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Abstract: Globally, zoonotic diseases have been on the rise in recent years. Predictive modelling 1

approaches have been successfully used in the literature to identify the underlying causes of these 2

zoonotic diseases. We examine the latest research in the field of predictive modeling that verifies 3

the growth of zoonotic pathogens and assesses the factors associated with their spread. The results 4

of our survey indicate that popular mathematical models can successfully be used in modeling the 5

growth rate of these pathogens under varying storage temperatures. Additionally, some of them are 6

used for the assessment of the inactivation of these pathogens based on various conditions. Based on 7

the results of our study, machine learning models and deep learning are commonly used to detect 8

pathogens within food items and to predict the factors associated with the presence of the pathogens. 9

Keywords: zoonotic pathogens; mathematical algorithms; machine learning; deep learning 10

1. Introduction 11

Bacterial, viral, parasitic or chemical contaminants are responsible for over 200 dis- 12

eases, ranging from diarrhea to cancer (World Health Organization, 2022). According to 13

World Health Organization (2015) report, foodborne diarrheal disease agents - primarily 14

non-typhoidal Salmonella enterica (NTS) and enteropathogenic Escherichia coli (EPEC) - have 15

caused a total of 18 million disability-adjusted life years (DALYs) worldwide. In the United 16

States, 13,352 outbreaks of foodborne diseases caused 271,974 illnesses between 1998 and 17

2008 (Centers for Disease Control and Prevention, 2013). Between 2015 and 2020, outbreaks 18

of foodborne diseases led to 82,811 illnesses, 6,093 hospitalizations, and 121 deaths Centers 19

for Disease Control and Prevention (2020). According to Dewey-Mattia et al. (2018), Listeria, 20

Salmonella, and Shiga toxin-producing Escherichia coli (STEC) account for the majority of 21

hospitalizations and deaths associated with foodborne disease outbreaks between 2009 22

to 2015. In the European Union (27 member states), 3,086 outbreaks of foodborne disease 23

led to 20,017 human cases, 1,675 hospitalizations, and 34 deaths (European Food Safety 24

Authority and European Centre for Disease Prevention and Control, 2021). The majority of 25

outbreaks are caused by bacteria, followed by bacterial toxins, viruses, and parasites. 26

In recent years, Artificial Intelligence models have proven valuable in studying 27

zoonotic pathogens and their growth factors that pose a threat to global health (Carl- 28

son et al., 2021). Mathematical algorithms are widely used to develop predictive models 29

for kinetic processes such as bacterial growth, survival, and inactivation (Schiraldi and 30

Foschino 2022, Adamczewski et al. 2022, Herron 2022). A modified Gompertz (Zwietering 31

et al., 1990) model, and the Baranyi and Roberts model (Baranyi and Roberts, 1994) are 32

frequently used for analyzing the growth dynamics of bacteria in animals (Lanzl et al. 2020, 33

Medvedova et al. 2021, Xiao et al. 2021, Guo et al. 2021). Logistic Regression (Cox, 1958) and 34

Random Forest (Ho, 1995) algorithms are widely used for learning about zoonotic diseases 35

and their transmission (Ntampaka et al. 2021, Kiambi et al. 2020, Acharya et al. 2019). The 36

effectiveness of artificial neural networks in modeling zoonotic diseases and their causes 37
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have also been demonstrated in a number of studies (Boleratz and Oscar 2022, ZareBidaki 38

et al. 2022, Denholm et al. 2020). 39

This review is an overview of the predictive models (since 2015) employed to study 40

zoonotic food-borne pathogens. The review includes studies concerning pathogens and 41

their relationships with package conditions, storage temperatures, food matrix, and so 42

on. The literature review is based on UNEP and ILRI report (2020) and Dewey-Mattia 43

et al. (2018) study of the recent popular causes of disease in the United States. As most 44

previous studies have focused either on pathogens (Gaythorpe et al. 2018, Pexara and 45

Govaris 2020) or animal models (de Souza et al., 2022), we provide a summary of the 46

modelling approaches that have been used for zoonotic diseases, pathogens, and the food 47

categories associated with them. The scope of this study excludes the evolution and recent 48

advancements in MRA methodologies (Joshi et al., 2022), studies that utilize human or 49

plant based samples (Buccioni et al., 2022), or the effects of vaccination (Seekatz et al., 2013). 50

The manuscript is organized as follows: Section 2 introduces some fundamental 51

mathematical and machine learning concepts that are discussed in this paper. This survey’s 52

methodology and material are described in Section 3. In section 4, we examine studies 53

utilizing mathematical and machine learning models to determine the etiology of a variety 54

of diseases. In Section 5, the algorithms included in this manuscript are briefly summarized. 55

Conclusions are offered in Section 6. 56

2. Background 57

2.1. Growth and Predictive Microbiology 58

The growth of microorganisms in foods goes through four phases: the lag phase in 59

which microorganisms adjust to their surroundings, the log or exponential phase in which 60

the population of microorganisms grows exponentially over time, the stationary phase in 61

which the population stabilizes, and finally, the decline phase. 62

Predictive microbiology focuses on the growth dynamics of pathogenic microorgan- 63

isms in food under a variety of environmental conditions. The objective is to determine 64

the number of microorganisms in food at any given point in time in order to determine 65

the minimum acceptable quality, to determine if the food is safe for consumption, or what 66

treatment can be applied to inactivate the microorganisms. Microbiological laboratory 67

testing is a time consuming process and is not suitable for making quick decisions in 68

real time. In other words, predictive microbiology is beneficial for ensuring food safety, 69

controlling risk, and predicting the shelf life of microorganisms. 70

Generally, predictive modelling is divided into two phases: primary and secondary. 71

Primary models determine the isothermal growth rate, or isothermal survival rate, as a 72

function of time. Secondary models determine the effects of temperature on the growth rate 73

or survival rate. To understand microorganism growth, the primary focus is on determining 74

the lag time, how fast the organism can grow, and the maximum cell densities. Inactivation 75

learning, on the other hand, is concerned with determining how quickly microorganisms 76

die off. 77

2.2. Mathematical Models 78

Mathematical models of population growth dynamics provide a firm basis for scientific 79

understanding, making decisions based on the rate of growth, and testing the effect of 80

changes to the system. Mathematical models are especially useful in scenarios where factors 81

affecting growth can be modeled with a small number of parameters. Widely used primary 82

models include the Baranyi and Roberts model, the Huang model, the reparamerized 83

Gompertz model, and the Weibull model. Secondary models like the Ratkowsky square 84

root model, the Huang square root model and the Arrhenius type model are frequently 85

used in conjunction with primary models. 86

A brief summary of such models are as follows (Lihan Huang 2014, Lihan Huang 87

2017): 88
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• Baranyi Model (Baranyi and Roberts 1994) is expressed as

Yt = Y0 + µmaxt + ln(e−µmaxt + e−h0)− e−µmaxt−h0

where Y0, Yt, Ymax are bacterial population at times 0, t, and maximum, µmax is the 89

specific growth rate, and h0 is the physiological state of the microorganism. 90

• Modified Gompertz Model (Zwietering et al. 1990) is expressed as

Yt = Y0 + (Ymax − Y0)exp{−exp[
Ymaxe

Ymax − Y0
(λ − t) + 1]}

where λ is the lag phase duration. 91

• Ratkowsky square-root model (Ratkowsky et al. 1982) is represented as

√
µ = a(T − T0)

where µ is the specific growth rate, and ‘a’ is a coefficient, T is the temperature, and T0 92

is the nominal minimum temperature. 93

• Nonlinear Weibull- Mafart model (Mafart et al. 2002) is expressed as

log(N)− log(N0) = Y0 − (
t
D
)K

where log(N) is the real time bacterial count, log(N0) is the initial bacterial count, and 94

‘D’ is the temperature condition. 95

2.3. Artificial Intelligence Models 96

In the real world, a small number of parameters are seldom sufficient. Models based 97

on artificial intelligence are especially useful for predicting a wide range of outcomes of 98

interest based on practically any number of parameters, as long as sufficient observations 99

are available to construct such models. Machine learning approaches can be broadly 100

classified into unsupervised approaches for clustering unlabeled data sets, and supervised 101

algorithms for labeled datasets. More recently, with reduced cost of computation, it has 102

been more useful to categorize them in to traditional machine learning algorithms, which 103

are useful for numerical and category-based inputs, and computationally intensive deep 104

learning algorithms, that can be applied to a wider range of input types, including images 105

and audio. 106

A brief description of traditional machine learning algorithms widely used in the 107

literature are as follows. 108

• K-Nearest Neighbours (K-NN): A KNN classifier is a non-parametric classifier that 109

uses proximity to determine whether or not an individual data point belongs to a 110

particular group. The nearest neighbors determine the class label by majority vote. 111

• Logistic Regression: It is a parametric, supervised algorithm that uses a logistic
(sigmoid) function to model independent variables, viz.,

Y =
1

1 + e−WX

where Y is the dependant variable, WX is the linear combination of independent 112

variables X and weights W. 113

• Random Forest (RT): A random forest is an ensemble learning technique that con- 114

structs an output class through a majority voting approach from a multitude of 115

decision trees. 116

• Naive Bayes (NB): A Naive Bayes classifier is a probabilistic classifier that is based on 117

Bayes’ theorem and assumes that features are independent of one another. 118
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• Support Vector Machine (SVM): Support vector machines are supervised classifica- 119

tion algorithms that produce a hyperplane (decision boundary) that separates inputs 120

into different categories. 121

• eXtreme Gradient Boosting (XGBoost): It is an ensemble-based boosting approach 122

that consists of multiple decision trees that run sequentially and are aimed at minimiz- 123

ing the error from the previous model. 124

The following is a brief description of deep learning models: 125

• Artificial Neural Network: Neuron networks are composed of layers of neurons that 126

are processed in a forward direction. This method is intended to identify underlying 127

relationships in a set of data. The system comprises three layers: the input layer that 128

accepts the input, the hidden layer that consists of neurons that process based on an 129

activation function, and the output layer that produces the output. 130

• Recurrent neural network (RNN): RNNs are a type of artificial neural network used 131

to address ordinal or temporal problems. Their distinct characteristic is their ability to 132

draw on information from previous inputs to influence current inputs and outputs. 133

• Long Short Term Memory network (LSTM): LSTMs are a special class of RNN with 134

the ability to learn long-term relationships. 135

3. Materials and Methods 136

An extensive literature review was conducted in accordance with PRISMA guidelines 137

in order to identify all available publications related to predictive modelling for foodborne 138

diseases published between 2015 and 2022. Database searched in this study include 139

PubMed, Google Scholar, ACM, IEEE Xplore, ScienceDirect, and BMC using three search 140

strings given below. The search string identifies all predictive modelling studies that have 141

been conducted with specified bacterium. Specifically, string 2 is intended to search for 142

animal-based predictive models related to bacterium. String 3 identifies all studies related 143

to specific predictive algorithms and a bacterium. 144

String 1: TITLE (bacterium name) AND TITLE (PREDICTIVE) AND TITLE (MOD- 145

ELLING) 146

String 2: TITLE (bacterium name) AND TITLE (ANIMAL OR MILK OR POULTRY 147

OR CHEESE) AND TITLE (PREDICTIVE OR MATHEMATICAL) 148

String 3: TITLE (bacterium name) AND TITLE (BARANYI OR LOGISTIC REGRES- 149

SION OR SVM OR LINEAR REGRESSION) 150

Of the 638 publications, 271 papers were excluded on the basis of their title, 34 papers 151

were excluded after reading their abstracts, and 183 papers were excluded after reading the 152

methodologies. Exclusions were made for studies that used human or water samples. In 153

particular, we excluded all studies that were not animal or zoonotic based. Lastly, eligible 154

studies focusing on predictive modeling analysis of zoonotic foodborne diseases were 155

included in this review ( Figure 1). 156
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Figure 1. A flowchart illustrating how studies were selected for inclusion in this review based on
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA).

4. Literature Review 157

This section provides a brief overview of zoonotic pathogen-based studies and their 158

references. We review the studies based on bacterium (section 4.1), parasites (section 4.2), 159

and virus (section 4.3). A summary of the literature review on bacterial and parasitic 160

pathogens is provided in table 1. 161
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Table 1. Etiology, Data source, and Reference

Etiology
Data source

Reference
Animal Other

Salmonella

chicken liver Dourou et al. 2021

eggs Park et al. 2020

liquid egg whites Kang et al. 2021

scrambled egg mix Li et al. 2017

poultry farms Hwang et al. 2020

Escherichia coli human stool, cattle feces Lupindu et al. 2015

poultry farms Xu et al. 2022

Escherichia coli, Shiga toxinproducing beef Amado et al. 2019

Campylobacter
poultry farms Xu et al. 2021

chicken, cattle,
sheep, and wild birds Arning et al. 2021

meats, aquatic foods, eggs Song et al. 2017

Clostridium perfringens
chicken Sadeghi et al. 2015

cooked ground pork Juneja et al. 2021c

Clostridium botulinum
cooked pork Juneja et al. 2022 Juneja et al. 2021b

poultry meat Juneja et al. 2021a

Staphylococcus aureus

beef Amado et al. 2019

beef Yu et al. 2020

eggs Park et al. 2020

cooked chicken Hu et al. 2018

chicken salad Jafarpour et al. 2022

Staphylococcus spp.
swine farms Mencía-Ares et al. 2021

canine Qekwana et al. 2017, Conner et al. 2018

Shigella**
beef Chai et al. 2016

chicken salad Jafarpour et al. 2022

Listeria monocytogenes
Mediterranean fish Costa et al. 2019, Bolívar et al. 2018

dairy, meat, poultry, seafood Tanui et al. 2022

dairy farm Pang et al. 2017

Bacillus cereus
ready-to-eat boiled beef Zhang et al. 2022

dairy, meat Ellouze et al. 2021

Vibrio parahaemolyticus oyster Ndraha et al. 2021, Liao et al. 2017

Vibrio vulnificus
Vibrio cholerae

oyster Ha et al. 2020a

Raw whip-arm octopus Oh et al. 2021

sea squirts Ha et al. 2020b

Vibrio vulnificus oyster Serment-Moreno et al. 2015

Vibrio alginolyticus

briny tilapia, shrimp, scallops

oysters, pork, chicken

freshwater fish, egg fried rice

Wang et al. 2021

Yersinia enterocolitica
mouse Geißert et al. 2022

milk from cows and goats Bursová et al. 2017

Camembert-type cheese Kowalik and Lobacz 2015

blue cheese Zadernowska et al. 2015

Aeromonas hydrophila
chicken breasts Yang et al. 2016

raw tuna Kim et al. 2022, Kim et al. 2021

nigiri sushi or salmon Hoel et al. 2018

sardines Bulat et al. 2020

Coxiella burnetti

dairy cattle herds Pandit et al. 2016

European rabbits González-Barrio et al. 2015a

dairy cow sheds Boroduske et al. 2017

cattle herds Proboste et al. 2021

sheep and goats Valiakos et al. 2017

red deer González-Barrio et al. 2015b

Enterococcus faecalis cow’s milk Ghalouni et al. 2018
Enterococcus faecalis
E. faecium, E. hirae
E. durans

raw milk
pasturized milk McAuley et al. 2015

Bovine tuberculosis
cow Denholm et al. 2020

cattle herd Romero et al. 2020 Romero et al. 2021

Brucellosis animal stock Shen et al. 2022

Bacillus anthracis
animal density Assefa et al. 2020

elephant livestock Walsh et al. 2019

Cryptosporidium
cattle and sheep feces Ligda et al. 2020

calf neonates Delafosse et al. 2015

Giardia cattle and sheep feces Ligda et al. 2020

Trichinella Trichinella
pine martens Kirjušina et al. 2016

pigs
wild boars Franssen et al. 2017

African Trypanosomiasis Bishop et al. 2021

Chagas disease Eberhard et al. 2021
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4.1. Bacterial Pathogens 162

Campylobacter: According to CDC, Campylobacter causes approximately 1.5 mil- 163

lion illnesses a year (Centers for Disease Control and Prevention, 2020). Infection with 164

Campylobacter can result in gastroenteritis, diarrhea, and sequelae such as Guillain-Barre 165

syndrome. In order to predict Campylobacter prevalence on pastured poultry farms, Xu et al. 166

(2021) developed a random forest predictive model that used farm practices and processing 167

variables to identify variables that can reduce the prevalence of Campylobacter on pastured 168

poultry farms. 169

Medical management has seen the benefits of deep learning in the prediction of mor- 170

bidity. Song et al. (2017) developed a deep denoising autoencoder to discover relationship 171

between the gastrointestinal diseases and the contaminants. Data was collected from four 172

counties in China that included meat, aquatic foods, and eggs. Despite incomplete and 173

imperfect information, their analysis showed that deep learning approaches are effective 174

for building predictive models to detect diseases. Their neural network architectures were 175

found to be effective in finding the source of Campylobacteriosis, a foodborne illness caused 176

by Campylobacter jejuni. 177

In Arning et al. (2021), popular neural networks such as the recurrent neural network 178

and the long short-term memory network have been used effectively to determine the 179

source of transmission of Campylobacteriosis from a variety of food sources such as chicken, 180

cattle, sheep, and wild birds. They concluded that tree-based ensemble methods for 181

machine learning classification using bacterial genomic data are useful for determining the 182

source of human Campylobacteriosis. 183

Listeriosis: The CDC estimates that 1,600 people contract Listeriosis each year, and 184

approximately 260 of them die from the disease (https://www.cdc.gov/listeria/index. 185

html). Immunocompromised individuals and pregnant women and their newborns are 186

susceptible to infection. Using the core genomes of L. monocytogenes, Tanui et al. (2022) 187

proposed machine learning models to attribute sources of human Listeriosis. The isolates 188

from dairy, fruits, leafy greens, meat, poultry, seafood, and vegetables were analyzed 189

to identify the source of the disease. The authors employed supervised classification 190

algorithms, including the random forest algorithm, the support vector machine radial kernel 191

algorithm, the stochastic gradient boosting algorithm, and the logistic boost algorithm in 192

their study. Their analysis found that 17.5% of human clinical cases were caused by dairy 193

products, 32.5% by fruits, 14.3% by leafy greens, 9.7% by meat, 4.6% by poultry, and 18.8% 194

by vegetables. Furthermore, they demonstrated that genomic data combined with machine 195

learning-based models can greatly enhance the ability to track L. monocytogenes. 196

The Baranyi model is found to be effective in detecting L. monocytogenes in Mediter- 197

ranean fish species when packaged under different atmospheric conditions (Costa et al. 198

2019, Bolívar et al. 2018)). Pang et al. (2017) used logistic regression and random forest to 199

analyze the association between meteorological factors and Listeria spp.. in a mixed produce 200

and diary farm. This study collected fresh cow feces from a dairy barn, cow feed, cow 201

drinking water, and bird feces, and water from the lagoon. Temperature, precipitation, 202

and wind speed were included in the meteorological samples. According to their findings, 203

wind speed and precipitation have a significant role in the transmission of Listeria spp.. 204

Salmonella: Dourou et al. (2021) investigated the potential for combining Fourier- 205

transform infrared spectroscopy and machine learning algorithms in order to verify the 206

quality of meat and poultry. This study focused on Salmonella’s ability to survive and 207

proliferate during extended refrigerated storage, and provides valuable information since 208

there is limited research on chicken liver microbiological quality. They combined tree-based 209

ensemble methods with support vector regression (SVR) to estimate the microbial popu- 210

lations in chicken samples. A combination of Salmonella-inoculated and non-inoculated 211

chicken liver samples was used for food quality evaluation. Tree-based ensemble approach 212

is used to extract the critical features that best represent the samples, and SVR with radial 213

kernel function is used to estimate Salmonella levels. Overall, the results indicated that 214

Salmonella was capable of both surviving and growing at refrigeration temperatures. 215
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Salmonella enteritidis outbreaks that were reported in eleven U.S. states in October, 216

2018 listed shell eggs as a possible contributing factor (Centers for Disease Control and 217

Prevention, 2018). Based on Monte Carlo simulation, Park et al. (2020) developed a pre- 218

dictive model for Salmonella spp. and S. aureus growth in fresh eggs under isothermal and 219

non-isothermal conditions. However, it has been estimated that there is no likelihood 220

of infection from ready-to-eat egg products due to Salmonella spp. or S. aureus. Using 221

square root Ratkowsky et al. (1982) and Davey linear models, Kang et al. (2021) developed a 222

predictive model to detect Salmonella spp. growth in pasteurized liquid egg whites (LEW) as 223

a function of temperature. The researchers found that Salmonella spp. multiplied much more 224

rapidly in LEW than in egg white under certain refrigerating conditions. Li et al. (2017) 225

used a nonlinear baranyi model (Baranyi and Roberts, 1994) as the primary model and 226

a modified Ratkowsky model (Zwietering et al., 1991) as the secondary model to predict 227

Salmonella spp. growth in scrambled egg mix as a function of temperature changes at the 228

time of liquid egg processing. In their study, Salmonella spp. reached their maximum growth 229

at 47 °C temperature for scrambled egg mix. 230

A random forest-based predictive model was developed by Hwang et al. (2020) to 231

quantify the relationship between meteorological factors and the presence of Salmonella on 232

pastured poultry farms. According to their analysis, the soil model identified humidity as 233

the most significant meteorological variable associated with Salmonella prevalence, while 234

the feces model identified high wind gust speed and average temperature as the most 235

significant. 236

Escherichia Coli: In order to detect bacteria such as Escherichia Coli and Staphy- 237

lococcus Aureus in raw meat (beef), Amado et al. (2019) employed a variety of machine 238

learning algorithms (K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Ran- 239

dom Forest (RF), Naive Bayes Classifier (NB), and Artificial Neural Network (ANN))). The 240

dataset inputs were derived from the emitted gases of meat. The Random Forest predictive 241

model demonstrated the highest level of performance (more than 95% accuracy) in this 242

multi-classification task. 243

Efforts to understand the impact of livestock farming practices on the transmission of 244

zoonotic pathogens are always of interest to the health care sector. Using samples collected 245

from 100 household clusters that kept cattle in close proximity to humans, Lupindu et al. 246

(2015) studied the transmission of fecal microorganisms between cattle, humans, water and 247

soil inside and outside livestock farms, as well as the transfer from livestock farms to the 248

neighborhood. Ampicillin- and tetracycline-resistant Escherichia coli isolates were detected 249

using logistic regression analysis from cow feces, human stools, soil, and water samples. 250

Using such modeling provides a framework for improving livestock management practices 251

to reduce fecal pollution and the spread of pathogens from livestock manure to humans and 252

the environment. E. coli infections associated with foodborne pathogens like Campylobacter, 253

Salmonella, and Listeria were studied by Xu et al. (2022) in pastured poultry farms. For fecal, 254

soil, ceca and whole carcass rinse processing and chilling samples, a logistic regression 255

model was developed. In their analysis, the amount of E. coli in the soil was significantly 256

associated with the predicted presence of Salmonella, and the percentage of Campylobacter 257

in feces and ceca decreased as E. coli concentration increased. 258

Staphylococcus aureus: Another Gram-positive bacterium, Staphylococcus aureus, 259

can cause nausea, vomiting, shock and shallow breathing (Millette et al., 2007). In the 260

United States, S. aureus has been reported in beef and beef products, posing a threat to food 261

safety (Jackson et al., 2013). Yu et al. (2020) assessed the growth or survival characteristics of 262

S. aureus based on temperature, time, and packaging systems, and proposed statistical met- 263

rics for microbial risk assessment in beef. The researchers analyzed raw beef samples from 264

wrapped packages (WP), modified atmosphere packages (MAP), vacuum packages (VP), 265

and vacuum skin packages (VSP) to predict microbial growth based on the type of pack- 266

aging. They used two primary models (modified Gompertz model and re-parameterized 267

Gompertz survival model) and two secondary models (polynomial equation and Davey 268

model) in the study. Their predictive model is validated using three factors: bias factor 269
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(Bf), accuracy factor (Af), and RMSE. According to to their findings, the population of S. 270

aureus increased in wrapped packaging beef and modified atmosphere packaging beef at 271

10 °C, whereas it decreased in vacuum packaging beef and vacuum skin packaging beef. 272

To model the time to detect Staphylococcal enterotoxins produced by Staphylococcus aureus in 273

cooked chicken products, Hu et al. (2018) proposed linear polynomial regression analysis. 274

The high correlation coefficient of the regression equation indicated the validity of their 275

methodology. Their study concluded that temperature is the most significant environmen- 276

tal factor that influences the detection of S. enterotoxins. Staphylococcus aureus and Shigella 277

flexneri inactivation rates were evaluated in association with temperature variation when 278

Vitex pseudo-negundo extract (VE) is added to chicken salad (Jafarpour et al., 2022). A 279

Baranyi inactivation model showed that higher concentrations of VE markedly promoted 280

thermal inactivation of pathogens. This evaluation suggested that the predictive models 281

can be used to select the best heat treatment for reducing pathogens without adversely 282

affecting the quality of the product. 283

Shigella sonnei is an anaerobic, facultative, gram-negative pathogen that is commonly 284

found in water, vegetables, and meat. By using a modified Gompertz model, Chai et al. 285

(2016) examined Shigella sonnei in beef at different temperatures and predicted growth 286

characteristics from quantitative real-time polymerase chain reaction (qRT-PCR). Their 287

results indicated that as temperature increased, the lag time decreased and the maximum 288

growth rate of S. sonnei in beef increased. This study presented a promising method for 289

analyzing Shigella sonnei growth in food. 290

Bacillus cereus, a Gram-positive rod bacterium belonging to the prokaryotic group, is 291

an aerobic, facultative human pathogen. In animal feeds and human foods, Cinnamaldehyde 292

has demonstrated broad-spectrum antibacterial properties (Friedman, 2017). In Zhang 293

et al. (2022), Cinnamaldehyde was investigated for its effects on the growth and germination 294

of Bacillus cereus spores in boiled ready-to-eat ground beef. To predict the lag time and 295

maximum growth rate, the Huang model was used as the primary model, while Cubic 296

polynomial models were used as the secondary model. They used statistical measures such 297

as the coefficient of determination (R2), the accuracy factor , the bias factor , and RMSE to 298

evaluate the performance of the regressed model. In this study, Cinnamaldehyde was found 299

to be a useful antimicrobial agent in ready-to-eat boiled ground beef that inhibited the 300

germination and growth of Bacillus cereus. In another study, Ellouze et al. (2021) estimated 301

the growth of Bacillus cereus and the synthesis of cereulides in cereal-, dairy-, meat-, and 302

vegetable-based food matrices. Their experiments were conducted using the Baranyi model 303

as the primary model and the Ratkowsky model as the secondary model. Based on the 304

results of the study, both growth and toxin production were influenced by the food matrix 305

and the environment. 306

Clostridium botulinum: Using Baranyi model as a primary model and modified 307

Ratkowsky model as a secondary model, Juneja et al. (2021a) established a model of 308

Clostridium botulinum inactivation in poultry meat when subjected to temperature vari- 309

ation. The same models were used to analyze the growth rates of Clostridium botulinum 310

in cooked pork (Juneja et al. 2021b, Juneja et al. 2022). Juneja et al. (2021c) also developed 311

a quadratic polynomial model and a Baranyi model to predict Clostridium perfringens 312

growth in cooked ground pork supplemented with salt and sodium pyrophosphate at 313

different temperatures. By using vocalization, Sadeghi et al. (2015) proposed a neural net- 314

work method to detect and classify chickens infected with Clostridium perfringens. The five 315

most important and effective vocal features of the poultry were selected based on Fisher 316

Discriminate Analysis (FDA). It was then applied to detect signals and classify healthy and 317

unhealthy chickens using the neural network pattern recognition (NNPR) structure. 318

Vibrio spp. are facultative, Gram-negative bacteria that survive in marine environ- 319

ments (Tsai et al., 2009). Vibrio parahaemolyticus, Vibrio vulnificus, and Vibrio cholerae can 320

cause dehydration, shock, sepsis, and even death when it is consumed raw or improperly 321

heated (Gauthier 2015, Yan et al. 2019). Ha et al. (2020a) investigated that the likelihood of 322

foodborne illnesses with raw oysters contaminated with Vibrio vulnificus and Vibrio cholerae. 323
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The study analyzed Vibrio spp. growth bioaccumulation, and the concentration of bacteria 324

that can be ingested through the consumption of oysters. Risk assessment results indicated 325

that neither V. vulnificus nor V. cholerae were detected in the samples. Additionally, a dose 326

response model using the Beta-Poisson model has been developed to calculate the proba- 327

bility of food poisoning occurring based on the exposure dose to pathogenic bacteria. They 328

concluded that frequency of consumption is the most significant factor in the development 329

of foodborne illnesses. 330

Oh et al. (2021) examined the growth rate and risk of food-borne illnesses with V. 331

vulnificus and V. cholerae in South Korea from consumption of raw whip-arm octopus. To 332

predict maximum specific growth and lag phase duration at different storage temperatures, 333

the Baranyi model was used as the primary model and the polynomial model as the 334

secondary model. Root Mean Square Error (RMSE), bias factor, and accuracy factor were 335

used to measure the differences between predicted and observed values and parameters 336

were compared to a pairwise t-test at α = 0.05. In addition, a Beta-Poisson model was used to 337

estimate V. vulnificus and V. cholerae dose response. The results indicated that consumption 338

of raw whip-arm octopus in South Korea does not pose a high risk of infection with Vibrio 339

spp.. 340

Ha et al. (2020b) evaluated the risk of foodborne illness with V. vulnificus and V.cholerae 341

due to sea squirt consumption in South Korea. Beta-Poisson models were used to de- 342

velop dose response, and the results indicate that the risk of pathogenic Vibrio spp. in 343

sea squirt in South Korea is low. A curved, rod-shaped Gram-negative bacterium, Vibrio 344

parahaemolyticus, found in the marine environment, is transmitted through undercooked 345

seafood. Researchers have investigated the effect of oyster environmental parameters on 346

the concentration of Vibrio parahaemolyticus. 347

Ndraha et al. (2021) examined the effect of sea surface temperature (SST), precipitation 348

(Precp), wind speed (WS), wind gust (WS_gust), salinity (Sal), and acidity (pH) on Vibrio 349

parahaemolyticus using machine learning and statistical metrics. An extreme gradient boost- 350

ing machine learning algorithm (XGBoost) was used to build a prediction model for Vibrio 351

parahaemolyticus. According to the results obtained, XGBoost is capable of modeling the 352

pathogen in oysters and seawater, but not in sediments. As part of this study, partial depen- 353

dence plots (PDPs) were generated by SHapley Additive exPlanations (SHAP) (Lundberg 354

and Lee, 2017)1 methods to determine the relationship between environmental variables 355

and the level of V. parahaemolyticus. According to the relative importance variable analysis, 356

variations in SST influence the concentration of V. parahaemolyticus in oysters. 357

Liao et al. (2017) analysed the survival of V. parahaemolyticus in Eastern oysters under a 358

variety of temperature conditions. To determine the viability of V. parahaemolyticus, reverse 359

transcription-PCR (RT-PCR) assay are used as input for the Baranyi function model. In 360

another study, Wang et al. (2021) examined V. alginolyticus growth rate and hemolysin 361

production in briny tilapia, shrimp, scallops, oysters, pork, chicken, freshwater fish, and 362

egg fried rice. According to their analysis, the modified Gompertz model is a more effective 363

model for predicting the growth of V. alginolyticus in food than the logistic model. They 364

found that Vibrio growth was comparable in all food samples at the stationary phase while 365

hemolysin activity and hemolytic titers were higher in some non-seafoods, and that raw 366

and cooked foods did not differ in terms of growth or hemolytic activity. Upon analysis of 367

raw oyster consumption risk along the northern coast of the Gulf of Mexico between 1994 368

and 1995, Serment-Moreno et al. (2015) found that quantification variability of V. vulnificus 369

has a significant effect on the estimation of raw oyster consumption risk. To determine the 370

probability of developing septicemia based on the load of V. vulnificus, a Beta-Poisson model 371

was used. Monte Carlo analysis was performed with variables such as V. vulnificus counts at 372

harvest, ambient temperatures during transportation, meat weight per oyster, Beta-Poisson 373

model parameters, and high-pressure processing decimal reductions. According to their 374

findings, raw oyster sampling and V. vulnificus quantification methods should be rigorously 375

1 SHAP dependancy plot demonstrates how a single feature impacts the model’s output.
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evaluated prior to implementing treatment and handling recommendations based on a risk 376

analysis. 377

Antimicrobial resistance (AMR) is recognized as a global problem, but its magnitude 378

has not yet been fully quantified. To evaluate the antimicrobial resistance of Campylobacter, 379

Salmonella, and Staphylococcus, the most common zoonotic pathogens in pig populations, 380

Mencía-Ares et al. (2021) assessed antimicrobial use on swine farms. In this study, the 381

phenotypic resistance of Campylobacter spp., Staphylococcus spp., and Salmonella spp. isolates 382

recovered from intensive and organic/extensive Spanish swine farms was investigated. 383

Univariate mxed-effects logistic regression was used to assess the influence of production 384

system type, sample type, antimicrobial consumption on the occurrence of multidrug 385

resistant (MDR) phenotypes. Feces, slurry, and environmental variables were sampled for 386

Campylobacter, environmental, oral fluid for Staphylococcus, and feces, slurry, environmental, 387

oral fluid for Salmonella. Multivariate mixed effects analysis is applied to the predictor 388

variables with a p ≤ 10 in the likelihood ratio test (LRT) and is ranked using the Akaike 389

information criterion (AIC). The odds ratio (OR) is reported as the influence factor along 390

with its 95% confidence interval in the final model. This study demonstrated the link 391

between antimicrobial consumption and resistance and concluded that AMR development 392

in Campylobacter spp. and Staphylococcus spp. is influenced by the production system, with 393

antimicrobial usage as a major factor. 394

Qekwana et al. (2017) studied patterns and predictors of AMR among Staphylococcus 395

spp. isolates from clinical samples of canines submitted to the University of Pretoria 396

bacteriology laboratory for routine diagnostic evaluation between 2007 and 2012. The 397

dataset contained 334 confirmed Staphylococcus isolates, composed of S. aureus and S. 398

pseudointermedius, with variables such as the site of collection, breed, sex, age, and the 399

antimicrobial agent used for testing. They explored predictors of AMR in S.aureus (98% 400

isolates) and S. pseudintermedius (77%) using logistic regression models. Chi-square or 401

Fisher’s Exact tests are used to find associations between categorical variables. An analysis 402

of the trends in the proportion of samples resistant to each antimicrobial agent is performed 403

using the Cochran-Armitage trend tests. A binary logistic regression model is used as 404

an initial model to identify antimicrobial resistance predictors from variables such as 405

age, sex, breed. In the second step, a multivariate logistic regression is conducted using 406

variables that received a p-value less than 0.2 in the first step. Based on the Wald Chi- 407

Square Test, predictor variables with p-values less than 0.05 were considered statistically 408

significant. More than 50% of the S. aureus isolates tested in their study were resistant to 409

ampicillin, penicillin, lincospectin, and clindamycin. Similarly, more than half of the isolates of 410

S. pseudointermedius were resistant to both ampicillin and penicillin. 411

Conner et al. (2018) examined AMR predictors among Staphylococcus spp. isolated 412

from canine specimens submitted to the University of Kentucky Veterinary Diagnostic 413

Laboratory (UKVDL) between 1993 and 2009. In this study, 4,972 Staphylococcus isolates 414

were assessed with variables including the year, Staphylococcus spp., geographic region, 415

dog breed, age group, sex, and specimen source. Cochran-Armitage trend tests were used 416

to analyze the temporal trends for each antimicrobial. AMR and MDR were investigated 417

using logistic regression models. This study found 80 isolates of Staphylococcus spp. to be 418

resistant to 50% of the antimicrobials tested, while eight isolates were resistant to 75% of 419

the antimicrobials tested. 420

Yersinia, belonging to the family Enterobacteriaceae, is a Gram-negative, rod-shaped, 421

asporogenic facultative anaerobe. Yersinia enterocolitica (Ye) has been extensively investi- 422

gated in host pathogen interaction studies (Dave et al. 2016, Deuschle et al. 2016). Geißert 423

et al. (2022) examined the dynamics of bacterial population during gastrointestinal infection 424

in murine models of oral infection with Ye. Using a computational model based on ordinary 425

differential equations (ODE), analysis of scenarios where colonization resistance mediated 426

by the microbiome is lacking, or where the immune response is partially compromised, was 427

carried out. The ODE model with seven dimensions predicted Ye population dynamics and 428

optimized it using maximum log-likelihood. This study demonstrated how computational 429
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modeling can help understand infection course across a variety of host environments. 430

Identifying the microbiological risks associated with the production and distribution of 431

food is critical to determining its shelf life and health benefits. 432

Bursová et al. (2017) used Ye growth dynamics to assess at the impact of storage 433

conditions in pasteurized cow and goat milk. Based on the Baranyi-Roberts model, the 434

paper examined the effects of proper and improper storage conditions on inoculated milk 435

samples that were stored at 8°C and at 24°C for 14 days. This model predicted the time 436

required for Ye to reach a critical mass in order to cause yersiniosis in humans. Modeling 437

results indicated that, depending on the storage temperature, even low quantity of Ye can 438

multiply to an infectious dose within a short period of time. 439

Kowalik and Lobacz (2015) conducted an evaluation of the growth rate of Ye at tem- 440

peratures ranging from 3 to 15°C in Camembert-type cheese using mathematical models. 441

Camembert-type cheese stored at 3-15°C showed a significant increase in Ye, according 442

to the Baranyi and Gompertz model. This study summarized that the growth of Y. ente- 443

rocolitica to a high level in Camembert-type cheese poses a health risk. In a similar study, 444

Zadernowska et al. (2015) examined the possibility of Ye growing in blue cheese with and 445

without a probiotic (Lactobacillus acidophilus LA-5®) at 3, 6, 9, 12 and 15°C. To determine 446

whether there were significant differences, a one-way analysis of variance (ANOVA) and 447

Duncan’s multiple range test were performed. There was a systematic increase in cells at 448

lower temperatures, as opposed to the stationary and die-off phases at higher temperatures. 449

Study results showed that at every stage of the experiment, Ye cells were lower in the 450

presence of the probiotic in the blue cheese. 451

Aeromonas hydrophila is a Gram-negative, facultative anaerobe that can cause a 452

range of human infections, including gastrointestinal inflammation (on Microbiological 453

Specifications for Foods, 1996). Hoel et al. (2018) discussed the increased consumption of 454

ready-to-eat seafood and its food safety concerns regarding the presence of potentially 455

pathogenic Aeromonas spp. in stored raw seafood products. A predictive model for A. 456

hydrophila, however, was not sufficient to predict growth of nigiri sushi or salmon at 457

different temperatures. Using the Baranyi model and nonlinear regression analysis, Kim 458

et al. (2022) analyzed the function of A. hydrophila in raw tuna in relation to temperature. 459

Bulat et al. (2020) measures the differences between microbial load and bacterial shell life of 460

A. hydrophila with respect to storage of sardines at different temperatures , using a one-way 461

analysis of variance (ANOVA) to determine differences in daily measures. Sardines’ gills, 462

skin, meat, and intestines were analyzed using statistical prediction models to estimate 463

their shelf-life and quality. A post hoc Tukey test was used to determine whether there 464

were any differences between the groups. Using the Levene test, homogeneity of variance 465

was checked for dependent variables. A normal distribution was evaluated using the 466

Kolmogorov-Smirnov and Shapiro-Wilk tests. Whenever the assumption of normality 467

could not be achieved, Kruskal-Wallis and Mann-Whitney tests were used to determine 468

the differences between the group means. The Friedman S test was used for the sensory 469

analysis. According to their findings, sardines stored in the refrigerator had a longer shelf 470

life than those stored at the temperature used for seafood processing. The sardines stored 471

at the temperature used for seafood processing, however, contained higher microbial loads 472

than those stored in the refrigerator. Yang et al. (2016) used modified Gompertz equations 473

and nonlinear regression to model the growth rate of A. hydrophila as a function of changes 474

in cold temperature. Based on their evaluations, the models were found to be useful for 475

predicting the growth of A. hydrophila in chicken breasts. 476

Coxiella burnetii is an intracellular Gram-negative bacterium that causes Q fever in 477

humans (Reeves et al., 2017). Pandit et al. (2016) investigated the spread of C. burnetii across 478

dairy herds of dairy cattle and quantified the contribution of airborne transmission and 479

livestock exchange to pathogen spread.A Gaussian dispersion model with meteorological 480

data was used to model the airborne dispersion. A Poisson model with a null hypothesis 481

that the number of cases in each area would be proportional to the size of its population, 482

a spatial cluster analysis for predicted positive herds was performed to identify regions 483

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 August 2022                   doi:10.20944/preprints202208.0311.v1

https://doi.org/10.20944/preprints202208.0311.v1


13 of 27

with a high risk of incidence. According to their analysis, 92% of all new herd infections 484

were caused by airborne transmission, while the remainder was associated with cattle 485

trade. Furthermore, they report relatively small and ephemeral outbreaks in herds due 486

to airborne transmission. Conversely, disease-free herds that acquired an infected cow 487

showed a significantly higher prevalence within the herd. 488

González-Barrio et al. (2015a) examined the role of European rabbits in the Iberian 489

region as a reservoir for C. burnetii. Islands. Serum, spleen, uterus, mammary glands, as 490

well as vaginal, sex, weight, and presence/absence of ruminants and uterus swabs are 491

among the variables examined. The risk of exposure to C. burnetii was analyzed by logistic 492

regression models. The results show that rabbit density plays a major role in the ecology of 493

C. burnetii, and the higher risk of exposure observed during the summer may be the result 494

of increased indirect interactions with C. burnetii shed by coexisting ruminants. 495

Boroduske et al. (2017) investigated the prevalence and spatial distribution as well as 496

risk factors contributing of C. burnetii infections in dairy cow sheds in Latvia. A Bernoulli 497

probability model was used to predict high and low rates of occurence and antibody in 498

clusters of cattle sheds infected with C. burnetii. By assessing the geographical distribution 499

of C. burnetii seroprevalence in the cattle herds of Jimma town, Proboste et al. (2021) exam- 500

ined the ecological risk factors. Using a semivariogram via spatial correlations, the study 501

investigated the geographical clustering of Coxiellosis seropositive farms and the strength 502

of the clusters. The authors quantify the risk factors associated with Q fever and predicted 503

its prevalence in Jimma using the binomial generalized linear method. A MaxEnt model 504

is used by Valiakos et al. (2017) to determine the spatial distribution of exposure, identify 505

environmental parameters, and to identify high exposure risk areas for sheep and goats 506

to C. burnetii in central Greece. Based on environmental, host, and management factors, 507

González-Barrio et al. (2015b) assesses red deer exposure to C. burnetii using multivariate 508

logistic regression models and analyzes the influence of different potential risk factors. 509

Enterococcus faecalis: Baranyi growth model is also used by Ghalouni et al. (2018) to 510

determine Enterococcus faecalis maximum cell density and growth rate in fermented cow’s 511

milk. Using Baranyi and Robert’s model, McAuley et al. (2015) investigated the growth of 512

E. faecalis, E faecium, E hirae, and E. durans present in raw milk and pasteurized milk. 513

According to the study findings, enterococci in pasteurized milk are not associated with 514

higher counts of enterococci in raw milk. 515

Bovine tuberculosis (bTB) is a slowly progressive and debilitating zoonotic disease 516

caused by mycobacterium bovis infection in tissues primarily associated with respiratory 517

tracts and lymph nodes. Denholm et al. (2020) used an artificial neural network architecture 518

to predict the bTB status of UK dairy cows by using their mid-infrared spectral profiles, 519

their single intradermal comparative cervical tuberculin (SICCT) skin-test results, their 520

culture, and the presence of lesions. The architecture they developed enabled them to 521

identify cows that are likely to fail the SICCT skin test, which allows farmers to make early 522

management decisions concerning potential reactor cows. Romero et al. (2020) evaluated 523

potential herd-level predictors of bovine tuberculosis using decision trees and multivariable 524

logistic regression in high, edge, and low risk areas in England. This dataset contained 525

information regarding demographic characteristics of the herd, the history of bTB, cattle 526

movements, badger density, and land class. Using their models, they were able to analyze 527

how bTB risk factors were interrelated in order to determine the likelihood of an incident 528

occurring in high-risk groups of herds. In addition, Romero et al. (2021) conducted studies 529

using random forest and LASSO regression models on the same dataset in order to identify 530

high-risk farms and develop a targeted disease control strategy 531

Brucellosis is an infectious disease caused by brucellae bacteria that infects the human 532

body and causes symptoms of fatigue, muscle aches and joint pains. Convolution-based 533

LSTM recurrent neural networks were employed by Shen et al. (2022) to understand how 534

machine learning can be applied to epidemic disease prediction using animal stock, food 535

supply information, population, and GDP data. They devised an effective decision support 536

system for controlling brucella . 537
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Bacillus anthracis, a soil-borne spore-producing neglected bacterium, is responsible 538

for anthrax, an archetypal animal disease. With the use of artificial neural networks, surface 539

range envelopes, flexible discriminant analysis, general linear models, general boosted 540

models, classification tree analysis, multiple adaptive regression splines, random forests, 541

and maximum entropy approaches, Assefa et al. (2020) developed a prediction analysis 542

for anthrax using bioclimatic variables, soil characteristics variables, and livestock density 543

variables. Based on their evaluation, the model was influenced by a variety of precipitation 544

factors and animal density factors. Walsh et al. (2019) evaluated anthrax’s geographical 545

suitability in India using a maximum entropy (Maxent) machine learning approach that 546

considered both biotic and abiotic factors. There was a significant impact of water–soil 547

balance, soil chemistry, and historic forest loss on the model, and the elephant-livestock 548

interface played a crucial role in the cycle of anthrax. 549

4.2. Parasitic Pathogens 550

Cryptosporidium and Giardia are globally recognized as parasites that often cause wa- 551

terborne diseases. Giardia cysts and Cryptosporidium oocysts cause gastrointestinal problems 552

through direct and indirect transmission. Using fecal samples from cattle and sheep farms, 553

Ligda et al. (2020) estimated the contribution of farms to surface water contamination and 554

identified interactions between biotic/abiotic factors as a basis for developing models of 555

risk assessment. To analyze microbiological, physicochemical, and meteorological parame- 556

ters, this study developed a predictive model based on mixed effect zero-inflated negative 557

binomial models and linear discriminant function analysis (LDFA). LDFA was successfully 558

used as a machine-learning classification method to predict (oo)cyst concentrations from 559

the input parameters. Delafosse et al. (2015) conducted studies on calf neonates living on 560

dairy farms to determine the prevalence of Cryptosporidium infection and the risk factors 561

associated with it. During the study, feces were microscopically examined for (oo)cysts 562

and data about C. parvum oocyst shedding, calf-level care and management practices, and 563

mortality rates were collected. They conducted both bivariate and multivariate analyses 564

of the potential risk factors for C. parvum oocyst shedding. It was found that diarrhea in 565

calves was strongly correlated with the amount of C. parvum (oo)cysts shed. According to 566

their findings, calves with high diarrhea and shedding scores had a significantly higher 567

mortality rate. 568

Trichinella parasites are cosmopolitan nematodes that infect mainly wild animals. 569

Kirjušina et al. (2016) evaluated the larval biomass of naturally infected pine martens 570

(Martes martes) of Latvia to investigate the transmission patterns of Trichinella spp. from 571

animals to humans. From pine martens that had been infected with T. britovi, muscles were 572

collected from the abdomen, the back, the diaphragm, the intercostal muscles, the muscles 573

of the head, the shoulders, the lower and upper parts of the forelimbs and hind limbs, the 574

neck, the rump and tail, and the base and tip of the tongue. Using linear regression, the 575

larval burden of muscles was evaluated to determine the total larval burden of an animal. 576

Their results indicated that the estimated biomass was subject to substantial variation 577

owing to the uncertainty of the parameters used to calculate the biomass. (Franssen et al., 578

2017) utilized quantitative microbiological risk assessment (QMRA) methods in their paper 579

to assess the risk of human trichinellosis associated with the consumption of meat from 580

infected pigs, wild boars, and pigs raised in uncontrolled housing. In order to assess the 581

risk model, Trichinella muscle larve (ML), edible muscle types, heat inactivation by cooking 582

and portion sizes, and sensitivity at carcass control are taken into account. To estimate 583

the number of larvae in an animal’s diaphragm, a negative binomial distribution is used 584

with maximum likelihood parameter estimation. The beta binomial distribution is used to 585

model the variability associated with Trichinella ML detection. According to the analysis, 586

testing for Trichinella in pigs that are kept under controlled housing does not add any value 587

to the protection of human health. 588

Tsetse flies (family Glossinidae and genus Glossina), which are obligate parasites and 589

biological vectors of trypanosomes, cause human sleeping sickness and animal trypanosomi- 590

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 August 2022                   doi:10.20944/preprints202208.0311.v1

https://doi.org/10.20944/preprints202208.0311.v1


15 of 27

asis. Bishop et al. (2021) used a random forest regression algorithm to construct a model for 591

learning about Glossina pallidipes habitat suitability across Kenya and northern Tanzania 592

based on genetic data and remotely sensed environmental data. Based on the research, they 593

concluded that vector control will be most successful in the Lake Victoria Basin, and G. 594

pallidipes should be managed as a single unit in most of eastern Kenya. 595

An American trypanosomiasis, or Chagas disease, is a neglected tropical disease 596

caused by the flagellated protozoa Trypanosoma cruzi. This disease is transmitted by 597

haematophagous triatomines of the family Reduviidae, subfamily Triatominae. In order to 598

detect differences in the intestinal metabolome of the triatomine Rhodnius prolixus and pre- 599

dict whether the insect had been exposed to T. cruzi, Eberhard et al. (2021) used logistic 600

regression, random forest classifiers, and gradient boosting algorithms. The study uncov- 601

ered complex interactions between the triatomine vector and parasite, including effects on 602

metabolic signatures. 603

4.3. Viral Pathogens Based 604

This section provides a brief overview of viral pathogen-based studies and their 605

references. A summary is provided in table 2 606

Table 2. Etiology, Data source, and Reference

Etiology
Data source

Reference
Animal Other

Newcastle disease chicken Cuan et al. 2022

Norovirus
McMenemy et al. 2018

oyster Hunt et al. 2020, Chenar and Deng 2021

deli meat Bozkurt et al. 2015a

Hepatitis A
deli meat Bozkurt et al. 2015a

clam Bozkurt et al. 2015b
Rotavirus
Astrovirus molecular sequencing Mollentze et al. 2021

Rabies virus, Hepeviridae
Coronaviridae , Reoviridae
Astroviridae, Picornaviridae

vampire bats Bergner et al. 2021

Avian influenza

poultry farm Yoon et al. 2020, Yoo et al. 2022

wild bird Yoo et al. 2021

wild bird Walsh et al. 2019

poultry farm Schreuder et al. 2022

Mad cow disease cows Bhakta and Byrne 2021
Crimean-Congo
haemorrhagic fever Ak et al. 2020, Ak et al. 2018

Ebola virus mice Price et al. 2020

Japanese encephalitis
mosquitoes Tu et al. 2021

ardeid birds and
pig density Walsh et al. 2021

Rift Valley fever
wildlife Walsh et al. 2017

Tumusiime et al. 2022

West Nile virus
Wieland et al. 2021

Chinnathambi et al. 2020

Zika virus Evans et al. 2017

SARS-CoV-2
Ali et al. 2022

Fischhoff et al. 2021

Brierley and Fowler 2021

Noroviruses are a genus within the Caliciviridae family that causes acute gastroen- 607

teritis (AGE) worldwide. Shellfish consumption has been identified as a potential entry 608

point for norovirus into the human population, and depuration is one method to reduce mi- 609

crobiological risk. In depuration, harvested shellfish are submerged in clean water, where 610

they remain for a period of time sufficient for the animals to expel any microbiological 611
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contaminants. To explain how shellfish depuration affects norovirus levels, McMenemy 612

et al. (2018) proposed a mathematical model based on a log-normal distribution. According 613

to their analysis, norovirus and FRNA+ bacteriophages required substantially longer depu- 614

ration times than Escherichia coli. For the purpose of risk assessment analysis, Hunt et al. 615

(2020) used a lognormal and gamma distribution to estimate the distribution of norovirus 616

copies per oyster. The weight of oyster digestive tissues had been multiplied by these 617

distributions and is provided to three compound Poisson distributions: Poisson-lognormal, 618

Poisson-gamma, and Poisson-K, in order to estimate the norovirus count. In their study, they 619

concluded that no model fit better than the others, and that all three could be used in future 620

risk assessments. Another research based on a hybrid PCA-ANN model, Chenar and Deng 621

(2021) successfully predicted the 10 years of historical outbreaks of oyster norovirus along 622

the northern Gulf of Mexico coast. Remote sensing data from the Moderate Resolution 623

Imaging Spectroradiometer (MODIS) satellite, which are gathered at the center of each 624

oyster harvesting area, were used as input to this system. In order to reduce the size of the 625

MODIS Aqua data, PCA was utilized. They trained a Artificial Neural Network model 626

using the first four years of data, and successfully predicted six additional years data. 627

Studies on the kinematics of thermal inactivation for microorganisms are essential for 628

designing pasteurization conditions for foods in order to inactivate or control microorgan- 629

isms. A Weibull-based mathematical model was used by Bozkurt et al. (2015a) to determine 630

the thermal inactivation kinetics of Human noroviruses (HNoV) surrogates and hepatitis 631

A virus in turkey deli meat in order to reduce the risk of foodborne illness outbreaks. Ac- 632

cording to their findings, HNoV surrogates and HAV are more resistant to heat than many 633

vegetative bacteria found in food. Using similar method, Bozkurt et al. (2015b) developed 634

thermal inactivation kinetics for HAV in order to design adequate thermal processes to 635

control clam-associated outbreaks of HAV. 636

Researchers use molecular sequencing data (Mollentze et al., 2021) to evaluate zoonotic 637

potential by ranking the likelihood of human infection. Bergner et al. (2021) collected 638

metagenomic sequences of feces and saliva from common vampire bats and evaluated 639

their zoonotic potential using XGBoost. An analysis of variation in feature importance was 640

performed using SHAP, and gradient boosted machines (GBMs) trained on virus taxonomy 641

were used to rank phylogenetic proximity to human-infecting viruses. Based on their 642

findings, 58 viruses were detected as having a higher zoonotic potential, which includes 643

rabies virus, Hepeviridae, Coronaviridae, Reoviridae, Astroviridae, and Picornaviridae. 644

Avian influenza virus (HPAI) is a highly contagious virus that belongs to the family 645

Orthomyxoviridae and genus influenza virus A. Using poultry farm management variables, 646

the visit records of livestock-related vehicles, and environmental variables, Yoon et al. (2020) 647

presented a deep learning model to assess avian influenza risk at the farm level. As a result 648

of their study, preemptive control measures were taken to prevent the spread of disease, 649

enhancing risk management activities. Yoo et al. (2021) employed Random Forest, Gradient 650

Boosting Machine (GBM), and eXtreme Gradient Boosting models to predict avian influenza 651

using environmental, on-farm biosecurity, meteorological, vehicle movement, and HPAI 652

wild bird surveillance data. Eight to ten of the 19 premises infected during the infected 653

period were predicted to be at high risk in advance by these models. Based on wild bird 654

samples, Walsh et al. (2019) used gradient boosted trees to predict avian influenza viruses. 655

Analysis of sample features, including bird age, sex, bird type, geographic location, and 656

rRT-PCR results, revealed that geographic location and rRT-PCR results are predictive 657

factors. Schreuder et al. (2022) predicted spatial patterns associated with HPAI outbreak 658

risk on Dutch poultry farms based on wild bird density and land cover data. Random 659

forest prediction evaluation identified 20 best explaining predictors, of which 17 are water- 660

associated bird species, 2 are birds of prey, and 1 is agricultural cover. Similarly, Yoo 661

et al. (2022) used a Bayesian logistic regression and an extreme gradient boosting model to 662

predict the risk of HPAI occurrence at poultry farms using 12 spatial variables. According 663

to their study, domestic duck farms and the minimum distance to live bird markets were 664

the leading risk factors for outbreaks. 665
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Cuan et al. (2022) found an effective deep learning method based on a bidirectional 666

long short term memory neural network for detecting Newcastle disease Virus. They 667

extracted complex vocalizations from a specific pathogen-free chicken (SPF) poultry and 668

used them to develop a predictive model to distinguish sick vocalizations from healthy 669

vocalizations. 670

Creutzfeldt-Jakob disease (CJD), also called mad cow disease, is a fatal neurodegener- 671

ative disease resulting in lesions, cell damage, gliosis, and neuron loss. A popular variant 672

of CJD is caused by consumption of cattle products contaminated with bovine spongiform 673

encephalopathy (BSE). With the use of elastic net regression, recurrent neural networks, and 674

random forests, Bhakta and Byrne (2021) learned the predictive causes of the CJD epidemic 675

in the United States. Their results indicated that beer consumption, obesity, and tobacco 676

use are strongly associated with CJD. 677

Crimean-Congo haemorrhagic fever (CCHF) is a highly virulent human disease caused 678

by a single-stranded, negative sense RNA virus belonging to the genus Nairovirus in the 679

family Bunyaviridae. Using a structured Gaussian approach, Ak et al. (2020) identified 680

risky geographic regions for the CCHF (Ak et al., 2018). The dataset included information 681

on climate, land use, and animal and human populations at risk in order to capture 682

spatiotemporal transmission dynamics. According to their analysis, CCHF is primarily 683

driven by geographical dependence and climate effects on ticks. 684

Ebola virus disease (EVD) is a rare and deadly disease affecting humans and non- 685

human primates. Using clinical, virologic, and transcriptomic features that distinguish 686

tolerant from lethal outcomes, Price et al. (2020) studied host responses to the Ebola virus 687

infection in mice. Based on their analysis, the random forest model was found to be capable 688

of accurately predicting disease outcome. 689

Japanese encephalitis virus (JEV) is a zoonotic disease spread by mosquitoes, partic- 690

ularly Culex tritaeniorhynchus. Using a long short-term memory model, Tu et al. (2021) 691

assessed the relationship between meteorological factors and population density of Culex 692

tritaeniorhynchus. Using their analysis, they found that mean air temperature and relative 693

humidity had a positive effect on outbreak risk and intensity. Using wildlife-livestock 694

interfaces, Walsh et al. (2021) examined the landscape epidemiology of JEV outbreaks in 695

India. A poisson point process was used to model outbreak risk, which was strongly 696

influenced by habitat suitability of ardeid birds and pig density. 697

Rift Valley fever is a severe viral hemorrhagic fever caused by RVF virus (genus 698

Phlebovirus, order Bunyavirales). Utilizing a maximum entropy machine learning model, 699

(Walsh et al., 2017) examined the ecological role of wildlife reservoirs and surface water 700

features in the increasing risk of RVF outbreaks. A correlation between RVF outbreaks and 701

wetlands, bovidae species richness, and sheep density was found in their validation study. 702

Using Bayesian models with Laplace approximations, Tumusiime et al. (2022) estimated 703

the risk of RVF based on animal level factors and meteorological factors. Based on their 704

analysis, it was concluded that low precipitation seasonality, haplic planosols, and low 705

cattle density were highly associated with the risk of mortality. 706

West Nile virus is an emerging arthropod-borne virus that causes West Nile fever, 707

which is most commonly transmitted by mosquitoes. An analysis of climate factors and 708

regional data was conducted by Wieland et al. (2021) for predicting the distribution of native 709

mosquito species as vectors of the West Nile virus. An XGboost machine learning algorithm 710

was used for the evaluation model, and the SHAP library was used for the identification of 711

explanatory variables. They concluded that regional characteristics play a larger role in 712

the habitat of native mosquitoes than climatic conditions. Using a hybrid support vector 713

machine and partial least square regression model, Chinnathambi et al. (2020) effectively 714

forecasted trap counts of Culex Tarsalis, female mosquitoes that transmit West Nile Virus, 715

based on meteorological data, dead birds, WNV cases, and human deaths. 716

Aedes mosquitoes (A. aegypti and A. albopictus) are the primary vectors of the Zika 717

virus, which belongs to the Flaviviridae virus family. Using an ecological network that links 718

flaviviruses and their mosquito vectors, Evans et al. (2017) developed a predictive model 719
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using gradient boosted regression treed to identify associations between vector species and 720

the Zika virus. According to their model, 35 species, including Culex quinquefasciatus and 721

Cx. pipiens, might be capable of transmitting the disease. 722

COVID-19 is caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV- 723

2), a coronavirus. While the origin of COVID-19 (SARS-CoV-2) in humans is unknown, using 724

feature vectors derived from spike protein sequences using a position weight matrix (PWM), 725

Ali et al. (2022) assessed the host specificity of coronaviruses in birds, bats, camels, swine, 726

humans, and weasels. Using boosted regression algorithms, Fischhoff et al. (2021) combined 727

ecological traits with biological traits in an attempt to predict the zoonotic potential of SARS- 728

CoV-2 in greater than 5000 mammals. Based on their evaluations, 540 species belonging 729

to 13 orders were predicted to have a high zoonotic potential for Corona virus. Based on 730

sequencing of 511 whole genome nucleotide sequences and 650 spike protein sequences, 731

Brierley and Fowler (2021) developed a random forest model to predict the host animal 732

for SARS-CoV-2. According to their analysis, human sequences of SARS-CoV-2 were 733

predicted to have been acquired from bats (suborder Yinpterochiroptera), supporting bats as 734

the probable source of the current pandemic. 735

5. Discussion 736

Neural network and machine learning models used in the detection of zoonotic 737

pathogens, along with their references, are presented in Table 3 and 4. 738

Table 3. Neural network learning approaches, Etiology, and References

Neural Learning Models Etiology Reference

Artificial neural network

Escherichia coli, Shiga toxinproducing Amado et al. 2019

Clostridium perfringens Sadeghi et al. 2015

Staphylococcus aureus Amado et al. 2019

Norovirus Chenar and Deng 2021

Avian influenza Yoon et al. 2020

Bacillus anthracis Assefa et al. 2020

Mad cow disease Bhakta and Byrne 2021

Bovine tuberculosis Denholm et al. 2020
Long short-term memory
RNN Campylobacter Arning et al. 2021

Long short-term memory Newcastle disease Cuan et al. 2022

Brucellosis Shen et al. 2022

Japanese encephalitis virus Tu et al. 2021

Auto-Encoder Campylobacter Song et al. 2017

In our survey, neural network (deep learning) methods have been found to be effective 739

for detecting animal diseases. In particular, the use of LSTM, RNN, and Auto-Encoder 740

neural network models have been found to be effective in modelling various zoonotic 741

pathogens. Machine learning algorithms such as logic regression, support vector machines, 742

gradient boosting algorithms, and random forest models are commonly used to predict 743

pathogens and their associated risks. In our literature review, these methods, along with 744

linear regression, Naive Bayes, and K-Nearest Neighbors, have been used to identify 745

popular food attributions to diseases. A number of popular food choices, such as chicken, 746

beef, pork, dairy products, and seafood, have been found to pose a potential risk factor for 747

various zoonoses based on their prediction models. 748
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Table 4. Machine learning approaches, Etiology, and References

Machine Learning Models Etiology Reference

Support Vector Machine

Salmonella Dourou et al. 2021
Escherichia coli, Shiga toxinproducing

Staphylococcus Aureus Amado et al. 2019

Listeria monocytogenes Tanui et al. 2022

West Nile virus Chinnathambi et al. 2020

Logistic Regression

Listeria monocytogenes Pang et al. 2017

Staphylococcus spp. Mencía-Ares et al. 2021
Qekwana et al. 2017
Conner et al. 2018

Coxiella burnetti González-Barrio et al. 2015a
González-Barrio et al. 2015b

*** E. coli Lupindu et al. 2015, Xu et al. 2022

Avian influenza Yoo et al. 2022

Bovine tuberculosis Romero et al. 2020, Romero et al. 2021

Chagas disease Eberhard et al. 2021

Linear Regression Trichinella Kirjušina et al. 2016

Random Forest

Salmonella Dourou et al. 2021
Escherichia coli, Shiga toxinproducing

Staphylococcus Aureus Amado et al. 2019

Salmonella Hwang et al. 2020

Campylobacter Xu et al. 2021

Staphylococcus aureus Amado et al. 2019

Listeria monocytogenes Tanui et al. 2022, Pang et al. 2017

African trypanosomiasis Bishop et al. 2021

Avian influenza Yoo et al. 2021

Avian influenza Schreuder et al. 2022

Bacillus anthracis Assefa et al. 2020

Mad cow disease Bhakta and Byrne 2021

Bovine tuberculosis Romero et al. 2020, Romero et al. 2021

Chagas disease Eberhard et al. 2021

Ebola virus Price et al. 2020

SARS-CoV-2 Brierley and Fowler 2021

Gradient Boosting

Listeria monocytogenes Tanui et al. 2022

Vibrio parahaemolyticus Ndraha et al. (2021)
Rabies virus
Hepeviridae

Coronaviridae
Reoviridae

Astroviridae
Picornaviridae

Bergner et al. 2021

Avian influenza Yoo et al. 2021

Avian influenza Walsh et al. 2019

Avian influenza Yoo et al. 2022

Bacillus anthracis Assefa et al. 2020

Chagas disease Eberhard et al. 2021

West Nile virus Wieland et al. 2021

Zika virus Evans et al. 2017

SARS-CoV-2 Fischhoff et al. 2021

K-Nearest Neighbors
Escherichia coli, Shiga toxinproducing Amado et al. 2019

Staphylococcus aureus Amado et al. 2019

NaïveBayes
Escherichia coli, Shiga toxinproducing Amado et al. 2019

Staphylococcus aureus Amado et al. 2019

Rift Valley fever Tumusiime et al. 2022

Linear Discriminant Function Analysis Cryptosporidium Ligda et al. 2020

Polynomial regression
Salmonella Park et al. 2020

Staphylococcus aureus Hu et al. 2018

Monto Carlo Simulation Salmonella Park et al. 2020

Gaussian Process Crimean-Congo haemorrhagic fever Ak et al. 2020, Ak et al. 2018

Poisson Point Process Japanese encephalitis virus Walsh et al. 2021
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Table 5 summarizes the popular mathematical models and their references. 749

Table 5. Mathematical Models, Etiology, and References

Mathematical Model Etiology Reference

Baranyi and Roberts model

Salmonella Li et al. 2017
Staphylococcus aureus

Shigella** Jafarpour et al. 2022

Listeria monocytogenes Costa et al. 2019, Bolívar et al. 2018

Bacillus cereus Ellouze et al. 2021

Clostridium perfringens Juneja et al. 2021c

Clostridium botulinum
Juneja et al. 2021a
Juneja et al. 2022

Juneja et al. 2021b
Vibrio parahaemolyticus Liao et al. 2017

Vibrio vulnificus
Vibrio cholerae Oh et al. 2021

Yersinia enterocolitica Bursová et al. 2017, Kowalik and Lobacz 2015

Aeromonas hydrophila Kim et al. 2021, Kim et al. 2022
Enterococcus faecalis

E. faecium
E. hirae

E. durans

McAuley et al. 2015

Enterococcus faecalis Ghalouni et al. 2018

Gompertz model

Staphylococcus aureus Yu et al. 2020

Shigella** Chai et al. 2016

Yersinia enterocolitica Kowalik and Lobacz 2015

Vibrio alginolyticus Wang et al. 2021

Aeromonas hydrophila Yang et al. 2016

Ratkowsky model

Clostridium botulinum
Juneja et al. 2021a
Juneja et al. 2022

Juneja et al. 2021b
Salmonella Li et al. 2017

Bacillus cereus Ellouze et al. 2021

Polynomial models

Staphylococcus aureus Yu et al. 2020

Bacillus cereus Zhang et al. 2022

Clostridium perfringens Juneja et al. 2021c
Vibrio vulnificus
Vibrio cholerae Oh et al. 2021

Beta-Poisson Model
Vibrio vulnificus, Vibrio cholerae Ha et al. 2020a, Ha et al. 2020b

V. vulnificus Serment-Moreno et al. 2015

Square root linear model Salmonella Kang et al. 2021

Gaussian dispersion model Coxiella burnetti Pandit et al. 2016

Bernoulli probability model Coxiella burnetti Boroduske et al. 2017

Binomial model

Coxiella burnetti Proboste et al. 2021

Cryptosporidium Ligda et al. 2020

Trichinella Franssen et al. 2017

Maximum entropy model

Coxiella burnetti Valiakos et al. 2017

Bacillus anthracis Assefa et al. 2020

Bacillus anthracis Walsh et al. 2019

Rift Valley fever Walsh et al. 2017

Huang Model Bacillus cereus Zhang et al. 2022

Davey linear model
Salmonella Kang et al. 2021

Staphylococcus aureus Yu et al. 2020

Weibull model
Norovirus

Hepatitis A Bozkurt et al. 2015a

Hepatitis A Bozkurt et al. 2015b

Mathematical models have been widely used in research pertaining to bacterial growth, 750

survival, and inactivation. Baranyi and Roberts’ model is one of the most popular choices 751

for testing the dynamics of bacterial growth in response to temperature changes. Together 752

with the modified Ratkowsky model, the Baranyi model was successfully used to verify 753

the bacterial growth potential in Bacillus cereus, Salmonella, and Clostridium botulinum. Our 754
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literature search suggests that combining Baranyi with Gompertz or polynomial models 755

can be useful for detecting bacterial contamination. In addition, the modified Gompertz 756

model has proven to be an effective method for modeling bacterial growth, survival, and 757

inactivation. Several researchers have demonstrated that Gompertiz models are effective 758

for detecting bacteria such as Staphylococcus aureus, Shigella, Vibrio alginolyticus, Yersinia 759

enterocolitic, and Aeromonas hydrophila in response to temperature changes. The use of 760

polynomial functions in combination with other primary models for determining the 761

quantity of bacteria in different foods also appears to be beneficial. The literature has 762

identified numerous mathematical equations for the classification of bacteria, parasites, 763

and viruses, including the beta-poisson equation, Bernoulli equation, Binomial equation, 764

Davey equation, Huang equation, and Weibull equation. 765

A quantitative representation of predictive algorithms in the literature is presented in 766

Figure 2. 767

Figure 2. Predictive algorithms and their representation in etiology based studies.

6. Conclusion 768

We aimed to synthesize and analyze available mathematical, machine learning, and 769

deep learning approaches related to zoonotic pathogens in this study. Our review findings 770

will assist researchers and risk managers in better understanding the predictive modeling 771

research on zoonosis and in identifying research gaps. By using the tools described in this 772

study, it is possible to identify the risks in the food chain and the methods that can be 773

used to eliminate them. The study revealed that mathematical algorithms and traditional 774

machine learning models are widely used in this field. However deep learning methods 775

have tremendous potential for identifying appropriate protective measures. Application of 776

deep learning techniques, such as segmentation and classification of images, can enhance 777

research into diagnosing irregularities caused by infections. While the resources in this 778

field are limited, transfer learning (Jeremy et al., 2005) where we reuse a previously trained 779

model as the basis for training a new model or zero-shot based learning (Chang et al., 2008) 780

that classifies data based on very few or even no labeled examples have the potential to 781

make learning more efficient. 782

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 August 2022                   doi:10.20944/preprints202208.0311.v1

https://doi.org/10.20944/preprints202208.0311.v1


22 of 27

Author Contributions: “Conceptualization, Ramkumar. M. and N.B.; methodology, P. N. and 783

N.B.; software, N.B.; validation, Ramkumar. M. and N.B.; formal analysis, N.B.; investigation, P.N.; 784

resources, Ramkumar. M. and N.B.; data curation, P.N.; writing—original draft preparation, P.N.; 785

writing—review and editing, N.B. and P.N. and Ramkumar. M.; visualization, P.N; supervision, 786

Ramkumar. M. and N.B.; project administration, N.B. and Ramkumar. M.; funding acquisition, N.B. 787

and Ramkumar. M.. All authors have read and agreed to the published version of the manuscript.”, 788

please turn to the CRediT taxonomy for the term explanation. 789

Funding: This research was supported by the Agricultural Research Service, USDA NACA project 790

entitled “Advancing Agricultural Re481 search through High Performance Computing” #58-0200-0-002. 791

Institutional Review Board Statement: Not applicable 792

Informed Consent Statement: Not applicable 793

Data Availability Statement: Not applicable 794

Conflicts of Interest: “The authors declare no conflict of interest.” 795

References 796

1. World Health Organization. Food safety. https://www.who.int/news-room/fact-sheets/detail/food-safety, 2022. 797

2. World Health Organization. WHO estimates of the global burden of foodborne diseases: foodborne diseases burden epidemiology 798

reference group 2007-2015. https://www.who.int/publications/i/item/9789241565165#cms, 2015. 799

3. Centers for Disease Control and Prevention. Attribution of Foodborne Illnesses, Hospitalizations, and Deaths to Food Commodi- 800

ties by using Outbreak Data, United States, 1998–2008. https://wwwnc.cdc.gov/eid/article/19/3/11-1866_article, 2013. 801

4. Centers for Disease Control and Prevention. National Outbreak Reporting System (NORS). https://wwwn.cdc.gov/ 802

norsdashboard/, 2020. 803

5. Dewey-Mattia, D.; Manikonda, K.; Hall, A.J.; Wise, M.E.; Crowe, S.J. Surveillance for foodborne disease outbreaks—United States, 804

2009–2015. MMWR Surveillance Summaries 2018, 67, 1. 805

6. European Food Safety Authority and European Centre for Disease Prevention and Control. The European Union One Health 806

2020 Zoonoses Report. https://www.efsa.europa.eu/en/efsajournal/pub/6971, 2021. 807

7. Carlson, C.J.; Farrell, M.J.; Grange, Z.; Han, B.A.; Mollentze, N.; Phelan, A.L.; Rasmussen, A.L.; Albery, G.F.; Bett, B.; Brett-Major, 808

D.M.; et al. The future of zoonotic risk prediction. Philosophical Transactions of the Royal Society B 2021, 376, 20200358. 809

8. Schiraldi, A.; Foschino, R. A phenomenological model to infer the microbial growth: A case study for psychrotrophic pathogenic 810

bacteria. Journal of Applied Microbiology 2022, 132, 642–653. 811

9. Adamczewski, K.; Staniewski, B.; Kowalik, J. The applicability of predictive microbiology tools for analysing Listeria monocyto- 812

genes contamination in butter produced by the traditional batch churning method. International Dairy Journal 2022, 132, 105400. 813

10. Herron, C. Predicting the Food Safety and Shelf-Life Implications of Less-Than-Truckload (LTL) Temperature Abuse (TA) on 814

Boneless Skinless Chicken Breast Fillets 2022. 815

11. Zwietering, M.; Jongenburger, I.; Rombouts, F.; Van’t Riet, K. Modeling of the bacterial growth curve. Applied and environmental 816

microbiology 1990, 56, 1875–1881. 817

12. Baranyi, J.; Roberts, T.A. A dynamic approach to predicting bacterial growth in food. International journal of food microbiology 1994, 818

23, 277–294. 819

13. Lanzl, M.; Zwietering, M.; Hazeleger, W.; Abee, T.; Den Besten, H. Variability in lag-duration of Campylobacter spp. during 820

enrichment after cold and oxidative stress and its impact on growth kinetics and reliable detection. Food Research International 821

2020, 134, 109253. 822

14. Medvedova, A.; Kocis-Koval, M.; Valik, L. Effect of salt and temperature on the growth of Escherichia coli PSII. Acta Alimentaria 823

2021. 824

15. Xiao, X.; Tang, B.; Liu, S.; Suo, Y.; Yang, H.; Wang, W. Evaluation of the Stress Tolerance of Salmonella with Different Antibiotic 825

Resistance Profiles. BioMed Research International 2021, 2021. 826

16. Guo, X.; Ji, C.; Du, X.; Ren, J.; Zu, Y.; Li, W.; Zhang, Q. Comparison of gene expression responses of zebrafish larvae to Vibrio 827

parahaemolyticus infection by static immersion and caudal vein microinjection. Aquaculture and Fisheries 2021, 6, 267–276. 828

17. Cox, D.R. The regression analysis of binary sequences. Journal of the Royal Statistical Society: Series B (Methodological) 1958, 829

20, 215–232. 830

18. Ho, T.K. Random decision forests. In Proceedings of the Proceedings of 3rd international conference on document analysis and 831

recognition. IEEE, 1995, Vol. 1, pp. 278–282. 832

19. Ntampaka, P.; Niragire, F.; Nyaga, P.N.; Habarugira, G. Canine gastrointestinal nematodiases and associated risk factors in Kigali 833

city, Rwanda. Journal of Parasitology Research 2021, 2021. 834

20. Kiambi, S.G.; Fèvre, E.M.; Omolo, J.; Oundo, J.; De Glanville, W.A. Risk factors for acute human brucellosis in Ijara, north-eastern 835

Kenya. PLoS neglected tropical diseases 2020, 14, e0008108. 836

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 August 2022                   doi:10.20944/preprints202208.0311.v1

http://img.mdpi.org/data/contributor-role-instruction.pdf
https://www.who.int/news-room/fact-sheets/detail/food-safety
https://www.who.int/publications/i/item/9789241565165#cms
https://wwwnc.cdc.gov/eid/article/19/3/11-1866_article
https://wwwn.cdc.gov/norsdashboard/
https://wwwn.cdc.gov/norsdashboard/
https://wwwn.cdc.gov/norsdashboard/
https://www.efsa.europa.eu/en/efsajournal/pub/6971
https://doi.org/10.20944/preprints202208.0311.v1


23 of 27

21. Acharya, B.K.; Chen, W.; Ruan, Z.; Pant, G.P.; Yang, Y.; Shah, L.P.; Cao, C.; Xu, Z.; Dhimal, M.; Lin, H. Mapping environmental 837

suitability of scrub typhus in Nepal using MaxEnt and random forest models. International Journal of Environmental Research and 838

Public Health 2019, 16, 4845. 839

22. Boleratz, B.L.; Oscar, T.P. Use of ComBase data to develop an artificial neural network model for nonthermal inactivation 840

of Campylobacter jejuni in milk and beef and evaluation of model performance and data completeness using the acceptable 841

prediction zones method. Journal of Food Safety 2022, p. e12983. 842

23. ZareBidaki, M.; Allahyari, E.; Zeinali, T.; Asgharzadeh, M. Occurrence and risk factors of brucellosis among domestic animals: an 843

artificial neural network approach. Tropical Animal Health and Production 2022, 54, 1–13. 844

24. Denholm, S.; Brand, W.; Mitchell, A.; Wells, A.; Krzyzelewski, T.; Smith, S.; Wall, E.; Coffey, M. Predicting bovine tuberculosis 845

status of dairy cows from mid-infrared spectral data of milk using deep learning. Journal of dairy science 2020, 103, 9355–9367. 846

25. UNEP and ILRI report. Preventing the next pandemic - Zoonotic diseases and how to break the chain of transmission. 847

https://www.unep.org/news-and-stories/statements/preventing-next-pandemic-zoonotic-diseases-and-how-break-chain? 848

_ga=2.70220884.593849062.1660620561-341674026.1659287590, 2020. 849

26. Gaythorpe, K.; Trotter, C.L.; Lopman, B.; Steele, M.; Conlan, A. Norovirus transmission dynamics: a modelling review. 850

Epidemiology & Infection 2018, 146, 147–158. 851

27. Pexara, A.; Govaris, A. Foodborne viruses and innovative non-thermal food-processing technologies. Foods 2020, 9, 1520. 852

28. de Souza, R.V.; Moresco, V.; Miotto, M.; Souza, D.S.M.; de Campos, C.J.A. Prevalence, distribution and environmental effects 853

on faecal indicator bacteria and pathogens of concern in commercial shellfish production areas in a subtropical region of a 854

developing country (Santa Catarina, Brazil). Environmental Monitoring and Assessment 2022, 194, 1–21. 855

29. Joshi, A.; Bhardwaj, D.; Kaushik, A.; Juneja, V.K.; Taneja, P.; Thakur, S.; Taneja, N.K. Advances in multi-omics based quantitative 856

microbial risk assessment in the dairy sector: A semi-systematic review. Food Research International 2022, p. 111323. 857

30. Buccioni, F.; Purgatorio, C.; Maggio, F.; Garzoli, S.; Rossi, C.; Valbonetti, L.; Paparella, A.; Serio, A. Unraveling the Antimicrobial 858

Effectiveness of Coridothymus capitatus Hydrolate against Listeria monocytogenes in Environmental Conditions Encountered in 859

Foods: An In Vitro Study. Microorganisms 2022, 10, 920. 860

31. Seekatz, A.M.; Panda, A.; Rasko, D.A.; Toapanta, F.R.; Eloe-Fadrosh, E.A.; Khan, A.Q.; Liu, Z.; Shipley, S.T.; DeTolla, L.J.; Sztein, 861

M.B.; et al. Differential response of the cynomolgus macaque gut microbiota to Shigella infection. PloS one 2013, 8, e64212. 862

32. Lihan Huang. Introduction to USDA Integrated Pathogen Modeling Program (IPMP) 2013. https://www.ars.usda.gov/ 863

ARSUserFiles/80720500/IPMP_tutorial%201-9-14.pdf, 2014. 864

33. Lihan Huang. Introduction to USDA Integrated Pathogen Modeling Program – Global Fit (IPMP-Global Fit). https://www.ars. 865

usda.gov/ARSUserFiles/80720500/IPMP%20Global%20Fit%20Tutorial%201-5-17.pdf, 2017. 866

34. Ratkowsky, D.A.; Olley, J.; McMeekin, T.; Ball, A. Relationship between temperature and growth rate of bacterial cultures. Journal 867

of bacteriology 1982, 149, 1–5. 868

35. Mafart, P.; Couvert, O.; Gaillard, S.; Leguérinel, I. On calculating sterility in thermal preservation methods: application of the 869

Weibull frequency distribution model. International journal of food microbiology 2002, 72, 107–113. 870

36. Dourou, D.; Grounta, A.; Argyri, A.A.; Froutis, G.; Tsakanikas, P.; Nychas, G.J.E.; Doulgeraki, A.I.; Chorianopoulos, N.G.; Tassou, 871

C.C. Rapid Microbial Quality Assessment of Chicken Liver Inoculated or Not With Salmonella Using FTIR Spectroscopy and 872

Machine Learning. Frontiers in Microbiology 2021, 11. https://doi.org/10.3389/fmicb.2020.623788. 873

37. Park, J.H.; Kang, M.S.; Park, K.M.; Lee, H.Y.; Ok, G.S.; Koo, M.S.; Hong, S.I.; Kim, H.J. A dynamic predictive model for the 874

growth of Salmonella spp. and Staphylococcus aureus in fresh egg yolk and scenario-based risk estimation. Food Control 2020, 875

118, 107421. 876

38. Kang, M.S.; Park, J.H.; Kim, H.J. Predictive modeling for the growth of Salmonella spp. in liquid egg white and application of 877

scenario-based risk estimation. Microorganisms 2021, 9, 486. 878

39. Li, L.; Cepeda, J.; Subbiah, J.; Froning, G.; Juneja, V.K.; Thippareddi, H. Dynamic predictive model for growth of Salmonella spp. 879

in scrambled egg mix. Food microbiology 2017, 64, 39–46. 880

40. Hwang, D.; Rothrock Jr, M.J.; Pang, H.; Guo, M.; Mishra, A. Predicting Salmonella prevalence associated with meteorological 881

factors in pastured poultry farms in southeastern United States. Science of The Total Environment 2020, 713, 136359. 882

41. Lupindu, A.M.; Dalsgaard, A.; Msoffe, P.L.; Ngowi, H.A.; Mtambo, M.M.; Olsen, J.E. Transmission of antibiotic-resistant 883

Escherichia coli between cattle, humans and the environment in peri-urban livestock keeping communities in Morogoro, Tanzania. 884

Preventive Veterinary Medicine 2015, 118, 477–482. 885

42. Xu, X.; Rothrock Jr, M.J.; Reeves, J.; Kumar, G.D.; Mishra, A. Using E. coli population to predict foodborne pathogens in pastured 886

poultry farms. Food Microbiology 2022, p. 104092. 887

43. Amado, T.M.; Bunuan, M.R.; Chicote, R.F.; Espenida, S.M.C.; Masangcay, H.L.; Ventura, C.H.; Tolentino, L.K.S.; Padilla, M.V.C.; 888

Madrigal, G.A.M.; Enriquez, L.A.C. Development of predictive models using machine learning algorithms for food adulterants 889

bacteria detection. In Proceedings of the 2019 IEEE 11th International Conference on Humanoid, Nanotechnology, Information 890

Technology, Communication and Control, Environment, and Management (HNICEM). IEEE, 2019, pp. 1–6. 891

44. Xu, X.; Rothrock Jr, M.J.; Mohan, A.; Kumar, G.D.; Mishra, A. Using farm management practices to predict Campylobacter 892

prevalence in pastured poultry farms. Poultry Science 2021, 100, 101122. 893

45. Arning, N.; Sheppard, S.K.; Bayliss, S.; Clifton, D.A.; Wilson, D.J. Machine learning to predict the source of campylobacteriosis 894

using whole genome data. PLoS genetics 2021, 17, e1009436. 895

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 August 2022                   doi:10.20944/preprints202208.0311.v1

https://www.unep.org/news-and-stories/statements/preventing-next-pandemic-zoonotic-diseases-and-how-break-chain?_ga=2.70220884.593849062.1660620561-341674026.1659287590
https://www.unep.org/news-and-stories/statements/preventing-next-pandemic-zoonotic-diseases-and-how-break-chain?_ga=2.70220884.593849062.1660620561-341674026.1659287590
https://www.unep.org/news-and-stories/statements/preventing-next-pandemic-zoonotic-diseases-and-how-break-chain?_ga=2.70220884.593849062.1660620561-341674026.1659287590
https://www.ars.usda.gov/ARSUserFiles/80720500/IPMP_tutorial%201-9-14.pdf
https://www.ars.usda.gov/ARSUserFiles/80720500/IPMP_tutorial%201-9-14.pdf
https://www.ars.usda.gov/ARSUserFiles/80720500/IPMP_tutorial%201-9-14.pdf
https://www.ars.usda.gov/ARSUserFiles/80720500/IPMP%20Global%20Fit%20Tutorial%201-5-17.pdf
https://www.ars.usda.gov/ARSUserFiles/80720500/IPMP%20Global%20Fit%20Tutorial%201-5-17.pdf
https://www.ars.usda.gov/ARSUserFiles/80720500/IPMP%20Global%20Fit%20Tutorial%201-5-17.pdf
https://doi.org/10.3389/fmicb.2020.623788
https://doi.org/10.20944/preprints202208.0311.v1


24 of 27

46. Song, Q.; Zheng, Y.J.; Xue, Y.; Sheng, W.G.; Zhao, M.R. An evolutionary deep neural network for predicting morbidity of 896

gastrointestinal infections by food contamination. Neurocomputing 2017, 226, 16–22. 897

47. Sadeghi, M.; Banakar, A.; Khazaee, M.; Soleimani, M. An intelligent procedure for the detection and classification of chickens 898

infected by clostridium perfringens based on their vocalization. Brazilian Journal of Poultry Science 2015, 17, 537–544. 899

48. Juneja, V.K.; Purohit, A.S.; Golden, M.; Osoria, M.; Glass, K.A.; Mishra, A.; Thippareddi, H.; Devkumar, G.; Mohr, T.B.; Minocha, 900

U.; et al. A predictive growth model for Clostridium botulinum during cooling of cooked uncured ground beef. Food Microbiology 901

2021c, 93, 103618. 902

49. Juneja, V.K.; Sidhu, G.; Xu, X.; Osoria, M.; Glass, K.A.; Schill, K.M.; Golden, M.C.; Schaffner, D.W.; Kumar, G.D.; Shrestha, S.; et al. 903

Predictive model for growth of Clostridium botulinum from spores at temperatures applicable to cooling of cooked ground pork. 904

Innovative Food Science & Emerging Technologies 2022, 77, 102960. 905

50. Juneja, V.K.; Purohit, A.S.; Golden, M.; Osoria, M.; Glass, K.A.; Mishra, A.; Thippareddi, H.; Devkumar, G.; Mohr, T.B.; Minocha, 906

U.; et al. A predictive growth model for Clostridium botulinum during cooling of cooked uncured ground beef. Food Microbiology 907

2021b, 93, 103618. 908

51. Juneja, V.K.; Xu, X.; Osoria, M.; Glass, K.A.; Schill, K.M.; Golden, M.C.; Schaffner, D.W.; Kumar, G.D.; Dunn, L.; Jadeja, R.; et al. 909

Predictive model for growth of Clostridium botulinum from spores during cooling of cooked ground chicken. Food Research 910

International 2021a, 149, 110695. 911

52. Yu, H.H.; Song, Y.J.; Kim, Y.J.; Lee, H.Y.; Choi, Y.S.; Lee, N.K.; Paik, H.D. Predictive model of growth kinetics for Staphylococcus 912

aureus in raw beef under various packaging systems. Meat science 2020, 165, 108108. 913

53. Hu, J.; Lin, L.; Chen, M.; Yan, W. Modeling for predicting the time to detection of staphylococcal enterotoxin a in cooked chicken 914

product. Frontiers in Microbiology 2018, 9, 1536. 915

54. Jafarpour, D.; Hashemi, S.M.B.; Mousavifard, M.; Sayadi, M. The combined effect of different concentrations of Vitex pseudo- 916

negundo extract and different temperatures against food-borne pathogens in chicken salad. Journal of Food Measurement and 917

Characterization 2022, 16, 2365–2374. 918

55. Mencía-Ares, O.; Argüello, H.; Puente, H.; Gómez-García, M.; Álvarez-Ordóñez, A.; Manzanilla, E.G.; Carvajal, A.; Rubio, P. 919

Effect of antimicrobial use and production system on Campylobacter spp., Staphylococcus spp. and Salmonella spp. resistance in 920

Spanish swine: A cross-sectional study. Zoonoses and Public Health 2021, 68, 54–66. 921

56. Qekwana, D.N.; Oguttu, J.W.; Sithole, F.; et al. Patterns and predictors of antimicrobial resistance among Staphylococcus spp. 922

from canine clinical cases presented at a veterinary academic hospital in South Africa. BMC Veterinary Research 2017, 13, 1–9. 923

57. Conner, J.G.; Smith, J.; Erol, E.; Locke, S.; Phillips, E.; Carter, C.N.; Odoi, A. Temporal trends and predictors of antimicrobial 924

resistance among Staphylococcus spp. isolated from canine specimens submitted to a diagnostic laboratory. PLoS One 2018, 925

13, e0200719. 926

58. Chai, C.; Jang, H.; Oh, S.W. Real-time PCR-based quantification of Shigella sonnei in beef and a modified Gompertz equation- 927

based predictive modeling of its growth. Applied Biological Chemistry 2016, 59, 67–70. 928

59. Costa, J.C.C.P.; Bover-Cid, S.; Bolívar, A.; Zurera, G.; Pérez-Rodríguez, F. Modelling the interaction of the sakacin-producing 929

Lactobacillus sakei CTC494 and Listeria monocytogenes in filleted gilthead sea bream (Sparus aurata) under modified atmosphere 930

packaging at isothermal and non-isothermal conditions. International Journal of Food Microbiology 2019, 297, 72–84. 931

60. Bolívar, A.; Costa, J.C.C.P.; Posada-Izquierdo, G.D.; Valero, A.; Zurera, G.; Pérez-Rodríguez, F. Modelling the growth of Listeria 932

monocytogenes in Mediterranean fish species from aquaculture production. International journal of food microbiology 2018, 933

270, 14–21. 934

61. Tanui, C.K.; Benefo, E.O.; Karanth, S.; Pradhan, A.K. A Machine Learning Model for Food Source Attribution of Listeria 935

monocytogenes. Pathogens 2022, 11, 691. 936

62. Pang, H.; McEgan, R.; Mishra, A.; Micallef, S.A.; Pradhan, A.K. Identifying and modeling meteorological risk factors associated 937

with pre-harvest contamination of Listeria species in a mixed produce and dairy farm. Food Research International 2017, 102, 355– 938

363. 939

63. Zhang, M.; Zhou, R.; Jin, S.; Song, Y.; Xu, N.; Wang, Y. Effects of cinnamaldehyde on the germination and growth of Bacillus 940

cereus spores in ready-to-eat boiled ground beef. Quality Assurance and Safety of Crops & Foods 2022, 14, 137–146. 941

64. Ellouze, M.; Buss Da Silva, N.; Rouzeau-Szynalski, K.; Coisne, L.; Cantergiani, F.; Baranyi, J. Modeling Bacillus cereus growth and 942

cereulide formation in cereal-, dairy-, meat-, vegetable-based food and culture medium. Frontiers in microbiology 2021, 12, 639546. 943

65. Ndraha, N.; Hsiao, H.I.; Hsieh, Y.Z.; Pradhan, A.K. Predictive models for the effect of environmental factors on the abundance of 944

Vibrio parahaemolyticus in oyster farms in Taiwan using extreme gradient boosting. Food Control 2021, 130, 108353. 945

66. Liao, C.; Zhao, Y.; Wang, L. Establishment and validation of RNA-based predictive models for understanding survival of vibrio 946

parahaemolyticus in oysters stored at low temperatures. Applied and Environmental Microbiology 2017, 83, e02765–16. 947

67. Ha, J.; Lee, J.; Oh, H.; Shin, I.S.; Kim, Y.M.; Park, K.S.; Yoon, Y. Microbial risk assessment of high risk Vibrio foodborne illness 948

through raw oyster consumption. Journal of Food Hygiene and Safety 2020a, 35, 37–44. 949

68. Oh, H.; Yoon, Y.; Ha, J.; Lee, J.; Shin, I.S.; Kim, Y.M.; Park, K.S.; Kim, S. Risk assessment of vibriosis by Vibrio cholerae and Vibrio 950

vulnificus in whip-arm octopus consumption in South Korea. Fisheries and Aquatic Sciences 2021, 24, 207–218. 951

69. Ha, J.; Lee, J.; Oh, H.; Shin, I.S.; Kim, Y.M.; Park, K.S.; Yoon, Y. Quantitative Microbial Risk Assessment of Pathogenic Vibrio 952

through Sea Squirt Consumption in Korea. Journal of Food Hygiene and Safety 2020b, 35, 51–59. 953

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 August 2022                   doi:10.20944/preprints202208.0311.v1

https://doi.org/10.20944/preprints202208.0311.v1


25 of 27

70. Serment-Moreno, V.; Deng, K.; Wu, X.; Su, Y.C.; Fuentes, C.; Torres, J.A.; Welti-Chanes, J. Monte Carlo analysis of the product 954

handling and high-pressure treatment effects on the Vibrio vulnificus risk to raw oysters consumers. Journal of Food Engineering 955

2015, 144, 86–92. 956

71. Wang, R.; Hu, X.; Deng, Y.; Gooneratne, R. Effect of Food Matrix Type on Growth Characteristics of and Hemolysin Production 957

by Vibrio alginolyticus. Journal of Food Protection 2021, 84, 1411–1420. 958

72. Geißert, J.K.; Bohn, E.; Mostolizadeh, R.; Dräger, A.; Autenrieth, I.B.; Beier, S.; Deusch, O.; Renz, A.; Eichner, M.; Schütz, M.S. A 959

Computational Model of Bacterial Population Dynamics in Gastrointestinal Yersinia enterocolitica Infections in Mice. Biology 960

2022, 11, 297. 961

73. Bursová, Š.; Necidová, L.; Haruštiaková, D.; Janštová, B. Growth potential of Yersinia enterocolitica in pasteurised cow’s and 962

goat’s milk stored at 8° C and 24° C. Food Control 2017, 73, 1415–1419. 963

74. Kowalik, J.; Lobacz, A. Development of a predictive model describing the growth of Y ersinia enterocolitica in C amembert-type 964

cheese. International Journal of Food Science & Technology 2015, 50, 811–818. 965
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