to 124 minutes at 100oC in culture 

medium (Sarker et al. 2000).  Surviving spores can germinate to produce viable cells if 

the meat products are held at moderate temperatures (i.e. between room temperature 

and the maximum growth temperature of 54.4oC) for significant time periods.  This 

could happen if meat products are not cooled quickly after lethality treatments or if 

they are warmed and held for long periods prior to consumption. For example, in 

Florida, two successive outbreaks of acute gastroenteritis involving 100 inmates at a 

prison were attributed to high levels of Clostridium perfringens, due to improper cooling 

and hot holding of roast beef and ham (Tavris et al. 1985). In the United States, between 

1990 and 1999, there have been 153 reported outbreaks resulting in nearly 10,000 

illnesses due to high levels of Clostridium perfringens in food products, with the majority 

of cases being linked to cooked meat and poultry (Crouch & Golden 2005).    
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Recognizing the risk associated with improper cooling, the United States 

Department of Agriculture (USDA) Food Safety Inspection Service (FSIS) provides 

guidelines for the cooling of meat and poultry products. Uncured cooked meats, should 

be cooled from 54.4°C to 26.7°C in 1.5 hours or less and from 26.7°C to 4.4°C in 5 hours 

or less (United States Department of Agriculture & Food Safety Inspection Service 2001).  

The guidelines also stipulate that a maximum of 1-log10 growth of Clostridium 

perfringens is permitted during the cooling process. 

The above information indicates that cooked meats could be a high risk food 

product in terms of consumption from contaminated spices and could be a vehicle for 

outbreaks even if sufficient lethality treatment is provided during initial processing. 

Thus, the risk of Clostridium perfringens food poisoning for their consumption was 

modeled in this case study.   
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6.2 Model Development 

6.2.1 Model Outline 
 

Similar to case study 1, preparation to consumption pathways for Clostridium 

perfringens were modeled to characterize the risk of food poisoning following 

stabilization.  A hypothetical food pathway was created for preparation and cooling of 

meat following the cook step as depicted in the Figure 6.1 below.   

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
Figure 6.1: Exposure pathway outline for type A enterotoxin producing Clostridium perfringens (CPE) in 

cooked meats 
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6.2.2 Primary assumptions of model 
 

Assumptions made in this model included the following: 
 

 No cross-contamination occurred during preparation or serving of cooked meat 

prior to consumption; 

 No change in levels of Clostridium perfringens occurred between stabilization 

and consumption; 

 Growth of Clostridium perfringens was based on centre temperature conditions 

of the meat during stabilization; 

 Some spice ingredients were contaminated with CPE spores but not vegetative 

cells; 

 Some raw meat ingredients were contaminated with CPE vegetative cells and 

spores;   

 Vegetative cells were inactivated during the cooking step;  

 Clostridium perfringens  were randomly distributed throughout the cooked 

meat; 

 100 to 200 grams of cooked meat were consumed during a single serving; and 

 The mass ratio of meat ingredient to spice ingredient was 99:1. 

 
For simplicity, it was assumed that only surviving spores presented a risk after 

the cook step because heating reduced the number of vegetative cells to an insignificant 

level.  Following the cooking step, it was assumed that the cooked meat product was 

cooled for a period of time under different time versus temperature conditions and that 

no changes in CPE levels occurred following cooling until consumption.  These 

assumptions and the risk assessment analysis are explained in the sections that follow.   
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6.2.3 Initial Contamination Levels 

Spice Ingredient 

 Initial contamination levels represented the amount of CPE spores present in 

spice ingredients added to the raw meat prior to the cook step.  Studies were retrieved 

from the literature, measuring the concentrations of viable Clostridium perfringens cells 

in spice ingredients (deBoer et al. 1985; Aguilera et al. 2005; Sagoo et al. 2009).  A 

summary of the studies measuring contamination levels in dried spice ingredients is 

presented in Table 6.1.  Although one study (Aguilera et al. 2005) identified CPE strains, 

none of the studies measured spore levels in the positive samples. 

Table 6.1: Summary of microbial surveys used for initial counts of Clostridium perfringens in spices 

Survey 
Location 

Number of 
Samples 
Collected 

Number 
of 

Samples 
Positive 

Clostridium 
Perfringens 

Concentrations  
(CFU/g) 

Description Reference 

The 
Netherlands 

150 2 1,000-10,000 

54 types of dried spices, herbs, 
and spice mixtures were 

sampled from 3 different retail 
outlets. 

deBoer et 
al. 1985 

Argentina 115 14  
(4 CPE) 

3-1,100 

67 dried herb and spice 
samples were collected from 
retail outlets and 48 samples 
were collected domestically. 
Samples measured for CPE. 

Aguilera et 
al. 2005 

United 
Kingdom 

2965 106 100->1,000 
Dried spices and herbs 

sampled from retail outlets 
and production facilities 

Sagoo et 
al. 2009 

 

 The survey by Aguilera et al. (2005) was chosen to estimate spice contamination 

levels, since it was the only study which distinguished between illness-causing CPE and 

benign strains.  The study also collected samples from retail and domestic locations, 

providing information for spice contamination in different settings.  Spices sampled in 

the study included garlic powder, black and white pepper, oregano, bay leaves, ground 

red pepper, paprika, thyme, nutmeg, sage, and rosemary.  Pathogens present in spice 
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samples were assumed to be spores and randomly distributed.  Data were fit to a 

Poisson distribution to account for uncertainty (Equation 7).   

       
     

  
                       (Equation 7) 

 

Where, P(x;µ) represents the probability per unit increment in x, x represents the 

level of CPE spores in spices, and µ represents the mean CPE spore level. The mean CPE 

spore level in spices was calculated as µ=341 spores/g.  CPE spore levels in spice 

ingredients modeled using the Poisson distribution is presented in Table 6.2.  The 

ninety-five percent confidence interval for CPE spore levels ranged from 305 to 378 

spores/g, with a median level of 341 spores/g.  

 
Table 6.2: Initial levels of CPE spores from contaminated spice ingredients 

(Modeled using data from Aguilera et al. 2005) 

Ingredient Percentile 
Levels of CPE Contamination  

(spores/g) 

Spices from Retail  
and Domestic Settings 

2.5
th

 305 
Median 341 
97.5

th
 378 

 

Raw Meat Ingredient 
 
 Initial contamination levels represented the amount of CPE spores present in 

raw meat ingredients prior to the addition of spice and the cook step.  Microbial surveys 

were collected from the literature measuring the concentrations of viable Clostridium 

perfringens cells and spores in meat products (Stagnitta et al. 2002; Kalinowski et al. 

2003; Taormina et al. 2003; Wen & McClane 2004; Kamber et al. 2007).  A summary of 

the studies measuring initial contamination levels in spice ingredients is presented in 

Table 6.3.  Since the exposure pathway was limited to surviving spores following the 

cook step, careful attention was devoted to selecting studies which distinguished 

between vegetative cell and spore levels. 
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Table 6.3: Summary of microbial surveys used for data on initial counts of Clostridium perfringens in 
raw meat 

Raw Meat 
Ingredient 

Survey 
Location 

Number 
of 

Samples 
Collected 

Number 
of 

Samples 
Positive 

Clostridium 
Perfringens 
Cell/Spore 

Concentrations 

Description Reference 

Fresh sausage, 
hamburgers, 
minced meat 

Argentina 515 126 
(9 CPE) 

<10-100,000 
(CFU/g) 

Raw meat samples 
were obtained from 
retail outlets in San 

Luis, Argentina.  8 CPE 
samples originated 
from fresh sausage 
and 1 from minced 

meat. 

Stagnitta 
et al. 2002 

Ground turkey, 
ground pork, 

ground beef, and 
pork sausage 

United 
States 

197 
2 3.3-66 (spores/g) 

Samples were 
collected from 

federally inspected 
meat processing 
facilities.  Study 
measured viable 

spores of 
C.perfringens 

following cook step to 
73.9°C. 

Kalinowski 
et al. 2003 

Ground beef, 
pork, and 
chicken 

United 
States 

445 
107 (96 
cells, 11 
spores) 

61-395 (CFU/g) 

42-129 
(spores/g)* 

Samples collected 
from four mid-western 
US processing facilities 

over a 10 month 
period.  Samples 

stored at <9°C and 
analyzed within 36 

hours. 

Taormina 
et al. 2003 

 

Turkey, chicken, 
pork, ground 

pork, ham, beef, 
ground beef, 
fish, shrimp, 

lamb, sausage 

United 
States 

887 

278 (10 
CPE cells, 

3 CPE 
spores) 

0-32 (CFU/g) 

Samples were 
collected from retail 
outlets in Pittsburgh, 

PA.  All samples 
collected raw with 
exception of few.  

Study distinguished 
between vegetative 

cells and spores. 

Wen & 
McClane 

2004 

Minced beef Turkey 96 17 
(13 CPE) 

100-3400 (CFU/g) 
Samples collected 
from local markets 
and butcher shops 

Kamber et 
al. 2007 

      *Average and maximum values reported. 

The surveys by Kalinowski et al. (2003) and Taormina et al. (2003) were utilized 

to estimate initial spore concentrations in the raw meat. The studies did not measure 

illness-causing CPE strains, but distinguished between measured spores and vegetative 
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cell concentrations.  The studies also collected samples from the United States, which 

would be geographically relevant in terms of meat processing techniques and hygiene 

practices.  Pathogen spores present in raw meat samples were assumed to be randomly 

distributed and fitted to a Poisson distribution to account for uncertainty.  The mean 

CPE spore levels in raw meat from the two studies were combined and calculated as 

µ=39 spores/g [(35 + 42)/2].  CPE spore levels in meat ingredients modeled using the 

Poisson distribution are presented in Table 6.4.  The ninety-five percent confidence 

interval for CPE spore levels ranged from 27 to 52 spores/g, with a median of 39 

spores/g.   

 
Table 6.4: Initial levels of CPE spores from contaminated meat ingredients 

(Modeled using data from Kalinowski et al. 2003 & Taormina et al. 2003) 

Ingredient Percentile 
Levels of CPE Contamination  

(spores/g) 

Meat products collected from 
US processing facilities 

2.5
th

 27 
Median 39 
97.5

th
 52 

 

6.2.4 Contamination Levels Prior to Cook Step 

 

Following the addition of the spice ingredient to the raw meat ingredient, CPE 

spore levels in the spiced meat prior to cooking were calculated using Equation 8, 

assuming a random distribution of Clostridium perfringens in the spice and meat 

ingredient. 

   
                      

        
                       (Equation 8) 

Where, Cm represents the concentration of CPE spores in the spiced meat prior 

to cooking (spores/g), ms represents the mass of spice added to the meat (g), mp 

represents the mass of raw meat used in preparation (g), xs represents the 

concentration of CPE spores in the spices prior to preparation (spores/g), and xp 
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represents the concentration of CPE spores in the raw meat prior to preparation 

(spores/g). 

6.2.5 Prevalence of Illness-Causing Clostridium Perfringens 

Spice Ingredient 
 

Several studies were available measuring the prevalence of Clostridium 

perfringens spores in spice ingredients, testing for contamination at the production 

facilities, retail outlets, and domestic settings (deBoer et al. 1985; Aguilera et al. 2005; 

Sagoo et al. 2009).  Contamination rates detected ranged from 1.33 to 13.04% of total 

samples taken, detecting positive for the presence of Clostridium perfringens. A 

summary of the studies was presented previously in Table 6.1.  The survey by Aguilera 

et al. (2005) was chosen in modeling for similar reasons as selecting the study for initial 

spice contamination levels as stated in Section 6.2.3.  Data from spice samples taken 

were fitted to a beta distribution to model uncertainty as described previously in case 

study 1.  The 4 CPE positive samples (n=115) were used to fit the beta distribution for 

prevalence.  Model parameters were calculated as α=5 and β=110.  Prevalence modeled 

using the study by Aguilera et al. (2005) of CPE spores in spices is presented in Table 6.5.  

The ninety-five percent confidence interval for probability of CPE spore contamination 

ranged from 0.014 to 0.087, with a median value of 0.041.  

Table 6.5: Prevalence of CPE spore contamination in spice ingredients 
(Modeled using data from Aguilera et al. 2005) 

Ingredient Percentile 
Probability of 

Contamination 

Spices from Retail and 
Domestic Settings 

2.5
th

 0.014 
Median 0.041 
97.5

th
 0.087 

 

Raw Meat Ingredient 
 

The microbial surveys presented in Table 6.2 measured the prevalence of viable 

Clostridium perfringens cells in raw meats (Stagnitta et al. 2002; Kalinowski et al. 2003; 

Taormina et al. 2003; Wen & McClane 2004; Kamber et al. 2007).  Contamination rates 
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detecting positive for the presence of Clostridium perfringens ranged from 1.01 to 

31.34% of total samples taken.  Careful attention was devoted to selecting studies which 

distinguished between vegetative cell and spore levels and which measured for CPE.  

The survey by Wen & McClane (2004) was selected to estimate prevalence since it 

distinguished between illness-causing CPE strains and provided information on spores.  

The study also collected samples from the United States, which would be geographically 

relevant to meat processing techniques and hygiene practices.  Data from meat samples 

taken were fitted to a beta distribution to model uncertainty as described previously in 

case study 1.  Model parameters were calculated as α=4 and β=883. 

Prevalence modeled using the study by Wen & McClane (2004) of CPE spores in 

raw meats is presented in Table 6.6.  The ninety-five percent confidence interval for 

probability of CPE spore contamination ranged from 0.0012 to 0.01, with a median value 

of 0.0041.  Using the modeled prevalence from the spices, the median probability 

considering both sources of contamination was 0.0452 [0.0041+0.041 + (0.0041*0.041)], 

accounting for the probability that only the spice, meat, or both were contaminated.  

This represented the prevalence of contamination when considering the entire cooked 

meat product.   

Table 6.6: Prevalence of CPE spore contamination in raw meat ingredients 
(Modeled using data from Wen & McClane 2004) 

Ingredient Percentile 
Probability of 

Contamination 

Raw meats collected from 
US retail outlets 

2.5
th

 0.0012 
Median 0.0041 
97.5

th
 0.01 

 

6.2.6 Reduction of Vegetative Cells during the Cooking Step 
 

The assumption that the level of vegetative cells surviving the cook step was 

insignificant was checked using a binomial distribution (Equation 9), for initial levels of 

vegetative cells in raw meat based on literature values (Table 6.2) and assuming simple 

first order kinetic death of bacteria during heat treatment.  Additional assumptions 

included the probability of survival throughout the meat product was constant and the 
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probability of an organism surviving heat treatment was independent of the initial 

number of organisms (Food Safety Inspection Service 1998).  The binomial distribution 

describes the number of occurrences where only two outcomes exist (i.e. pathogen 

survival or destruction), and each sample is independent. 

 

        
 
                              (Equation 9) 

 

Where, P(s) represents the probability of a certain number of vegetative cells 

surviving the cooking step, p represents the probability of survival from exposure to 

heat treatment (p=10-(log10 reduction)), n represents the number of vegetative cells initially 

present, and s is the number of surviving vegetative cells.  Mean vegetative cell levels 

from Table 6.2 were fitted to a Poisson distribution and used for the value of n.  The 

United States Department of Agriculture and Food Safety Inspection Service (2001) 

recommended heat treatment for cooked meats (6.0 to 7.5 log10 reduction) was fit to a 

uniform distribution and used to estimate p.  Quantitative results of modeling the cook 

step using the binomial distribution are presented in Table 6.7.  

 

Table 6.7: Modeled vegetative cell levels in meat prior to and following the cooking step 

Data Source Range of initial  
Vegetative Cell Levels in Meat (CFU/g) 

Probability of 1 
Cell Surviving (%) 

Probability of 0 
 Cells Surviving (%) 

Taormina et al. 2003 61-395* 0 100 
Wen & McClane 2004 0-32 0 100 

Kamber et al. 2007 100-3,400 0.02 99.98 

   *Values represent average and maximum results. 

 

Results of the binomial distribution indicated that even at extremely high initial 

contamination levels (100-3,400 CFU/g) it would be unlikely for a single cell to survive 

the cooking step upon application the United States Department of Agriculture and 

Food Safety Inspection Service (2001) recommended heat treatment for cooked meats.  

Therefore, as stated in Section 6.2.2, for this risk assessment it was assumed that 
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Clostridium perfringens vegetative cells were reduced to negligible levels during the 

cooking step and only spores were subject to growth during stabilization. 

6.2.7 Time-Temperature Cooling Profiles 
  

The time-temperature relationship during stabilization was a critical element of 

the exposure pathway.  The FSIS guidelines for cooling of cooked meats and poultry 

products (United States Department of Agriculture and Food Safety Inspection Service 

2001) were represented as constant rate cooling steps for the two temperature 

intervals (54.4 to 26.7°C and 26.7 to 4.4°C).  This was referred to as profile 1 which was 

used as a baseline condition in the risk assessment.  The data of Nolan (1987) for cooling 

of a beef roast in cold air and in water was used to generate two additional time-

temperature profiles (profiles 2 and 3). The starting temperatures for profiles 2 and 3 

were above 60°C, and the final temperatures were below 10°C, however temperatures 

above 54.4oC and below 12.2°C were removed from the cooling profiles to compute net 

growth since these were the theoretical maximum and minimum limits for the 

Clostridium perfringens dynamic growth model (described in the next section) (Le Marc 

et al. 2008).  A summary of the three cooling profiles used in this study is presented in 

Table 6.8. The profiles are displayed graphically in Figures 6.2 to 6.4.  It is assumed that 

the temperatures in the cooling profiles represent the centre of the meat or the highest 

possible temperatures in the cooked meat product. 
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Table 6.8: Summary of Time-Temperature Cooling Profiles Implemented for Dynamic Growth of CPE 

Cooling 
Relationship 

Identifier 

Time from 
54.4 to 26.7°C 

(hr)* 

Time from 
26.7 to 12.2°C 

(hr)* 
Description Reference 

Profile 1 1.5 3.25 

Linear cooling profile generated 
to represent the recommended 
USDA-FSIS standards for cooling 

of uncured meat and poultry 
products. 

USDA-FSIS 
2001 

Profile 2 3.25 4.4 

Profile retrieved from literature 
for cooling of a beef roast in 

cold air at 0°C.  The mass before 
cooking was 8.9 kg and the air 

velocity was 4.9 m/s. 

Nolan 1987 

Profile 3 3 2.75 

Profile retrieved from literature 
for cooling of a beef roast in 
cold water at 0°C.  The mass 

before cooking was 9.07 kg and 
the water velocity was 0.15 to 

0.3 m/s.  

Nolan 1987 

*12.2 and 54.4°C are the theoretical minimum and maximum temperatures at which Clostridium           
perfringens will exhibit growth (Le Marc et al. 2008). 

 

 

  

Figure 6.2: (Cooling profile 1) USDA-FSIS standards for cooling of uncured meat and poultry 
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Figure 6.3: (Cooling profile 2) Literature cooling profile for a beef roast in cold air 

(Nolan 1987) 
 

 

 
Figure 6.4: (Cooling profile 3) Literature cooling profile for a beef roast in cold water 

(Nolan 1987) 
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6.2.8 Modeling Microbial Growth during Cooling/Stabilization 
 

Predictive microbiology has been used extensively in the food industry as a 

reliable tool for modeling changes in microbial levels over variations in time and 

environmental conditions (Baranyi & Roberts 2004).  To determine the amount of 

growth that occurred during cooling, the dynamic model created by Le Marc et al. 

(2008) for Clostridium perfringens was selected from the literature.  The dynamic model 

was used to predict logistic growth of Clostridium perfringens over the three cooling 

profiles.  

 The model utilized the coupled set of differential equations (Equation 10) 

developed by Baranyi and Roberts (1994).  Parameters to describe the effects of 

temperature, pH and water activity on the growth of Clostridium perfringens are 

presented in Table 6.9.  The model was implemented using the Combase Perfringens 

Predictor4, which solved Equation 10 using the fourth-order Runge Kutta method, a 

numerical procedure used for approximating solutions to systems of first-order 

differential equations (Butcher 2008).  Perfringens Predictor (using the model from Le 

Marc et al. 2008) has been extensively validated for many different types of cooked 

meat products.  Net growth values were predicted for each cooling profile for typical 

conditions of water activity ranging from 0.977 to 0.989 and pH values ranging from 5.3 

to 6.9.   

 

 

 

 

________________________________________________________________________ 

4 – Perfringens Predictor is a web-based application for predicting the growth of Clostridium perfringens 
in cooked meats during cooling to a maximum temperature of 70 to 95°C. The software is freely available 
through Combase.  Perfringens Predictor has been validated for a variety of different cooked meats.  
URL: http://modelling.combase.cc/Login.aspx 

http://modelling.combase.cc/Login.aspx
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(Equation 10) 

       With initial conditions,                                                   

Where y(t) represents the natural logarithm of Clostridium perfringens 

vegetative cell levels as a function of time, y(t0) represents the natural logarithm of the 

initial Clostridium perfringens spore levels, µmax is the maximum specific growth rate (ln 

CFU/hr), ymax is the natural logarithm of the maximum population level, t is the time 

(hr), and Q(t) is a dimensionless quantity representing the physiological state of the 

spores.   

In the Perfringens Predictor, the maximum population level (ymax) for all 

temperatures was assumed to be 9.0 (log10 CFU/g) (Baranyi & Roberts 1994) and the 

initial spore levels y(to) were assumed to be 0 (log10 CFU/g), predicting net growth 

values during stabilization.  Initial contamination levels as described in Section 6.2.3 

were factored in following the predictions of net growth.  Fitting of the growth model 

parameters in the model by Le Marc et al. (2008) was conducted in units of ln CFU/g, 

but the results of net growth are reported in log10 CFU/g for clear interpretation. 

 

The differential equation for the physiological state of the spores in Equation 10 

(dQ/dt) adjusts the growth rate to incorporate the lag phase, which determines the time 

period until maximum exponential growth commences.  In the Perfringens Predictor, 

the lag time parameters are set automatically based on the water activity and pH.  For 

the simulation conditions (aw of 0.977 to 0.989 and pH of 5.3 to 6.9), the lag phase 

varied between approximately 0.5 and 6 hours. 
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The maximum specific growth rate was described as a function of pH, water 

activity, and temperature of the cooked meat using the equation developed by 

Ratkowsky et al. (1983), shown in Equation 11. 

       
         

                                                          

         
                                                           

  

                                                                                                                                      (Equation 11) 

 Where, and µmax is the maximum specific growth rate as a function of 

temperature, pH, and water activity, Tmin and Tmax are the minimum and maximum 

theoretical temperatures for growth respectively, awmin and pHmin are the minimum 

water activity and pH values for growth respectively, and b,c, pHs are fitted parameters.   

Table 6.9: Parameter estimations used for dynamic growth predictions in cooling profiles 1 to 3 
(Adapted from Le Marc et al. 2008) 

Parameter c b Tmin (°C) Tmax (°C) pHmin pHs awmin 
ymax 

ln(CFU/g) 

Estimate 0.095 7.45 12.20 54.47 4.76 6.25 0.9755 20.7
 

Standard Error 0.025 1.60 0.87 0.52 0.13 0.05 0.0006 NA* 

          *Not applicable 
 

The net growth values (log10CFU/g) estimated from the Perfringens Predictor 

model for cooling profiles 1 through 3 are presented in Appendix H.  Histograms of net 

growth data were created to model uncertainty, and subsequently fit to triangular and 

uniform distributions based on the best fit by inspection.  The scenarios for pH 5.3-6.2 

were fit to triangular distributions minimum, mode, and maximum net growth values 

predicted.  The scenarios for pH 6.3-6.9 were fit to uniform distributions using minimum 

and maximum net growth values.  A summary of the parameters used to model 

uncertainty in CPE is presented in Table 6.10.  Histograms created to model uncertainty 

are presented in Appendix F. 
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Table 6.10: Summary of parameters used to model uncertainty in CPE net growth during stabilization 

Scenario 
Cooling 
Profile 

pH 
Minimum Growth 

(log10CFU/g) 
Most Likely Growth 

(log10CFU/g) 
Maximum Growth 

(log10CFU/g) 

1 Profile 1 5.3-6.2 0 0.045 0.29 
2 Profile 1 6.3-6.9 0 --* 0.33 
3 Profile 2 5.3-6.2 0.0 0.23 1.36 
4 Profile 2 6.3-6.9 0.01 --* 1.47 
5 Profile 3 5.3-6.2 0.0 0.21 1.22 
6 Profile 3 6.3-6.9 0.01 --* 1.33 

      *Modeled as a uniform distribution (see Appendix F).  

 

CPE levels in contaminated cooked meat products following stabilization were 

described using Equation 12. 

 

                                       (Equation 12) 

 
 

 Where, N represents the concentration of CPE vegetative cells (CFU/g) following 

stabilization, No represents the initial concentration of CPE spores (spores/g), Gc 

represents the total net growth predicted during stabilization (log10 CFU/g), and Fg 

represents the total fraction of spores activated to germinate following cooking.   

6.2.9 Dose-Response Model 
 

Limited dose-response data for Clostridium perfringens were available in the 

literature.  The model developed by Crouch & Golden (2005) in a previous risk 

assessment was used to predict the probability of illness upon consumption of a specific 

dose of CPE.  The dose-response relationship used human feeding studies for exposure 

to CPE and fit the data to the simplest non-threshold exponential model (Equation 13).  

The non-threshold exponential model assumes that a single pathogen is capable of 

causing illness and that each microorganism is independent in terms of its virulence.  

                            (Equation 13) 

Where Pi represents the probability of Clostridium perfringens food poisoning 

upon consumption of a single serving of contaminated cooked meat, D represents the 
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dose (CFU) ingested during consumption of a single contaminated serving, and k is a 

fitted parameter representing the probability that a single pathogen is able to cause 

infection inside a host.    

 

The best fit parameter for k (3.58 x 10-10) was chosen as a conservative estimate 

from the risk assessment study modeling several strains of Clostridium perfringens using 

maximum likelihood techniques (Crouch & Golden 2005).  The probability of illness was 

estimated assuming contamination from both the meat and spice ingredients and 

compared with risk assuming only spice or meat ingredient was contaminated. 

 

6.2.10   Consumption Patterns 
 

The formula for estimating annual number of cases of Clostridium perfringens 

food poisoning from consumption of cooked meats was described previously (Equation 

1).  The value for number of servings consumed per capita was based on survey data on 

consumption patterns for meat products in the United States since it assumed that 

consumption patterns in Canada were similar.  According to the United States survey, 

83.6 kilograms of meat products (red meat and poultry) per person was consumed in 

2007 (USDA 2009a).  Since only a portion of this figure would represent cooked meat 

products, it was assumed that 75% (62.7 kilograms) was representative of the rate of 

consumption.  This value was used with the assumed serving size of 100 to 200 grams to 

estimate the number of servings of cooked meat consumed per year in Canada.  Results 

of public health impact are presented in Section 6.3.2.  Probability distributions used to 

model uncertainty in model inputs is presented in the next section. 
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6.2.11 Summary of Uncertainty Distributions Used for Model Inputs 
 

A summary of probability distributions used to represent uncertainty in model 

inputs for case study 2 is presented in Table 6.11.  These distributions were used in 

Monte Carlo simulations to estimate probability of illness per serving and total illnesses 

per annum in Canada caused by CPE strains in cooked meat products.   

 
Table 6.11: Summary of uncertainty representation in model input variables for case study 2 

Parameter Description Units Model Input Distribution Data Source 

Initial CPE spore levels in spices spores/g Poisson(341) Aguilera et al. 
2005 

Initial CPE spore levels in raw meat spores/g Poisson(39) 
Kalinowski et 

al. 2003; 
Taormina et al. 

2003 

Growth of vegetative cells during 
cooling/stabilization 

log10 CFU/g 

 
Profile 1 (pH 5.3-6.2): 

Triangular(0,0.045,0.29) 
 

Profile 2 (pH 5.3-6.2): 
Triangular(0,0.23,1.36) 

 
Profile 3 (pH 5.3-6.2): 

Triangular(0,0.21,1.22) 
 

Profile 1 (pH 6.3-6.9): 
Uniform(0,0.33) 

 
Profile 2 (pH 6.3-6.9): 

Uniform(0.01,1.47) 
 

Profile 3 (pH 6.3-6.9): 
Uniform(0.01,1.33) 

 

Combase 
Perfringens 
Predictor

 

Typical single serving size g 
Uniform(100,200) Assumption 

Prevalence of CPE spore 
contamination in spices 

unit less 
Beta(5,110) 

Aguilera et al. 
2005 

Prevalence of CPE spore 
contamination in raw meat 

unit less 
Beta(4, 883) 

Wen & 
McClane 2004 
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6.3 Model Results 
 

The results in this section present pathogen exposures, risk predictions, and public 

health impact estimates for case study 2.  Results for different cooling scenarios were 

compared to determine variations in degree of risk.  Results of modeled sensitivity 

analysis are presented to identify important model input variables.   

 

6.3.1 Effects of Variations in Cooling Relationships on Risk of Illness 
 

The variations in probability of illness from consumption of a single 

contaminated serving are presented in Table 6.12 for the three cooling profiles.  

Probability of illness estimates are included for three scenarios; pathogens originating 

from the meat and spices combined, pathogens originating from solely the meat 

ingredient, and pathogens originating from solely the spice ingredients, assuming the 

meat is free of contamination.  The lowest probability of illness occurred in profile 1 

(cooling according to FSIS standards) at pH 5.3-6.2, with a mean probability of illness of 

2.95x10-6 (approximately 3 cases of food poisoning for every million contaminated 

servings) based on contamination from both the meat and spice ingredients.  Profile 2 at 

pH 6.3-6.9 predicted the highest probability of illness, with a mean probability of illness 

estimate of 1.91x10-5 based on pathogen contamination from both the meat and spice 

ingredients.  For all profiles, growth during stabilization was associated primarily with 

the first stage of cooling (i.e. from 54.4 to 26.7oC) and there was limited growth during 

the second stage.  The FSIS guideline of a maximum of 1.5 hours for the first stage was 

adequate in terms of limiting net growth. Prolonged cooling times for the first stage 

(profiles 2 and 3) were associated with higher degrees of growth.  For all cooling 

profiles, the mean probability of illness was less than 1.0x10-4 (1 case of food poisoning 

for every 10,000 contaminated servings).  When the contribution of Clostridium 

perfringens contamination from raw meat was removed from the risk calculations, the 

median risk predictions were reduced substantially.  When considering contamination 

levels from solely the spices, mean probability of illness estimates were reduced by 
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approximately 92% for cooling profiles 1 to 3.  This figure was similar to the proportion 

of initial contamination levels for spice versus raw meat ingredients.   

 

Table 6.12: Mean exposure and probability of illness estimates for consumption of contaminated 
cooked meat for different sources of contamination 

Source of 
Contamination 

Initial 
Contamination 
(log10spores/g) 

pH 5.3-6.2 pH 6.3-6.9  

Single Serving 
Exposure Dose 

(log10CFU) 

Probability 
of Illness 

Single Serving 
Exposure Dose 

(log10CFU) 

Probability 
of Illness 

Profile 1:  
Meat Only 

1.59 3.86 2.71x10
-6 

3.91 3.11x10
-6 

Profile 1:  
Spice Only 

0.53 2.81 2.37x10
-7 

2.86 2.72x10
-7 

Profile 1:  
Meat and Spice 

1.62 3.90 2.95x10
-6 

3.95 3.38x10
-6 

Profile 3:  
Meat Only 

1.59 4.20 7.61x10
-6 

4.43 1.39x10
-5 

Profile 3:  
Spice Only 

0.53 3.14 6.63x10
-7 

3.38 1.21x10
-6 

Profile 3:  
Meat and Spice 

1.62 4.23 8.27x10
-6 

4.47 1.51x10
-5 

Profile 2:  
Meat Only 

1.59 4.25 9.06x10
-6 

4.50 1.75x10
-5 

Profile 2:  
Spice Only 

0.53 3.19 7.92x10
-7 

3.45 1.54x10
-6 

Profile 2:  
Meat and Spice 

1.62 4.28 9.85x10
-6 

4.54 1.91x10
-5 

 

 

6.3.2 Public Health Impact 
 
  The public health impact of Clostridium perfringens on the Canadian population 

is reflected in the risk of illness per serving and the potential number of illnesses from 

consumption of cooked meats per annum. Results are presented in Table 6.13 for 

cooling profiles 1 to 3.  Public health impact estimates are included for three scenarios, 

pathogens originating from the meat and spices combined and pathogens originating 

from solely the spice or meat ingredients, assuming the other ingredient was free of 

contamination.  Each prevalence estimate for different sources of contamination was 

utilized with its respective contamination level.  For profiles 1 to 3, the mean risk per 

serving ranged from 2.31x10-8 to 1.50x10-7 for the high (4.0-4.5) and low pH (3.7-3.9) 

scenarios considering contamination from both the meat and spice ingredients.  The 
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estimated risk of illness per serving represented a relative measure of public health 

impact, taking into account the likelihood of illness without influence from data on 

consumption patterns, which possessed a certain degree of uncertainty.  Mean number 

of illnesses per annum ranged from 328 to 2,123 for the high (4.0-4.5) and low pH (3.7-

3.9) scenarios considering contamination from both the meat and spice ingredients.   

 

Table 6.13: Mean public health impact associated with consumption of cooked meats following 
stabilization for different sources of contamination 

Cooling 
Scenario 

pH 5.3-6.2  pH 6.3-6.9  

Risk per 
serving 

Estimated 
Annual 

Illnesses
**

 

Relative 
Increase in 
Risk

*
 (%) 

Risk per 
serving 

Estimated 
Annual 

Illnesses
**

 

Relative 
Increase in 

Risk
*
 (%) 

Profile 1: 
Meat Only 

1.22x10
-8 

174 -- 1.40x10
-8 

199 -- 

Profile 1: 
Spice Only 

1.03x10
-8 

147 -- 1.18x10
-8 

168 -- 

Profile 1
***

: 
Meat and Spice 

2.31x10
-8 

328 -- 2.65x10
-8 

376 -- 

Profile 3: 
Meat Only 

3.43x10
-8 

489 181.2 6.27x10
-8 

887 347.9 

Profile 3: 
Spice Only 

2.88x10
-8 

410 179.6 5.29x10
-8 

752 348.3 

Profile 3
***

: 
Meat and Spice 

6.47x10
-8 

922 180.1 1.19x10
-7 

1,681 349.1 

Profile 2: 
Meat Only 

4.09x10
-8 

580 235.3 7.89x10
-8 

1,116 463.6 

Profile 2: 
Spice Only 

3.44x10
-8 

489 234.0 6.70x10
-8 

954 467.8 

Profile 2
***

: 
Meat and Spice 

7.73x10
-8 

1,097 234.6 1.50x10
-7

 2,123 466.0 

     *Cooling profile 1 represented baseline risk.  Based on the difference in risk per serving.      
   **An estimated 15 billion servings consumed annually for the population of Canada. 
 ***Includes the risk from contaminated meat only, spice only, or both. 
 
 

The uncertainty distribution of public health impact from spice ingredients (in 

terms of risk per serving) in cooked meats for cooling profiles 1 to 3 is presented in 

Figure 6.5.  As seen in the figure, the distributions for cooling profiles 2 and 3 had 

greater median values and larger variances compared to profile 1, implying higher public 

health impact.  In general, cooked meats at pH 5.3-6.2 predicted lower public health 

impact compared with pH 6.3-6.9.  When considering contamination only from the 

spices, risk per serving decreased considerably for profiles 1 to 3, with median values 
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ranging from 9.33x10-9 to 3.89x10-8, representing a decrease of approximately 54.0%, 

compared with the risk considering contamination from both meat and spice 

ingredients.  The greatest public health impact from only spice contamination was 

predicted at pH 6.3-6.9 for profile 2 (median risk per serving of 3.89x10-8), whereas the 

lowest public health impact estimate was predicted at pH 5.3-6.2 for profile 1 (median 

risk per serving of 9.33x10-9).  Not surprisingly, a higher level of growth during 

stabilization was associated with a greater public health impact prediction using the 

model.  For cooling profiles 2 and 3, the average increase in risk per serving (compared 

to baseline) ranged from 2.8 to 5.7-fold. 

 

 
Figure 6.5: Uncertainty distribution of public health impact from spice ingredients in cooked meats for 

different scenarios 

 

Estimated probabilities for specific threshold number of cases of food poisoning 

attributed to contamination from spice ingredients are highlighted in Table 6.14.  For 

cooling profiles 1 to 3, the model predicted a 73.5 to 94.9% chance of at least 100 cases 

of food poisoning per year from contamination originating from spices in cooked meat 
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products.  Probabilities for at least 1,000 cases per year ranged from 0 to 32.8% per year 

for cooling profiles 1 to 3.  

 
Table 6.14: Summary of results from the probability distribution of public health impact from spice 

contamination in cooked meats 

Cooling Profile pH 
Probability of Illness from Spices (%) 

>100 cases/year >1,000 cases/year >10,000 cases/year 
Profile 1 5.3-6.2 73.2 0 0 
Profile 2 5.3-6.2 94.2 11.3 0 
Profile 3 5.3-6.2 93.7 7.11 0 
Profile 1 6.3-6.9 78.9 0 0 
Profile 2 6.3-6.9 94.9 32.8 0 
Profile 3 6.3-6.9 94.5 25.8 0 

 

6.3.3 Sensitivity Analysis 
 

Results of the sensitivity analysis are presented graphically in Figure 6.6. Each 

uncertain input variable was ranked in terms of its correlation coefficient to determine 

its significance in effecting the uncertainty surrounding public health impact estimates 

in terms of risk per serving.  For the purposes of this study, a positive correlation 

coefficient represented an increase in estimated risk per serving with increase in the 

uncertain model variable, whereas a negative correlation coefficient represented a 

decrease in risk per serving associated with an increase in the uncertain model variable.   

 

The results showed the primary parameters affecting public health impact in 

terms of the number of cases of food poisoning caused by consumption of cooked 

meats were growth of CPE cells during stabilization, prevalence of contaminated spice 

ingredients, and prevalence of contamination in raw meat.  Parameters such as initial 

contamination levels in raw meat and spices, and serving size were shown to be less 

important in affecting public health impact. Rank coefficients were only presented in 

Figure 6.6 for cooling profile 2 at pH 5.3 to 6.2, however results for cooling profiles 1 

and 3 displayed similar ranks of in terms of importance.  The only exception was noted 

in profile 1, where the rank coefficients for prevalence of spice contamination (τ=0.57 to 

0.59 for different pH levels) and prevalence of meat contamination (τ=0.66 to 0.67 for 
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different pH levels) surpassed that of growth during stabilization (τ=0.18 to 0.29 for 

different pH levels).   

 
 

 
Figure 6.6: Relative significance of model variables on public health impact estimates:  

Profile 2, pH 5.3-6.2 

 

6.3.4 Summary of Findings 
 

Model results for case study 2 suggested that growth during stabilization and 

prevalence of CPE spores in spice and meat ingredients were important factors in terms 

of affecting public health impact due to consumption of cooked meat products.  CPE 

contamination in spices contributed a considerable risk of illness in cooked meats at 

consumption, but the risk was slightly lower compared to contribution from meat 

ingredients.  For cooling profiles 2 and 3, the estimated rate of illness for consumption 

of cooked meats was substantially increased due to growth during increased cooling 

periods between 54.4 to 26.7°C (3.25 and 3 hours respectively), as compared to the 

baseline cooling profile 1 (1.5 hours), which represented the recommended stabilization 

guidelines for cooked meat and poultry.  Of all scenarios, the lowest risk was associated 

with a lower pH (5.3-6.2) medium adhering to the USDA-FSIS stabilization guidelines.   
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6.4 Discussion of Model Results 
 

Model simulation results for case study 2 showed that the highest risk 

predictions coincided with the cooling curve for a beef roast from the literature (profiles 

2 and 3).  Prolonged cooling times between 54.4 to 26.7 degrees Celsius increased the 

probability of illness substantially compared to the USDA-FSIS cooling standards (profile 

1). When cooling followed profiles 2 and 3, mean risk per serving estimates were 

increased by as much as 5.7-fold compared to profile 1.  These results suggest that 

following the recommended guidelines for stabilization of cooked meats is promising for 

reducing the risk of food poisoning, and that cooling practices followed by 

manufacturers during initial processing may be contributing to increased risk.  When 

possible, it is important for the USDA-FSIS stabilization standards to be followed to avoid 

significant growth of Clostridium perfringens during stabilization.  While it may not 

always be feasible to adhere to these guidelines for every cooling scenario, it should be 

a target that meat processors and commercial establishments strive to achieve, as doing 

so will ensure the risk of food poisoning from high levels of Clostridium perfringens 

(growth greater than 1-log10) in cooked meats is low.  For cooling profiles 2 and 3, 

modeled net growth predictions ranged from 0.09 to 1.43 log10 and 0.08 to 1.30 log10 

(95% confidence interval) respectively.  Mean growth values for both profiles were less 

than 1-log10 at the different pH scenarios, which was within the recommended 

guidelines.  For profile 2, the likelihood of growth exceeding 1-log10 during stabilization 

was between 8.4% (pH 5.3-6.2) and 32.2% (pH 6.3-6.9).  For profile 3, the probability of 

growth exceeding 1-log10 during stabilization was between 3.9% (pH 5.3-6.2) and 25.0% 

(pH 6.3-6.9).  Based on these model predictions, the net growth would exceed the 

USDA-FSIS recommended cooling standards for cooked meats in certain instances, 

which is why risk was increased compared to profile 1.  Depending on intrinsic 

properties of the meat product, more controlled cooling conditions than utilized in time-

temperature profiles 2 and 3 may be required to ensure that growth of Clostridium 

perfringens does not exceed 1-log10, which would decrease the risk of illness.   
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It should be noted that the model predicted the levels of CPE immediately 

following the stabilization period and presented the risk associated with these levels.  In 

reality, many cooked meats would undergo periods of refrigerated storage following 

initial stabilization during transportation to retail outlets and domestic settings prior to 

consumption.  Clostridium perfringens cells have not been shown to grow at 

temperatures lower than 10 to 14°C (Taormina et al. 2003; deJong et al. 2004; Li & 

McClane 2006), and CPE spores have been shown to survive for several weeks to several 

months at refrigeration temperatures (Taormina et al. 2003; Li & McClane 2006).  

Therefore, it is likely that similar CPE levels present following stabilization would persist 

after periods of refrigerated storage.  The predictions made in this case study may 

represent cooked meat products that would be consumed immediately following 

cooling or a worst-case estimate of risk for products subjected to refrigerated storage 

between cooling and consumption, assuming temperature abuse during storage does 

not occur.  

 

6.4.1 Data Quality 
 

  In the implementation of a QMRA model, the results are only as reliable as the 

data utilized for model input.  Due to data gaps and time constraints for this study, only 

one published literature paper was used for cooling profiles to determine growth of 

Clostridium perfringens during stabilization (Nolan 1987).  In reality, relationships for 

cooked meats may vary considerably depending on many factors such as the setting in 

which the meat is cooled (i.e. processing facility, domestic/commercial preparation, 

type of meat product being cooled), mass of meat, and cooling environment.  However, 

the cooling profiles implemented in the dynamic cooling model provided estimates of 

time versus temperature relationships, which might be expected for a typical cooked 

meat product during cooling in a meat processing facility, which most likely predicted 

reasonable estimates of risk following stabilization.  Profile 1 was generated to serve as 

a baseline to compare growth for typical cooling relationships for cooked meats with the 

recommended cooling standards.  A constant-rate cooling process was assumed for 
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profile 1, due to a lack of available published literature data on an actual cooling 

relationship for a cooked meat product when the USDA-FSIS guidelines were strictly 

adhered to.  This was a conservative approach, predicting a higher than average 

temperatures compared to an exponential cooling relationship.  To improve risk 

predictions, cooling curves for different types of meat products in different settings 

could be utilized in the model, such as for domestic or commercial preparation.  It may 

also be prudent to obtain time-temperature relationships during hot-holding of cooked 

meats, such as in a restaurant or cafeteria, which would typically imply a higher risk of 

Clostridium perfringens growth than for stabilization at cooler temperatures. 

 

To simulate the initial levels of CPE spore contamination in raw meat, the studies 

by Kalinowski et al. (2003) and Taormina et al. (2003) were fit to a Poisson distribution 

and utilized in modeling, with mean spores levels of 35 and 42 spores/g respectively.  It 

should be noted that in the Kalinowski et al. (2003) study, spores levels measured were 

from meat products subjected to heat treatment to an internal temperature of 73.9°C, 

whereas in the study by Taormina et al. (2003) the spore levels were measured from 

raw meat samples stored at refrigeration temperatures.  The spore levels in these two 

studies were similar, which reinforces the assumption that Clostridium perfringens 

spores are able to survive the cooking step.  

  

 The consumption estimate for cooked meats used (83.6 kg/person/year) from 

the United States Department of Agriculture (2009a) survey may have contributed to 

uncertainty surrounding public health impact estimates, including amount of illnesses 

caused by meat and spice ingredients.  The survey data included consumption of all red 

meat and poultry products, some of which would not include cooked meats.  To adjust 

for the lack of specificity regarding consumption of cooked meats, 75% of this figure was 

used to predict number of illnesses.  This seemed to be the best data available from the 

literature and was modeled as an estimate of the amount of cooked meats consumed 

per year.  Additionally, in the formula used to characterize risk in terms of number of 
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illnesses per annum in Canada (Equation 1), it was assumed that the probability of 

illness upon consumption of a contaminated serving of cooked meat was equivalent 

over all consumptions.  This also may have contributed to uncertainty surrounding risk 

per annum predictions.  In reality the probability of illness would vary for each serving 

consumed throughout the year.  Due to the inherent uncertainty in the predictions of 

number of annual illnesses, the risk per serving estimates may be better suited for 

making risk management decisions. 

6.4.2 Dose-Response Model    
 

The exponential dose-response model for CPE was chosen from the risk 

assessment study by Crouch & Golden (2005), which modeled several strains of 

Clostridium perfringens using maximum likelihood techniques.  The dose-response 

relationship used six human feeding studies for exposure to CPE and fit the data to the 

simplest non-threshold exponential model, assuming that the ingestion of one organism 

is capable of causing illness.  The exponential model also assumed that microorganisms 

in an ingested dose are Poisson distributed about the mean and that each 

microorganism is independent in terms of its virulence.  The human feeding trial data 

used to generate the dose-response relationship did not provide a typical sigmoidal 

curve, thus it was not justified to use a more complicated model such as the Beta-

Poisson.  The dose-response parameter representing the virulence of the microorganism 

(k) in the exponential model represents the probability that a microorganism is able to 

cause infection once it enters the host.  A variety of k values were listed for fifteen 

strains for Clostridium perfringens, however the k value (strain S-79) used was selected 

to provide a higher than average probability of illness and because cooked meat 

products were used as the vehicle for administration of CPE to human volunteers in 

feeding trials. 

 

The advantage to using the selected dose-response model was that it utilized 

human feeding trial data as opposed to animal data to provide more realistic response 

rates.  The disadvantage to using the selected dose-response model was that in human 
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feeding trails, doses of greater than 108 CFUs were administered (Crouch & Golden 

2005), which were significantly higher than ingested doses estimated in this study (103 

to 106 CFU).  The selection of the virulence parameter for the exponential dose-

response model may have been a conservative estimate, predicting a greater likelihood 

of illness upon ingestion of a single contaminated serving compared to exposure to most 

strains of CPE.  The decision to select this model was made because the vehicle for 

administration of CPE to human feeding trial volunteers was relevant to the 

food-pathogen combination in this risk assessment. 

 

6.4.3  Selection of the Microbial Growth Model 
 

In QMRA, the selection of a model to predict changes in microbial levels can 

have a significant impact on the overall model outcomes.  To predict the growth of 

Clostridium perfringens during cooling, a dynamic model was necessary to predict 

changes in pathogen levels in a constantly changing temperature environment.   The 

study of Le Marc et al. (2008), derived using the sigmoidal model developed by Baranyi 

& Roberts (1994) was chosen for predicting dynamic growth during cooling.  This model 

took into account the initial physiological state of the spores and lag time prior to 

growth of vegetative cells following the cook step.  The model also provided extensive 

validation through implementation in the Combase Perfringens Predictor with several 

cooked meat products and appeared to be the most reliable model available in the 

literature. 

 

6.4.4 Sensitivity Analysis 
 

The results of the sensitivity analysis revealed that growth during cooling, 

prevalence of spice contamination, and prevalence of raw meat contamination were the 

most influential variables on increasing public health estimates.  This emphasizes the 

importance of cooling cooked meats using appropriate control measures to limit the 

amount of growth during stabilization.  Since initial prevalence of contamination also 
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had a strong influence on model outcomes, reducing initial contamination in spices may 

be beneficial in reducing overall probability of illness upon consumption.   

 

 The sensitivity analysis only included the influence of probabilistic or uncertain 

model inputs on overall model outcomes.  Point value model inputs, such as the 

frequency of consumption for cooked meats were not taken into consideration in the 

sensitivity analysis because only uncertain model variables were captured using the 

Spearman rank correlation coefficient. Model predictions for rate of illness were 

sensitive to changes in frequency of consumption of cooked meats when investigated, 

although they did not show up in the global sensitivity analysis.   

6.4.5 Limitations in Model Framework 
  

The risk model for Clostridium perfringens in cooked meats (case study 2) has 

many limitations that are worth mentioning, based on data gaps identified and 

assumptions made.   

 

For simplicity purposes, assumptions were made in modeling which would 

contribute to the overall model results.  Firstly, a mass ratio of primary to spice 

ingredient was assumed to be 99:1, which may overestimate amounts of spice 

ingredient.  Reviewing typical recipes for cooked meat products, compositions of spice 

ingredients would be considerably less in some cases, containing only a few grams of 

spice ingredient versus several kilograms of meat.  However, a one percent composition 

of spice ingredient would still be a realistic composition for certain cooked meat recipes 

(i.e. roast beef, cooked chicken).  In reality, mass ratios of spice to primary ingredients 

may vary considerably for different cooked meat preparations, which would affect the 

overall model outcome.  In addition, it was also assumed that a serving size of 100 to 

200 grams was consumed in a single serving.  This may also be a conservative estimate, 

as the recommended serving size for cooked meats in Canada is listed as 75 grams 

(Health Canada 2007).   However, results of sensitivity analysis revealed that serving size 
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was not as influential as other variables in terms of affecting public health impact, so 

effects on model outcomes of changing it would be minimal. 

 

Pathogens levels in contaminated spice and meat ingredients were assumed to 

be randomly distributed throughout the cooked meat product.  To accommodate this 

assumption, initial contamination levels in meat and spice ingredients were fit to a 

Poisson distribution.  A Poisson process simulates a distribution that is completely 

random, controlled by the mean rate of occurrence.  The Poisson distribution is useful 

for estimating probabilities of occurrence for discrete random variables where the 

random variable could represent a specific quantity (McBean & Rovers 1998).  Poisson 

processes have been used previously to estimate counts of microorganisms in matrices, 

such as in aquatic systems (Bratvold et al. 2000) and meat products (Reinders et al. 

2003).  This assumption was made for simplicity purposes in this study.  In reality, 

pathogens would display some degree of clustering, resulting in a non-uniform 

distribution throughout the food medium.  For example, in certain cooked meat 

products, the cell density on the surface would likely be greater than the centre or other 

internal locations of the meat, due to pathogen contribution from added spices.  

Clustering would result in higher concentrations of contamination measured in certain 

areas of the meat product versus others. 

 

For cooling profiles 2 and 3, the temperatures at the end of the cooling period 

were 7°C and 5°C respectively, which were below the theoretical growth temperatures 

for Clostridium perfringens as stated in Section 6.2.7.  Additionally, at the beginning of 

the cooling period for profiles 2 and 3, temperatures were at 62°C, which is above the 

theoretical growth temperature.  At internal meat temperatures above 54.4°C or below 

12.2°C, the Le Marc et al. (2008) dynamic growth model does not account for decline in 

Clostridium perfringens cells, therefore these temperatures were removed from the 

cooling profile when computing net growth to improve accuracy. 
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Due to low water activity, it would be difficult for viable bacteria to survive on 

dried spices, therefore for simplicity and due to a lack of specificity regarding levels of 

CPE spores versus vegetative cells in spice ingredients reported in the literature, it was 

assumed that all viable cells measured on dried spices in the above mentioned studies 

were spores, and that all spores in meat and spices survived the cooking step.  It was 

also assumed that all spores were activated to germinate during stabilization.  In reality, 

all surviving spores would probably not germinate during cooling, as some would incur 

damage during the cooking period and would take time to repair prior to growth.  

Although the physiological state of CPE spores was taken into account in the dynamic 

growth model to account for lag time, in model calculations it was still assumed that all 

initial spore levels present in meat and spices prior to cooking proliferated during 

stabilization, which may be a slight overestimate.  The percentage of spores that 

germinate following initial heat treatment would depend on a number of factors 

including pH and water activity of the cooked meat, any food additives present, the 

strain of Clostridium perfringens, and the temperature and duration of heat treatment 

applied during the cook step (Crouch & Golden 2005).  Assuming that Clostridium 

perfringens cells in spices were spores and that every spore present in meat and spices 

was subject to germination during stabilization would increase the risk of illness 

predicted by the model and represents a worst-case scenario. 

 

During the cooking step, it was assumed that vegetative cells were reduced to 

insignificant levels.  In reality, some vegetative cells may survive cooking and would 

remain viable to proliferate during stabilization.  Assuming negligible vegetative cell 

levels and minimal damage to spores during the cooking period could provide accurate 

model predictions when used in conjunction with the assumption that all spores 

germinate because the absence of vegetative cells able to proliferate during cooling 

would compensate for the excess of amount of viable spores germinating. 
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6.4.6 Validation of Public Health Impact Estimates 
 

Canadian epidemiological data on the predicted number of illnesses caused by 

Clostridium perfringens was unavailable.  According to a study conducted in the United 

States using surveillance systems and medical surveys, while taking into account under-

reporting, the estimated number of cases of food poisoning attributed Clostridium 

perfringens has been reported at approximately 250,000 cases per year (Mead et al. 

1999).  Assuming the rate of illness in the United States is similar to Canada, this would 

translate into approximately 25,000 cases of food poisoning from Clostridium 

perfringens being linked to consumption of contaminated food products per year.  

Model outcomes for profiles 1 to 3 predicted mean values ranging from 328 to 2,123 

cases of food poisoning per year linked to consumption of cooked meat products 

contaminated with CPE. This would translate into 1.3 to 8.5% of the estimated cases of 

Clostridium perfringens food poisoning being linked to the consumption of cooked 

meats in Canada, when making a comparison with data from the United States.  Even 

though these model predictions fall within the Mead et al. (1999) estimate, it is difficult 

to state whether they are correct without more reliable epidemiological information.  

Furthermore, as stated previously, the risk predictions in this model were presented 

immediately following stabilization represents only a portion of scenarios which could 

expose the consumer to risk of illness from Clostridium perfringens in cooked meats.  To 

improve the breadth of risk predictions, it would be useful to model changes in cell 

levels during storage, transport, and domestic preparation, which may occur following 

stabilization for certain cooked meat products, and to consider the potential for 

temperature abuse. 
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Chapter 7 : Overall Discussion & Future Research 
 

 This research has developed a framework to estimate public health impact from 

pathogens in cooked meats and ready-to-eat snack food products, providing probability 

of illness and annual number of illnesses predictions for their consumption.  The study 

was unique in that it took into account pathogen contribution from minor ingredients in 

the modeled food products, presenting a breakdown of risk and public health impact 

from spice versus primary food ingredients. 

   

It should be noted that these models do not necessarily predict realistic food 

consumption scenarios, but approximate the exposure pathways that they were 

designed to represent.  Many assumptions were made and data gaps were identified in 

both models (stated in Chapters 5 & 6) which would contribute to uncertainty in the 

results.  Although the models created may not be a direct reflection of reality, they 

accurately approximate the change in pathogen levels throughout their assigned 

exposure pathways and provide a means to determine variations in risk for different 

scenarios.  In reality, many other factors could contribute to additional contamination in 

the modeled food products.   These factors address potential areas for future research 

and are discussed in this section. 

 

7.1 Areas for Future Research 
 

Given that assumptions inherent in this research and limitations in available 

published literature data restricted the validity of risk predictions and public health 

impact estimates to a certain degree, design of the model framework was necessary to 

identify data gaps in the literature, methods to improve the model framework, and 

areas for future research.  Areas of future research could include further study in several 

areas. 
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 It is noted that cross-contamination of pathogenic bacteria to the modeled food 

products could occur along the exposure pathways for both case studies 1 and 2, which 

was not taken into consideration in this study.  Potential sources of cross-contamination 

might include during preparation or immediately prior to consumption.  Cross- 

contamination of Salmonella spp. and Clostridium perfringens would increase the risk 

associated with consumption of the modeled food products and would require 

considerable study to model accurately.  Modeling pathogen cross-contamination was 

not included in the scope of this research and might be a factor for consideration for 

future research projects. 

 

In addition, interactions of pathogens within the spices and primary ingredient 

were greatly simplified for the scope of this study.  When spices were added to the 

primary ingredient in case studies 1 and 2, it was assumed that pathogen cells were 

distributed homogeneously throughout the food product for simplicity purposes.  In 

reality, pathogens would display a non-uniform distribution throughout food mediums, 

potentially resulting in higher contamination levels upon sampling.  For future study, 

model outcomes could be improved by investigating modeling techniques to account for 

pathogen clustering in food mediums. 

 

7.1.1 Case Study 1: Salmonella spp. in dairy-based dips 
 

The literature search for initial Salmonella spp. contamination levels in spice 

ingredients revealed an important data gap which prevented more accurate model 

outcomes from being obtained.  Due to the lack of published literature data regarding 

Salmonella spp. contamination levels in spice ingredients, it was not feasible to model 

uncertainty in initial contamination levels for model input.  To provide accurate initial 

contamination levels for model input and provide an accurate fit to an uncertainty 

distribution, implementation of a study measuring Salmonella spp. levels in dried spices 

would be necessary to improve the accuracy of risk predictions. 
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7.1.2 Case Study 2: Clostridium perfringens in cooked meats 
 

The model in case study 2 predicted the levels of CPE immediately following the 

stabilization period and presented the risk associated with these levels.  This may 

represent only a portion of consumption scenarios for cooked meats and most likely 

provides a worst case estimate of public health impact (assuming no temperature 

abuse).  In reality, many cooked meats would undergo periods of refrigerated storage 

during transportation to retail outlets and domestic settings prior to consumption.  

There also exists the possibility that cooked meats are subjected to temperature abuse, 

such as inadequate refrigeration temperatures during storage, or inadequate reheating 

prior to consumption, which may add to an increase in risk.  This was not taken into 

account in this study.  For future study, it would be useful to model stages between 

stabilization and consumption, including storage, transport, and preparation to improve 

accuracy of risk predictions.  

 

 Additionally, it was difficult to obtain realistic time-temperature cooling profiles 

to input into the dynamic cooling model, due to insufficient published literature data.  

For future research, it would be useful to locate realistic time-temperature profiles and 

product recipes for a variety of cooked meats and compare the results of the dynamic 

growth model using the model framework.  Since locating data on time-temperature 

profiles from the literature may be difficult, another possibility to generate cooling 

profiles for specified temperature limits might include using heat and mass transfer 

analysis.    

 

As stated previously, it was assumed that all Clostridium perfringens vegetative 

cells were destroyed and that spores remained undamaged for the cooling period.  In 

reality, some vegetative cells would survive the cooking step and some spores would 

incur damage, requiring time to recover before germination.  For future study, it would 

be beneficial to model the cooking step more accurately, to realistically predict the 

number of surviving vegetative cells and the proportion of spores that are likely to 
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germinate during the stabilization period.  A previous USDA risk assessment study 

attempted to determine probable numbers of Clostridium perfringens spores that may 

survive a typical cooking step using published literature data (Crouch & Golden 2005), 

however there was insufficient information available to accurately predict the fraction 

of spores that would germinate following initial heat treatment. 

7.1.3 Modeling the effects of Irradiation 
 

Irradiation involves treating food products with a specific dose of radiation with 

the purpose of reducing microorganisms to safe levels for consumption.  Irradiation is a 

popular method for reducing microbial contamination in spices, with many countries 

around the world, including Canada utilizing commercial spice irradiation practices.  

Federal regulations in Canada and the United States permit the use of irradiation for 

decontaminating dried spices, with a maximum dose of 10 and 30 kGY respectively 

(Canadian Food Inspection Agency 2005; United States Food and Drug Administration 

2008).    

 

The effects of spices treated with doses of irradiation were investigated using 

studies from the literature.  No data was available specifically on Salmonella spp. cell or 

Clostridium perfringens spore reduction in spices as a function of irradiation treatment.  

Several studies were retrieved evaluating the effects of irradiation treatment on spices, 

which found that irradiation treatment was an effective method for destroying 

microorganisms (Sharma et al. 1984; Kiss & Farkas 1988; Kiss et al. 1990; Lund et al. 

2000; Legnani et al. 2001; Staack et al. 2008).  Studies reviewed reported that an 

irradiation dose of 5 to 7 kGY was sufficient to lower microorganism counts to safe 

levels for consumption, while not damaging any organoleptic properties of the spices.  

According to Kiss & Farkas (1988) and log reduction data by Lund et al. (2000), an 

irradiation dose of 5 to 7 kGY would lower viable mesophilic bacteria counts by 2 to 3 

orders of magnitude in commonly used spices.  
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  Typical log reductions achieved by applying specific doses of irradiation to spices 

is presented in Table 7.1.  These doses were within legal restrictions for typical 

irradiation practices and would represent a dose typically applied to avoid damage of 

the sensory properties of the spices. 

 
Table 7.1: Efficacy of irradiation treatment on the decontamination of mesophilic bacteria in selected 

dried spices (adapted from Lund et al. 2000) 

Spice Product 
Initial Bacteria 

Count 
log10(CFU/g) 

Dose Applied 
(kGY) 

Log10 Reduction 

Black Pepper 6.8 4 2.3 
Paprika 4.9 5 2.5 

Onion Powder 5.2 7.5 2.1 
Allspice 6.2 6 3.2 

Cinnamon 4.2 6 2.2 
Garlic Powder 4.7 5 3.4 

  

For future study, irradiation data presented above could be utilized in the model 

framework to predict the effects of decontamination treatment on the overall effect of 

risk predictions.  For simplicity purposes in modeling, it is recommended to assume that 

this dose is applied to all irradiated spices, and that data from Lund et al. (2000) is 

sampled directly from the cumulative distribution.  In addition, hypothetical log 

reductions (i.e. 2.0±0, 2.0±0.5, 2.0±1.0) could be generated to investigate differences in 

risk estimates for variations in treatment efficacy. 

7.2 Regulatory Criteria on Herbs and Spices 
 

The Canadian federal government has several regulations in place to ensure 

spices are free from microbial contamination.  Under guidelines from the Canadian Food 

Inspection Agency (CFIA), when spices are imported into Canada from countries other 

than the United States, an import permit must be obtained (Canadian Food Inspection 

Agency 2009).  The permit is granted, contingent on the following criteria: 

 

 The spice is free from pests and/or soil; 

 The spice is free from any abrasive material, such as glass; 

 The spice may be subjected to a random audit; 
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 The spice must be free of pathogenic bacteria; and 

 The spice must not contain food allergens such as nuts, eggs, or fish;  

 

The CFIA utilizes Health Canada’s Standards and Guidelines for Microbiological 

Safety of Food (Health Canada 2008) to determine acceptable levels of microorganisms 

in spices, including Salmonella spp. and Clostridium perfringens.  Health Canada 

guidelines state that spices should be free from any level Salmonella spp. contamination 

and should contain no more than 4.0 log10 (CFU/g) of Clostridium perfringens to be safe 

for consumption.  Model outcomes from case study 2 predicted mean CPE exposure 

levels from contaminated spices in the cooked meat products following stabilization 

ranging from 0.64 to 1.27 log10 (CFU/g), with mean rate of illness estimates ranging from 

3 to 16 cases of food poisoning per 10 million contaminated servings (assuming the raw 

meat is not contaminated).  These exposure levels were well below the regulatory 

criteria, so not surprisingly, the risk for consumption of contaminated spices was low.  

The guidelines do not distinguish between benign strains of Clostridium perfringens and 

CPE.     

 

The CFIA requires that all spices imported into Canada meet the above stated 

regulatory requirements and are safe for consumption; however they do not require 

spices to be sampled for pathogenic bacteria prior to being imported into Canada (D. 

Rath, personal communication, August 20, 2009).  However, inspections and samples of 

spice importers would be performed once arriving in Canada to determine compliance 

with regulatory criteria, as part of a monitoring program for pathogenic bacteria 

(Canadian Food Inspection Agency 2008).  It was unclear whether these inspections and 

samples would be performed routinely or periodically.  Canada permits the irradiation 

of spices during processing as a means to reduce microbial contamination (Canadian 

Food Inspection Agency 2005).  If spices are treated with irradiation, it is required that 

they are labeled as such on the packaging. 
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Although the above criteria recognizes the potential for spices to harbour 

pathogenic bacteria and that this is unacceptable upon import to Canada, there is a lack 

of specificity as to whether spices are required to receive decontamination treatment, 

such as irradiation prior to being made available to consumers.  Developing more 

stringent and specific regulations regarding the decontamination of spices prior to 

importation into Canada may become necessary as recalls and outbreaks from spice 

ingredients become more frequent and as awareness of the potential for contamination 

increases. In addition, under the above mentioned Health Canada guidelines for 

Microbiological Safety of Food, there exist only criteria for dried spice ingredients.  It 

may be beneficial to distinguish between spices and herbs and between dried and fresh 

products, as these all represent different food mediums, which have the potential to 

harbor pathogenic bacteria and may require separate criteria.  Furthermore, when 

spices are imported into Canada from countries other than the United States, it is the 

importer’s responsibility to ensure that spices are in compliance with regulatory 

standards (D. Rath, personal communication, August 20, 2009).  To ensure compliance, 

the importer is free to use any processing treatment (provided it is not prohibited in 

Canada) available to ensure spices are free of microbial contamination, or potentially to 

use nothing at all.  Perhaps the implementation of a consistent sampling program to 

verify compliance with regulatory criteria for spices, and mandatory decontamination of 

spices would decrease the prevalence of pathogen contamination and encourage spice 

processors to improve processing techniques prior to importation of their products into 

Canada.  Providing legislation to make the decontamination of spices mandatory would 

reduce the amounts of microbial contamination; however it would not eliminate it 

completely. 
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7.3 Conclusions & Final Recommendations 
 

 In this study, focus was transferred to minor ingredients in food products as 

potential pathways to initiate foodborne illness, rather than solely considering the 

primary food ingredients as the main vehicles for contamination.  The model provided a 

means to determine the potential for spice ingredients to cause illness from pathogenic 

bacteria and the potential public health risk that spices contribute when added to 

specific food products, without the presence of contamination from primary food 

ingredients, which are often the only source of contamination taken into consideration.  

Per serving risk estimates for case studies 1 and 2 illustrated the potential for spices to 

contribute to illness in food products.  Model predictions and a review of regulatory 

requirements could potentially be used to motivate initiatives to reduce the frequency 

of contamination in spices, such as providing decontamination treatment or for 

developing more stringent guidelines prior to importation.  Initial contamination and 

storage of food products were predicted to have the greatest influence on the overall 

rate of illness, therefore efforts to reduce risk should focus in these directions.   

 

  Case studies 1 and 2 presented risk assessments for two product-pathogen 

combinations with added spices and characterized their public health impact, however 

there are additional pathogens prevalent in spices and other types of food products that 

may be worth modeling.  Preference should be given to food products which receive 

minimal treatment prior to consumption after the addition of spice ingredients which 

may contain pathogens.  Some examples might include ready-to-eat meats such as 

summer sausage or beef jerky.  During preparation of these products, spices would not 

undergo a heating step prior to consumption as the meat would be fermented or dried.  

Other examples of food products worth modeling might include additional snack food 

products, such as potato chips, which were linked to a previous outbreak causing over 

1,000 illnesses from added spices (Lehmacher et al. 1995).  Finally, food products, such 

as spiced salads, dressings, sandwiches, or sushi may carry a risk in terms of 
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contamination from spices.  Additional pathogens that have been shown to contaminate 

spices besides Salmonella spp. and Clostridium perfringens include Bacillus cereus, 

Escherichia coli, and Staphylococcus aureus (Mckee 1995; Little et al. 2003; Elviss et al. 

2009). 

 

These models could potentially serve as decision-support tools for determining 

the relative potential for spices to cause foodborne illness in snack food dips and cooked 

meat products and for estimating public health impact for specific populations.  The 

models help to identify strategies for minimizing public health impact from spices for 

different food-pathogen combinations, and provide a means to compare the relative 

risks for different scenarios on a per serving and per annum basis.  The models can also 

be used to evaluate the impact of hypothetical changes from preparation to 

consumption, such as storage times, temperatures, growth mediums, and initial levels 

of contamination.  Effects of these changes can be investigated conveniently using the 

model’s user interface.  Furthermore, when available, additional data can be integrated 

using the model framework to satisfy data gaps and improve the accuracy of risk 

outcomes.  

 

As a final caveat, it should be acknowledged that this study modeled specific 

pathogens and estimated the risk associated with their behaviour in a particular food 

medium.  However, it is possible that additional microorganisms may contaminate these 

same food mediums, and behave quite differently.  The results of this risk assessment 

should be interpreted only for the modeled pathogens and not for other 

microorganisms that may be present.  Risk of illness may vary considerably for different 

microorganisms in the same food mediums modeled in this study. 
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Appendix A:  
Plots and Histograms Created to Detect Outliers and Model Uncertainty Distributions for 
Salmonella spp. Rates of Decline 
 
Scatter plots to detect changes in rate of decline according to temperature and pH: 
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Histograms Created to Model Uncertainty: 

  

 Distribution 1: Triangular(-0.0002,-0.0134,-0.0399)        Distribution 2: Triangular(-0.003,-0.015,-0.041) 

 

  Distribution 3: Triangular(-0.0513,-0.0592,-0.0592) 

  

Note: 
Data were insufficient to model uncertainty in rate of decline for low pH (3.7-3.9) at room 
temperatures (18-25°C). Instead, a single point value of -0.0846 log10(CFU/hr) was used in model 
calculations. 
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Appendix B:  
Summary of simulation variables and model calculations for estimating risk of 
Salmonella spp. in snack food dips 

Food Pathway 
Model 

Parameter 
Parameter 
Description 

Units Model Input Source 

1.) Preparation/ 
Mixing 

CS 

Initial Salmonella 
spp. 

contamination 
levels in spices 

CFU/g 
Point values of 

0.05, 1, and 100 

Gustavsen & 
Breen 1984; 

Lehmacher et al. 
1995 

 Cp 

Initial Salmonella 
spp. 

contamination 
levels in primary 

ingredient 

CFU/g 
No initial 

contamination 

Erikson & Jenkins 
1991; Smittle 

2000; Varga 2007 

 ms 
Amount of spice 
ingredient added 

g 5 Assumption 

 mp 
Amount of 

primary 
ingredient added 

g 495 Assumption 

 No = Cm 
Concentration 

following mixing 
CFU/g 

[(Cs x ms)+(Cp  x mp)]/ 
(ms + mp) 

Model calculation 

2.) Storage prior 
to consumption 

µr 

Rate of decline 
for  Salmonella 

spp. in snack food 
dip 

log10 CFU/hr 

Low pH (5-12°C): 
Triangular 

(-0.051, -0.059, -0.059) 

 
High pH (5-12°C): 

Triangular 
(-0.0002,-0.013,-0.039)  

 
Low pH (18-25°C): 

point value of -0.0846 
 

High pH (18-25°C): 
Triangular 

(-0.003, -0.015, -0.041) 

Food Standards 
Agency funded 

data, UK; Glass et 
al. 1991; Roller et 

al. 2000; 

 Ts 
Storage 

temperature 
°C 

Low: 5-12 
 

High: 18-25 

Based on data 
available 

 pH pH unit less 
Low: 3.7-3.9 

 
High: 4.0-4.5 

Based on data 
available 

 aw Water activity unit less 0.95-0.96 
Based on data 

available 

 ts Storage time days 

Domestic 
Preparation: 

Triangular 
(0.02, 1.0, 4.0) 

 
Commercial 
Production: 
Triangular 
(7, 21, 42) 

Domestic: 
Assumed  

 
Commercial:  

David Jennison, 
Personal 

Communication 

 N 

Levels of 
Salmonella spp. in 
mixture following 

CFU/g Cm x 10
(-µ

r
 x t

s
) 

Model Calculation 
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Notes: 
1 – Includes data for sour cream and snack food dips combined. 
 
 
 
 

 
 
 
 

storage 
 

3.) Consumption: 
(Final Level of 

Contamination) 
Sm 

Amount 
consumed in one 

single serving 
g Uniform (25,50) Assumption 

 Dc 

Exposure dose of 
Salmonella spp. 

from 
consumption of 

single serving 

CFU N x Sm Model Calculation 

4.) Risk 
Predictions/ 
Public Health 

Impact 

α, β 
Beta-Poisson 
parameters 

unit less α=0.01324, β=51.45 FAO 2002 

 Pi 

Probability of 
illness upon 

consumption of a 
contaminated 

serving 

unit less 

 

1 – (1 + Dc/β)
-α 

 

Model Calculation 

 Lc 

Probability that 
spice samples 

contain 
Salmonella spp. 
contamination 

unit less 
Beta(34, 2931) 

Sagoo et al. 2009 

 mc 

Mass of snack 
food dips 

consumed per 
annum

1 

kg/year/ 
person 

0.7 
USDA 2009a 

 Ns 

Frequency of 
consumption of 

food product 

servings/year
/person 

mc/Sm Model Calculation 

 Sp 

Size of population 
(Canadian 

population used 
in modeling) 

persons 
34,018,957 Statistics Canada, 

2010 

 Ps 

Probability of 
Illness over all 

servings 
unit less 

[1 – (1 – Pi)
N

s] x Lc Model Calculation 

 Ip 

Estimated annual 
number of 

illnesses for  
population 

Illnesses 
/year 

Sp x Ps Model Calculation 
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Appendix C: 

Modeled Rates of Decline of Salmonella spp. in Dairy-Based Snack Food Dip Mediums 
 

Experimental 
Growth 
Medium 

Temperature 
(°C) 

pH 
Water 

Activity 
Rate of Decline 
(log10CFU/hr) 

Standard 
Error 

R
2 

Reference 

mayonnaise 5 4.5 NA -0.0002 0.0007 NA Roller et al. 2000 
mayonnaise 5 4.5 NA -0.0172 0.00410 0.92250 Roller et al. 2000 
mayonnaise 5 4.5 NA -0.0399 0.00690 0.96520 Roller et al. 2000 
mayonnaise 5 4.5 NA -0.0278 0.00220 0.97450 Roller et al. 2000 

mayonnaise 7.3 3.7 0.96 -0.0521 0.0051 0.9814 
Food Standards Agency 

funded data, UK 

mayonnaise 7.3 3.7 0.96 -0.0513 0.0038 0.9888 
Food Standards Agency 

funded data, UK 

béarnaise sauce 8 4.4 0.95 -0.0026 0.0008 0.5869 
Food Standards Agency 

funded data, UK 

béarnaise sauce 8 4.4 0.95 -0.0059 0.0064 0.4476 
Food Standards Agency 

funded data, UK 

béarnaise sauce 8 4.4 0.95 -0.0099 0.0103 0.9667 
Food Standards Agency 

funded data, UK 

béarnaise sauce 8 4.4 0.95 -0.0032 0.0050 0.3395 
Food Standards Agency 

funded data, UK 

mayonnaise 12 3.7 0.96 -0.0560 0.0020 0.9973 
Food Standards Agency 

funded data, UK 

mayonnaise 12 3.7 0.96 -0.0592 0.0007 0.9997 
Food Standards Agency 

funded data, UK 

béarnaise sauce 12 4.4 0.95 -0.0036 0.0009 0.8035 
Food Standards Agency 

funded data, UK 

béarnaise sauce 12 4.4 0.95 -0.0131 0.0054 0.8417 
Food Standards Agency 

funded data, UK 

béarnaise sauce 12 4.4 0.95 -0.0022 0.0006 0.6510 
Food Standards Agency 

funded data, UK 

béarnaise sauce 12 4.4 0.95 -0.0019 0.0007 0.4861 
Food Standards Agency 

funded data, UK 

béarnaise sauce 18 4.4 0.95 -0.0062 0.0023 0.8365 
Food Standards Agency 

funded data, UK 

béarnaise sauce 18 4.4 0.95 -0.0035 0.0005 0.9437 
Food Standards Agency 

funded data, UK 

béarnaise sauce 18 4.4 0.95 -0.0031 0.0010 0.5288 
Food Standards Agency 

funded data, UK 

béarnaise sauce 18 4.4 0.95 -0.0028 0.0012 0.4112 
Food Standards Agency 

funded data, UK 
mayonnaise 24 4.3 0.953 -0.0139 0.00120 0.95190 Glass et al. 1991 
mayonnaise 24 4.3 0.953 -0.0202 0.00250 0.96680 Glass et al. 1991 
mayonnaise 24 4.1 0.953 -0.0406 0.00110 0.99840 Glass et al. 1991 
mayonnaise 24 4 0.953 -0.0371 0.00440 0.96860 Glass et al. 1991 
mayonnaise 24 3.9 0.953 -0.0846 0.00440 0.99450 Glass et al. 1991 

béarnaise sauce 25 4.4 0.95 -0.0129 0.0014 0.9860 
Food Standards Agency 

funded data, UK 

béarnaise sauce 25 4.4 0.95 -0.0067 0.0033 0.6121 
Food Standards Agency 

funded data, UK 

béarnaise sauce 25 4.4 0.95 -0.0140 0.0034 0.7607 
Food Standards Agency 

funded data, UK 

béarnaise sauce 25 4.4 0.95 -0.0132 0.0035 0.7305 
Food Standards Agency 

funded data, UK 

béarnaise sauce 25 4.4 0.95 -0.0129 0.0014 0.9860 
Food Standards Agency 

funded data, UK 

Notes: 
1- Rates of decline modeled using Combase DMFit web version software using datasets at constant 
temperatures. 
2- Studies retrieved from Combase Browser. 
NA – Data not available. 
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Appendix D: 
Answers to Interview Questions with Gay Lea Foods Co-operative Limited 
 
Questions Regarding Snack Food Dip Processing: 
 
1.) Briefly describe how the sour cream based snack food dips are made.  In particular, 
how the spices and other flavouring ingredients are introduced into the sour cream and 
if there is any decontamination treatment before or after mixing.  
 
-Sour cream is cultured, pasteurized, spices are mixed in with sour cream. 
-Spices arrive at facility as a blend.  Spices may or may not be subjected to 
decontamination treatment (irradiation, ethylene oxide).  
-Following mixing, dips are packaged and sent to quality control/microbiology. 
 
2.) What is the approximate ratio of spice ingredients to sour cream in the snack food 
dips? How many grams of spice versus grams of sour cream in a single container? 
(Exclude other flavouring additives such as salt, sugar, hydrolyzed vegetable protein, etc. 
looking for amounts of onion/garlic powder, dehydrated parsley, dill, dehydrated 
onions/garlic). 
 
-French onion dip: 2.5% spice blend (1% maximum of the blend is actual spices). 
-Dill and garlic dip: 2% spice blends (0.5% maximum of the blend is actual spices). 
 
3.) Once the snack food dips are processed and packaged in containers, how much time 
does it typically take for the product to leave the manufacturing plant and arrive at a 
grocery store or other retail outlet? What temperature is the product typically stored at 
in the manufacturing plant? (Ranges of times and temperatures would be best). 
 
-Time: products spend 2 days in warehouse once packaged, then sent to quality control. 
Minimum time: 5-7 days, most likely time: 7-14 days. 
 
4.) What is the approximate time period that the snack food dips would remain at a 
retail outlet before being purchased by a consumer? (Range would be best).   
 
-Minimum time: 2 days (promotion), More likely: 2-3 weeks. 
-80% of products are purchased from retail outlets within 2-3 weeks. 
 
5.) What is the approximate shelf life of a sour cream snack food dip product? 
 
-42 days.  All products are stored at a temperature range of 2-6°C. 
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Appendix E: 

Screen Shots of Case Study 1 Analytica Model 
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CASE STUDY 2: 
Clostridium perfringens in Cooked Meats 
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Appendix F:  
Histograms Created to Model Uncertainty Distributions in Clostridium Perfringens 
Growth during Stabilization 

 
 Uncertainty Distribution 1: Triangular(0,0.045,0.29)     Uncertainty Distribution 2: Uniform(0,0.33) 

 

 
  Uncertainty Distribution 3: Triangular(0,0.23,1.36)      Uncertainty Distribution 4: Uniform(0.01,1.47) 

 

 
  Uncertainty Distribution 5: Triangular(0,0.21,1.22)     Uncertainty Distribution 6: Uniform(0.01,1.33) 
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Appendix G:  
Summary of simulation variables and model calculations for estimating risk of Clostridium 
perfringens in cooked meats 

Food Pathway 
Model 

Parameter 
Parameter 
Description 

Units Model Input Source 

1.) Preparation/ 
Heating 

CS 
Initial CPE spore  
levels in spices 

spores/g Poisson(341) 
Aguilera et 

al. 2005 

 Cp 
Initial CPE spore 

levels in raw meat 
Ingredient 

spores/g Poisson(39) 
Kalinowski et 

al. 2003 

 ms 

Amount of spice 
ingredient 

subjected to cook 
step 

g 10 Assumption 

 mp 

Amount of raw 
meat ingredient 

subjected to cook 
step 

g 990 Assumption 

 No = Cm 
Spore levels on 

spiced meat prior to 
cook step 

spores/g 
[(Cs x ms)+(Cp x mp)]/  

(ms + mp) 
Model 

calculation 

2.) Cooling/Hot 
Holding 

Following 
Cooking Step 

Gc 

Growth of 
vegetative cells 

during 
cooling/stabilization 

log10 CFU/g 

 
Profile 1 (pH 5.3-6.2): 

Triangular(0,0.045,0.29) 
 

Profile 2 (pH 5.3-6.2):  
Triangular(0,0.23,1.36) 

 
Profile 3 (pH 5.3-6.2): 

Triangular(0,0.21,1.22) 
 

Profile 1 (pH 6.3-6.9): 
Uniform(0,0.33) 

 
Profile 2 (pH 6.3-6.9):  

Uniform(0.01,1.47) 
 

Profile 3 (pH 6.3-6.9): 
Uniform(0.01,1.33) 

 

Combase 
Perfringens 
Predictor

1 

 
 
 

 
Fg 

 
Fraction of spores 

that germinate 
during cook step 

 
No units 

 
1.0 

 
Assumption 

 pH pH No units 5.3 to 6.9 FDA 2009c 
 aw Water activity No units 0.977 to 0.989 FDA 2009c 

 N 

Vegetative cell 
levels on cooked 
meat  following 

cooling 

log10CFU/g (Fg x Cm)10 
G

c
 Model 

Calculation 

3.) Consumption 
(Final Level of    

Contamination) 
Sm 

Amount consumed 
in one single 

serving 
g Uniform(100,200) Assumption 

 Dc 
Exposure dose of 

Clostridium 
CFU N x Sm 

Model 
Calculation 
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Notes: 
1 - Perfringens Predictor is a freely available Combase model used to predict the growth of Clostridium 
perfringens during cooling. URL: http://modelling.combase.cc/Login.aspx 
2 – Includes data for red meat and poultry.  
3 – Each prevalence estimate for different sources of contamination was utilized with its respective level 
of contamination to obtain an estimate of public health impact. 
 
 
 
 
 
 
 
 
 
 

perfringens from 
consumption of 

single serving 
4.) Risk 

Predictions/ 
Public Health 

Impact 

k 
Exponential model 

parameter 
No units k=3.58x10

-10 Crouch & 
Golden 2005 

 Pi 

Probability of illness 
upon consumption 
of a single serving 

No units 

 

1 – e
(-kD

c
) 

 

Model 
Calculation 

 Ls 

Probability of CPE 
spore 

contamination in 
spices 

No units 
Beta(5, 110) Aguilera et 

al. 2005 

 Lm 

Probability of CPE 
spore 

contamination in 
raw meat 

No units 
Beta(4, 883) 

Wen & 
McClane 

2004 

 Lc 

Probability that 
spiced cooked meat 

samples contain 
Type A 

enterotoxigenic 
spores

3 

No units 
Ls + Lm +  (Ls x Lm) Model 

Calculation 

 mc 

Mass of cooked 
meat consumed per 

annum
2 

kg/year/person 
62.7 

USDA 2009a 

 Ns 

Frequency of 
consumption of 

food product 
servings/year/person 

mc /Sm Model 
Calculation 

 Sp 

Size of population 
(Canadian 

population used in 
modeling) 

persons 
34,018,957 Statistics 

Canada, 2010 

 Ps 
Probability of illness 

over all servings 
unit less 

[1 – (1 – Pi)
N

s] x Lc Model 
Calculation 

 Ip 

Estimated number 
of illnesses for  

population 
Illnesses /year 

Sp x Ps Model 
Calculation 

http://modelling.combase.cc/Login.aspx
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Appendix H: 
Net Growth Estimates for Clostridium Perfringens in Cooked Meats Using Combase 
Perfringens Predictor1 

 

Total Cooling 
Time (hr) 

Cooling Time 
From 54.4 to 
26.7°C (hr)

4 

 

Cooling Time 
From 26.7 to 
12.2°C (hr)

4 

 

pH 
Water 

Activity 
NaCl 
(%) 

Perfringens 
Predictor Net 

Growth 
(log10CFU/g) 

Data Source 

12 3.25 4.4 6.9 0.989 2.0 1.47 Nolan 1987
2 

12 3.25 4.4 6.8 0.989 2.0 1.47 Nolan 1987 
12 3.25 4.4 6.6 0.989 2.0 1.47 Nolan 1987 
12 3.25 4.4 6.4 0.989 2.0 1.47 Nolan 1987 
12 3.25 4.4 6.3 0.989 2.0 1.47 Nolan 1987 
12 3.25 4.4 6.2 0.989 2.0 1.36 Nolan 1987 
12 3.25 4.4 6.0 0.989 2.0 0.92 Nolan 1987 
12 3.25 4.4 5.8 0.989 2.0 0.54 Nolan 1987 
12 3.25 4.4 5.6 0.989 2.0 0.27 Nolan 1987 
12 3.25 4.4 5.4 0.989 2.0 0.11 Nolan 1987 
12 3.25 4.4 5.3 0.989 2.0 0.07 Nolan 1987 
12 3.25 4.4 6.9 0.983 3.0 0.45 Nolan 1987 
12 3.25 4.4 6.8 0.983 3.0 0.45 Nolan 1987 
12 3.25 4.4 6.6 0.983 3.0 0.45 Nolan 1987 
12 3.25 4.4 6.4 0.983 3.0 0.45 Nolan 1987 
12 3.25 4.4 6.3 0.983 3.0 0.45 Nolan 1987 
12 3.25 4.4 6.2 0.983 3.0 0.36 Nolan 1987 
12 3.25 4.4 6.0 0.983 3.0 0.24 Nolan 1987 
12 3.25 4.4 5.8 0.983 3.0 0.14 Nolan 1987 
12 3.25 4.4 5.6 0.983 3.0 0.07 Nolan 1987 
12 3.25 4.4 5.4 0.983 3.0 0.03 Nolan 1987 
12 3.25 4.4 5.3 0.983 3.0 0.02 Nolan 1987 
12 3.25 4.4 6.9 0.977 4.0 0.01 Nolan 1987 
12 3.25 4.4 6.8 0.977 4.0 0.01 Nolan 1987 
12 3.25 4.4 6.6 0.977 4.0 0.01 Nolan 1987 
12 3.25 4.4 6.4 0.977 4.0 0.01 Nolan 1987 
12 3.25 4.4 6.3 0.977 4.0 0.01 Nolan 1987 
12 3.25 4.4 6.2 0.977 4.0 0.01 Nolan 1987 
12 3.25 4.4 6.0 0.977 4.0 0.01 Nolan 1987 
12 3.25 4.4 5.8 0.977 4.0 0.01 Nolan 1987 
12 3.25 4.4 5.6 0.977 4.0 0.00 Nolan 1987 
12 3.25 4.4 5.4 0.977 4.0 0.00 Nolan 1987 
12 3.25 4.4 5.3 0.977 4.0 0.00 Nolan 1987 
12 3 2.75 6.9 0.989 2.0 1.33 Nolan 1987

3 
12 3 2.75 6.8 0.989 2.0 1.33 Nolan 1987 
12 3 2.75 6.6 0.989 2.0 1.33 Nolan 1987 
12 3 2.75 6.4 0.989 2.0 1.33 Nolan 1987 
12 3 2.75 6.3 0.989 2.0 1.33 Nolan 1987 
12 3 2.75 6.2 0.989 2.0 1.22 Nolan 1987 
12 3 2.75 6.0 0.989 2.0 0.82 Nolan 1987 
12 3 2.75 5.8 0.989 2.0 0.47 Nolan 1987 
12 3 2.75 5.6 0.989 2.0 0.23 Nolan 1987 
12 3 2.75 5.4 0.989 2.0 0.10 Nolan 1987 
12 3 2.75 5.3 0.989 2.0 0.06 Nolan 1987 
12 3 2.75 6.9 0.983 3.0 0.39 Nolan 1987 
12 3 2.75 6.8 0.983 3.0 0.39 Nolan 1987 
12 3 2.75 6.6 0.983 3.0 0.39 Nolan 1987 
12 3 2.75 6.4 0.983 3.0 0.39 Nolan 1987 
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12 3 2.75 6.3 0.983 3.0 0.39 Nolan 1987 
12 3 2.75 6.2 0.983 3.0 0.35 Nolan 1987 
12 3 2.75 6.0 0.983 3.0 0.21 Nolan 1987 
12 3 2.75 5.8 0.983 3.0 0.12 Nolan 1987 
12 3 2.75 5.6 0.983 3.0 0.06 Nolan 1987 
12 3 2.75 5.4 0.983 3.0 0.03 Nolan 1987 
12 3 2.75 5.3 0.983 3.0 0.02 Nolan 1987 
12 3 2.75 6.9 0.977 4.0 0.01 Nolan 1987 
12 3 2.75 6.8 0.977 4.0 0.01 Nolan 1987 
12 3 2.75 6.6 0.977 4.0 0.01 Nolan 1987 
12 3 2.75 6.4 0.977 4.0 0.01 Nolan 1987 
12 3 2.75 6.3 0.977 4.0 0.01 Nolan 1987 
12 3 2.75 6.2 0.977 4.0 0.01 Nolan 1987 
12 3 2.75 6.0 0.977 4.0 0.01 Nolan 1987 
12 3 2.75 5.8 0.977 4.0 0.01 Nolan 1987 
12 3 2.75 5.6 0.977 4.0 0.00 Nolan 1987 
12 3 2.75 5.4 0.977 4.0 0.00 Nolan 1987 
12 3 2.75 5.3 0.977 4.0 0.00 Nolan 1987 
6.5 1.5 3.25 6.9 0.989 2.0 0.33 USDA-FSIS 2001

 

6.5 1.5 3.25 6.8 0.989 2.0 0.33 USDA-FSIS 2001 
6.5 1.5 3.25 6.6 0.989 2.0 0.33 USDA-FSIS 2001

 

6.5 1.5 3.25 6.4 0.989 2.0 0.33 USDA-FSIS 2001
 

6.5 1.5 3.25 6.3 0.989 2.0 0.33 USDA-FSIS 2001
 

6.5 1.5 3.25 6.2 0.989 2.0 0.29 USDA-FSIS 2001 
6.5 1.5 3.25 6.0 0.989 2.0 0.18 USDA-FSIS 2001

 

6.5 1.5 3.25 5.8 0.989 2.0 0.10 USDA-FSIS 2001 
6.5 1.5 3.25 5.6 0.989 2.0 0.05 USDA-FSIS 2001

 

6.5 1.5 3.25 5.4 0.989 2.0 0.03 USDA-FSIS 2001 
6.5 1.5 3.25 5.3 0.989 2.0 0.02 USDA-FSIS 2001

 

6.5 1.5 3.25 6.9 0.983 3.0 0.08 USDA-FSIS 2001 
6.5 1.5 3.25 6.8 0.983 3.0 0.08 USDA-FSIS 2001

 

6.5 1.5 3.25 6.6 0.983 3.0 0.08 USDA-FSIS 2001 
6.5 1.5 3.25 6.4 0.983 3.0 0.08 USDA-FSIS 2001

 

6.5 1.5 3.25 6.3 0.983 3.0 0.08 USDA-FSIS 2001
 

6.5 1.5 3.25 6.2 0.983 3.0 0.08 USDA-FSIS 2001 
6.5 1.5 3.25 6.0 0.983 3.0 0.05 USDA-FSIS 2001

 

6.5 1.5 3.25 5.8 0.983 3.0 0.03 USDA-FSIS 2001
 

6.5 1.5 3.25 5.6 0.983 3.0 0.02 USDA-FSIS 2001 
6.5 1.5 3.25 5.4 0.983 3.0 0.01 USDA-FSIS 2001

 

6.5 1.5 3.25 5.3 0.983 3.0 0.01 USDA-FSIS 2001 
6.5 1.5 3.25 6.9 0.977 4.0 0.00 USDA-FSIS 2001

 

6.5 1.5 3.25 6.8 0.977 4.0 0.00 USDA-FSIS 2001 
6.5 1.5 3.25 6.6 0.977 4.0 0.00 USDA-FSIS 2001

 

6.5 1.5 3.25 6.4 0.977 4.0 0.00 USDA-FSIS 2001 
6.5 1.5 3.25 6.3 0.977 4.0 0.00 USDA-FSIS 2001 
6.5 1.5 3.25 6.2 0.977 4.0 0.00 USDA-FSIS 2001

 

6.5 1.5 3.25 6.0 0.977 4.0 0.00 USDA-FSIS 2001 
6.5 1.5 3.25 5.8 0.977 4.0 0.00 USDA-FSIS 2001

 

6.5 1.5 3.25 5.6 0.977 4.0 0.00 USDA-FSIS 2001 
6.5 1.5 3.25 5.4 0.977 4.0 0.00 USDA-FSIS 2001

 

6.5 1.5 3.25 5.3 0.977 4.0 0.00 USDA-FSIS 2001 
Notes: 
1- Perfringens Predictor is a freely available online Combase model used to predict the growth of Clostridium perfringens 
during cooling. 
2 - Data is for cooling of 8.9 kg roast in cold air at 0°C.  Air velocity of 4.9 m/s. 
3 – Data is for cooling of 9.07 kg roast in cold water at 0°C.  Water circulation of 0.15-0.3 m/s. 
4 – 12.2 and 54.4°C are the theoretical minimum and maximum temperatures at which Clostridium perfringens will exhibit 
growth (Le Marc et al. 2008). 
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Appendix I: 

Screen Shots of Case Study 2 Analytica Model 
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Appendix J: 
 

Best Practices for Risk Assessment and Assigning Input Variables                               
Source: Haas 1999 
 
Good Risk Assessment Principles 
 
1.) Show all formulas used to compute exposure, potencies, and endpoints, either in the 
text, as spreadsheets, or in appendices to a report. 
 
2.) Calculate both point estimates as well as interval (Monte Carlo) estimates.  Point 
estimation is a desirable first step. 
 
3.) Conduct sensitivity analysis of the point estimates to ascertain the most significant 
inputs to consider in the Monte Carlo steps. 
 
4.) Restrict application of Monte Carlo techniques to the most important pathways, 
routes of exposure, and endpoints (most important to potential risk managers). 
 
5.) Document input distributions with respect to means, medians, minimum, and 
maximum (for truncated distributions), and 95th percentiles.  Justify selection of 
distribution either from data, expert judgement, or mechanistic considerations. 
 
6.) Document the contribution and the extent of variability and uncertainty to inputs to 
individual distributions and their parameters. 
 
7.) When possible, use actual data to select distributional forms and their parameters. 
 
8.) Document goodness-of-fit statistics used to obtain parameters for input distribution. 
 
9.) Discuss the presence or absence of moderate-to-strong correlations (rank correlation 
absolute value in excess of 0.6) and the potential impact on computed results. 
 
10.) Provide detailed information in graphical and numerical form for all output 
distributions. 
 
11.) Perform probabilistic sensitivity analyses of Monte Carlo results. 
 
12.) Document numerical stability of the output risk distribution with respect to the 
number of trials used in the simulation. 
 
13.) Document the quality of the random number generator. 
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14.) Provide a qualitative discussion of limitations of the methods, biases, and potential 
factors not considered in the analysis. 
 
Assigning Input Distributions for Monte Carlo Simulation 
 
1.) Will the variable have an important influence on the model outcome? If not, it is not 
necessary to assign an uncertain input distribution. 
 
2.) Is there a common distribution which is typically assigned for the input variable? 
 
3.) If not, are there theoretical reasons for assigning a specific distribution to the input 
variable? 
 
4.) If not, are the data adequate to conduct a goodness-of-fit test? 
 
5.) If not, do appropriate surrogates exist? If yes, repeat steps 2 through 4.   
 
6.) If not, do data exist for addressing components of the variable? If yes, repeat steps 2 
through 4. 
  
7.) If not, consult expert opinion. 
 


