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Predictive Microbiology



Represent condensed knowledge, which

- describe microbial behavior in different environments
- help us better understand and manage the ecology of 

foodborne microorganisms
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Predictive models



Predictive microbiology

Assumes microbial behavior is:

• reproducible

• quantifiable by characterizing environmental factors
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Drivers and Benefits of

Quantitative Microbiology



Ho + ΣI + ΣR  FSO

Food Safety Objectives

Food Safety Modernization Act

L.G.M. Gorris / Food Control 16 (2005) 801–809



A successful risk management system relies on 

information about how environmental conditions affect 

the behavior of microbial hazards.

…this information reduces uncertainty.

Risk management



prescriptive         outcome-based

…and equally important

flexibility



• Producing Food Safety/HACCP Plans

• Identifying Preventive Controls and Critical Limits

• Designing challenge studies

• Developing regulatory standards

• Minimizing microbiological testing

• Identifying factors that control microbial viability

(e.g. temp, aw, pH, and others)

Benefits



• Predictive microbiology brings together 

persons with diverse but complimentary 

skills, including microbiologists, technologists, 

mathematicians, engineers, statisticians and 

other disciplines.

• Excellent approach for capacity-building

Other associated benefits 



How can we be sure that we are 

producing the most effective models?



Research problem

Experimental design

Data analysis

Publication

Technical Aspects of Applied Research

Data generation



Interacting with all end-users of the model
(defining the intended outcomes)

Determining the necessary resources

Research

Outcomes of Applied Research 

Communicating with end-users



Types of Predictive Models
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Steps in Model Production

• Primary

• Secondary

• Tertiary
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Experimental design

Extrinsic factors
➢ temperature
➢ atmosphere (e.g. packaging gas, humidity)

Intrinsic factors
➢ food matrix
➢ pH
➢ water activity
➢ additives (e.g. NaCl, acidulants)



Growth
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Kinetic parameters

• Lag phase lag phase duration

• Growth growth rate

• Stationary phase maximum population density
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SECONDARY MODELS



Change in parameter(s) as a function of 
environmental change



Measuring Model Performance
(validation)
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Probabilistic models

Growth/No-growth boundaries
(e.g. product development)



Growth/No-Growth

Adapted from Ross
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Growth/No-Growth

Adapted from Ross

0.94

0.95

0.96

0.97

0.98

0.99

1

0 10 20 30 40 50 60

W
a
te

r 
a
c
ti

v
it

y

Less risk



Growth/No-Growth

Adapted from Ross
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TERTIARY MODELS



GR (log cfu/h)=-0.0146+0.0098T -0.0206L-
0.2220D – 0.0013TL-0.0392TD+0.0143LD 

+0.0001T2+0.0053L2+2.9529D2





Examples of 
common model 
interfaces



Pathogen Modeling Program



Pathogen Modeling Program



Food Spoilage and Safety Predictor



Food Spoilage and Safety Predictor



Case Studies



Examples of models to assist with

food safety decisions

• USDA Clostridium perfringens cooling model

• Meat & Livestock Australia Refrigeration Index

• Vibrio parahaemolyticus in oysters

What pathogen-food combination are important in India?



USDA Clostridium perfringens

cooling model

How can food companies validate the effects of 
temperature deviation when cooling meat primals, 

without a lot of product testing?



Perfringens Predictor

• Previous regulation was highly prescriptive

• Sampling plans and testing were not cost-effective

• An outcome-based model was developed through a 
government-industry partnership

• Accepted criteria of <1 log growth of C. perfringens
after the cooling profile



ComBase Perfringens Predictor

0.29 log growth

<1 log growth





Meat & Livestock Australia 

Refrigeration Index

Boxed primals and trim 
destined for export

How can meat cooling profiles be accessed so that 
product can be more quickly exported?



Refrigeration Index  (RI)

 The meat industry wanted to package hot-boned beef trim for 
export.

 Australian export regulation required carcases to be cooled to 
7°C in < 24 hours

 A more flexible and less prescriptive approach was developed.

 A predictive model was produced and validated via a 
government-industry-university partnership.

 The Refrigeration Index predicts potential growth of E. coli 
based on a growth model



RI now part of Australian food 
safety law for meat





total predicted E. coli growth during chilling; 

determines whether product is “acceptable”   

(< 1  log potential growth)



Benefits

• Australian Centre for International Economics 

showed a benefit-cost ratio of 11.5

• $161.7 million increase in Australia’s GDP over 

a 30-year period

• $281 million in social benefits over the 30-

year period





Vibrio parahaemolyticus
and oysters supply chains

Problem: How can companies reduce 
uncertainties in supply chains?



Techniques



Domestic

104

102



V. parahaemolyticus

2->3% salt
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Model development

• V. parahaemolyticus growth kinetics measured from 4 - 30oC

• Growth (>15oC) and death rates (<15oC) determined

• Models tested (validated) against naturally-occurring Vp
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http://vibrio.foodsafetycentre.com.au/



Integrating Sensors 

and Predictive Models



Currently, predictive models are not commonly used 

in real-time (or even retrospectively), due to lack of 

data capture.

Sensors are a solution.



Integration of Time Temperature Indicator 
(TTI) sensors with predictive models for 
consumer-direct delivery of food products



√growth rate = 0.0303 x (temp-13.37)





ComBase
(www.combase.cc)



www.combase.cc

http://www.combase.cc/


Goals

- Support the development of science-based risk management 
systems by

o Engaging with the international food microbiology community

o Providing robust data that describe how food safety and 
spoilage organisms respond to food environments.



• Growth/thermal and non-thermal inactivation 

• Shelf-life

• Hazard identification

• Product development

• Process deviations

Applications





ComBase Browser



Tutorial - Browser



Tutorial - Browser



ComBase Browser



Record statistics

Record views

and downloads



ComBase Browser



ComBase Browser



ComBase Predictor



Growth Models



Growth Models



Customized data



Customized data



Thermal inactivation



Non-thermal inactivation



Perfringens Predictor



Links to other model resources



Help Functions



Thank you for your attention.


