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 All attendees are muted. Questions should be submitted to the presenters during
the presentation via the Q&A or Chat section on your screen. Questions will be
answered at the end of the presentations.

* This webinar is being recorded and will be available for access by IAFP members
within one week.
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How to predict growth microorganisms?

Professor Heidy den Besten, heidy.denbesten@wur.nl

15 May 2025
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Decision support system
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" All models are wrong ...... some are useful (Box)
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" All models are correct ...... but they are not perfect (Zwietering)
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Growth of microorganisms

" Bacterial growth: 1 -2 -4-8-16 - 32 - .... (=2")

" Generation time: time to generate a new generation
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Example: Escherichia coli

t=0 min
Generation O :

&,

- — 20=1 cell



Example: Escherichia coli

t=0 min t=20 min
Generation 0 | Generation 1

-~ 20=1cell | 21=2 cells



Example: Escherichia coli

t=0 min t=20 min t=40 min
Generation O : : Generation 2

- — 20=1 cell 2°=4 cells



Example: Escherichia coli

t=0min | t=20min  t=40min { t=60 min
Generation 0 i Generation 1 i Generation 2 i Generation 3

- — 20=1 cell 21=2 cells 22=4 cells 23=8 cells



Example: Escherichia coli

t=0min | t=20min  t=40min { t=60 min : t=8h
Generation O : : Generation 2 | . Generation 24

- — 20=1 cell . 22=4 cells : 5224 =1.7-107 cells



Growth of bacteria

" Exponential growth: 1 -2 -4-8-16-32 - .... (=2")
" Growth curve: log N/ g

N = number of cells log N/g
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Exponential growth

t
Ny = Ny - 2" > N; = Ny - 26T
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Exponential growth

t

Ny = Ny - 2" > N; = Ny - 26T

log N
[an] = e [¥5] =Y [$2] [#)] ~J o
[ ]
L ]

t
logN; = log( N, - 26T)

n = number of generations
t =time (hour)
GT = generation time (hour)



Exponential growth

t t
Ny =Ny - 2" - Ny = N,y - 26T logN; = log( N, - 26T)
t t log(2)
logN; = logN, + log(26T) — logN, + T log(2) — logN, + o t —
logN; = logNy + k - t
6 Lot ) n =number of generations
= et t =time (hour)
i Lot * slope = k GT = generation time (hour)
j Lo k = growth rate on log-scale (log,,/h)



Exponential growth

ln N
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Ny = Ny - 2" > N; = Ny - 26T

t
InN; = InN, + In(26T) = InN,

t

GT

t
InN, = In( N, - 267)

In(2)

t
+—+In(2) > InNy + ——-t -

GT

InN;, =InNy + -t

n
t

= number of generations
= time (hour)

GT = generation time (hour)

u
u

= growth rate on In-scale (/h)
=|n(10) - k



Prediction of u using gamma model

" Growth rate is affected by multiple factors (e.g., Temp, pH, HA, a,,)
that act independently

L= Hopt * Y(T) - Y(pH) - Y(HA) - y(aw)

growth rate at actual condition vy [0-1]

condition) =
v( ) growth rate at optimal condition
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Gamma model: fraction of growth rate

The fraction of y,, is termed “'y”

Y(T)
0.5 -

0 20 37 43
Temp (°C)
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Gamma model: fraction of growth rate

The fraction of y,, is termed “'y”

Y(T)
0.5 -

0 20
Temp (°C)
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Gamma model: fraction of growth rate

The fraction of y,, is termed “y”

1 - 1 -
v(T) Y(pH)
0.5 - 0.5 -
0 - | 0 | .
0 20 4 7 10
Temp (°C) pH of food
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Gamma model: fraction of growth rate

The fraction of y,, is termed “y”

1 - 1 -

v(T) Y(pH)

0.5 - 0.5 -
0 20 4 7
Temp (°C) pH of food
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Gamma model: fraction of growth rate

1.5 -
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EEEEEEEEEEEEEEEEEEE Aryani et al., 2015



Gamma model: fraction of growth rate

Y(T)
0.5 -

0 20
Temp (°C)
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Gamma model: fraction of growth rate

1 -

Y(T)
0.5 -

0 |
0 20
Temp (°C)

T'Tmln

2
y(T)= (T T) Y(pH)= (
opt “min
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Y(pH)
0.5 -

0 -
4

The fraction of p, is termed “y

1 -
Y(HA)
0.5 -

A\

144

7
pH of food

(pH—pHmin)
1— 2(pHmin_pH 1/2)

/vy
v(aw)
0.5 -
/ 0 |
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[HA] mM a,,
HA (aw-aw,,.)
Y(HA) = 1 — HAmaX Y(aw) (1 W )



Gamma model: fraction of growth rate

Cardinal parameters Listeria monocytogenes

1 - 1 - 1 - / 1 -
05 - 0.5 - 0.5 - 0.5 -
0 - . 0 - A/ 0
0 20 4 0 2. 5 0.6
Temp (°C) pH of food [HA] mM A
y(T) Effect temperature y(pH) Effect pH yY(HA) Effect [HA] y(ay )Effect a,,
Thin: -1.5 Hoin: 4.4
min PHPmin [HAmax] - 5.0 Aw min - 0.92
Topts 37 pH;,»: 5.0

WAGENINGEN Cardinal values are pathogen-specific




Estimation of u

Vegetable product: T=7°C, pH=4.5, HA = 0 mM, a,=0.997

1 - 1 - 14 1 -
v(T) Y(pH) Y(HA) / v(a,)
0.5 - 0.5 - 0.5 - 0.5 -
0 20 4 f 7 0 2.5 5 0.6
Temp (°C) pH of food [HA] mM a,,

Yior = Y(T) - Y(pH) -y (HA) - y(ay,) = 0.049 - 0.109 - 1 - 0.96 = 0.005
L= Yot - Hope = 0.005 - 1 = 0.005 h-1

=



Estimation of u and ranking of effects

Vegetable product: T=7°C, pH=4.5, HA = 0 mM, a,=0.997

1 - 1 - 1 - 1 -
v(T) y(pH) Y(HA) / y(aw)
0.5 - 0.5 - 0.5 - 0.5 -
0 — 0 5 | V 0
0 20 4 7 0 2.5 5 0.6
Temp (°C) pH of food [HA] mM a,,

Yior = Y(T) - Y(pH) -y (HA) - y(ay,) = 0.049 - 0.109 - 1 - 0.96 = 0.005
L= Yot - Hope = 0.005 - 1 = 0.005 h-1

reduction factors Temp: 20.5, pH: 9.2, HA: 1, a,: 1.04

=



Estimation of u and ranking of effects

Vegetable product: T=7°C, pH=4.5, HA = 0 mM, a,=0.997

1 - 1 - 1 - 1 -
v(T) y(pH) Y(HA) / y(aw)
0.5 - 0.5 - 0.5 - 0.5 -
0 — 0 5 | V 0
0 20 4 7 0 2.5 5 0.6
Temp (°C) pH of food [HA] mM a,,

Yior = Y(T) - Y(pH) -y (HA) - y(ay,) = 0.049 - 0.109 - 1 - 0.96 = 0.005
L= Yot - Hope = 0.005 - 1 = 0.005 h-1

reduction factors Temp: 20.5, pH: 9.2, HA: 1, a,: 1.04

“f) — 135 h ~ 5.6 days

generation time =

=



Pro of gamma model

" Structured/transparent/simple

" Insight (gamma’s: ranking, how to influence)

® Quantitative
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Pro of gamma model

" Structured/transparent/simple

" Insight (gamma’s: ranking, how to influence)

® Quantitative

But

All models are correct ...... but they are not perfect
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Development of an international standard on the determination
and use of cardinal values for growth

15/05/2025

Mariem Ellouze,

Group Food Microbiology Senior Manager
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IWhy do we need standardization?

ﬂ From data to
mathematical models
From descriptive to predictive
science

Model: Simplification from * How you standardize the «wet» part is relatively easy
a certain point of view * How you standardize the «dry» part is less straightforward
flz—

What to omit is like an art.
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IWhy do we need standardization?

Type A Type B TypeC

Type F Type G Type H

Type K Typel Type M




IWhy do we need standardization ?
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Membré et al. 2002. Food Micro. Lillehammer. Norway, August 2002. In Conference Proceedings. Matforsk

Aovailable online at wwessciencedirect.com

9

Norwegian Food Research Instiute, pp. 143-146 & sciEnGE @ S o Mmooy
ELSEVIER Istemational Josemsl of Food Microbiology 100 (2009) 179185 —
Experimental protocols and strain variability of cardinal values (pH and a,) of bacteria o "
using Bioscreen C : microbial and statistical aspects. Temperature effect on bacterial growth rate: quantitative
Jeanne-Marie Membré!’, Benoit Leporq', Michéle Vialette’, Eric Mettler’, Louise Perrier* and microbiology approach including cardinal values and variability
Marcel Z‘ﬂ-‘iETEl‘iIIgJ. estimates to perform growth simulations on/in food
Jeanne-Marie Membré™®, Benoit Leporg®, Michéle Vialette®, Eric Mettler®,
) ) ) ) Louise Perrier®, Dominigue Thuault®, Marcel Zx\'ictcrillg""
»%}z—fé{}.;% Fvniaibée ontine & Wwiisclencanirctoom = — l—Cur.un:- [[  suwcumee ] Determination of Me earty stafonary phase |
:"‘;f'“l* .c.“u@mun- ‘ Inceraational fowral of Food Microbiolory 149 [1011) 254-261 ‘

Abundant literature on the topic... but great differences!

Possible methods for measurements : indirect (OD) vs direct (CFU) and others (conductivity)
Conditions of experiments: static (fixed) conditions vs dynamic (fluctuating) conditions
Models used: cardinal models vs square root model

Raw data used: growth rates vs transformations of the growth rates (sqrt, In)

Experimental design: a single or several factors tested at a time

All this has an influence on the result !' And on the use of predictive microbiology models for industrial

applications. Need for harmonization.
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IA journey that strated in 2017

4

« Secretariat: Marine Huart, AFNOR, Convenior: Nicolas Nguyen Van Long, ADRIA, Project Lead: Mariem Ellouze,
Ferrero
 Working Group:

Heidy M.W. den Besten, Wageningen University
Jeanne-Marie Membre, INRAE / ONIRIS
Yvan Le Marc, ADRIA

Panagiotis Skandamis, Agricultural Univerity of Athens 2024
Rachel Binet, FDA > July >>August>> Sept >> Oct >> Nov >> Dec >
Valérie Stahl, AERIAL

< < <

Thiemo Albert, University of Leipzig

Vasilis Valdramidis, National and Kapodistrian University of Athens before 5 July ~ 15 September ~ 5.15 December

Jurgen Chardon, RIVM :
° ‘ 12 weeks

© ©® N o g » 6w NP

[EnY
o

. Aldo Evers, Normec Foodcare GELIEcUCLM | Translations | JETS K} End of the
of the DIS into national the DIS
languages S

. Jiska Oostveen, FoodConsult = (2,5 months)

DIS

=
[EEN

. Paul in’'t Veld, Netherlands Food and Consumer Product Safety Authority

[N
N

[EnY
w

. Ursula Gonzales Barron, CIMO, LA SusTEC, Instituto Politécnico de Braganca
Comments of national
stakeholders

=
N

. Vasco Cadavez, CIMO, LA SusTEC, Instituto Politécnico de Braganca

[N
a1

. Alberto Garre, Universidad Politécnica de Cartagena

AN
(o2}

. Fabio Zuccon, Istituto Zooprofilattico Sperimentale del Piemonte

. Ruben Barcia Cruz, ANSES

(TSR =
o

. Nathalia Buss Da Silva, Nestlé Research



m FERRERO
The standard O
» & QUALITY
150,/DIS 23691:2024(E) Contents
I50/TC 34/5C9,/WG 19

Secretariat: AFNOR. = vi
Dare: 2025-w0¢-x00 8w e L o vii
1 4 .= 1
2 DL U L = = 2
Microbiology of the food chain — Determination and use of 3 Terms and definitions . cccccscscrrs s s ssrssssess s srssrassssss s esses s rassss sensmer s mrmsmesmemasmEeEssaran 2
cardinal values 4 e 1L o) L= 7
4.1 L 1T 7
4.2 GAMIIA FUNICTIOTLS ..o cesisissasin s sm s s sres e e sr s s s s s s i R AR R £ s S A A SR b 7
E L N 1 1 = i | 7
4.2.2 Describing effects of temMPeratiire. . s s s 8
4.2.3 Describing effects OF PH ettt st ss st s s s s s s 8
4.2.4 Describing effects of Gy . s s s s s s 9
4.2.5 Describing the effects of concentrations of iINhibitors ... s ssssssrsens 10
D I S S tage 4.3 Process of cardinal values and food correction factor determination ........siennans 10
4.4 Determination of the maximum specific growth rate ... e 11
B O N £ 4 = - 11
4.4.2 Binary dilution OD-based Method ... s s sassssssass 11
4.4.3 Direct plating method ... —————————————————— —— —— ———"— ' 12

Figure 1 — Microbial growth kinetic representing the plate counts results in (In CFU/g or
1) VErsus tIME (1] e sr e sssmmss e rnm s s s sanmmss s srm s smesn e s s s nm s s e s 12
4.5 Cardinal parameters determination ... ccsssr s s s s sss s s s sesms s s ssmsssess 13
4.6 Correction factor determination ... s s s s s s s msasans 13
4.7 B = s 14
4.8 Use of cardinal values and food correction factor in predictions ... sssiesaeans 15
5 Reagents and MATETIALS ... s csas ssssssssssas s s s s seseressassssssssssssssesessmsmsssessssssesnsssssssssssssans 15
6 L 0 16
7 Experimental design and data collection ... e renm s e s 16
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] The finishing line

2025

{ 4

Jogal

~ 24 March ~ 16 May befd}e S July

Launch of
the FDIS

End of Publication
the FDIS

= Preparation of
| %@ publication by
ISO secretariat :
DIS comments correction of the
adressed editorial comments
- Modification Editorial comments from of the FDIS

of the draft members of the national
mirror committees




User-friendly, freely

,l bl ¢ Professor
available co.mpu er Panos N. Skandamis
tool to Pr edict Agricultural University of Athens,

. . Greece
microbial growth pskan@aua.gr
; wfnﬂu
. R B
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Growth Predictor = Prof. PN. Skandamis, Agricultural University of Athens, Greece (pskan@aua.gr)

@ bout
— GAMMA CONCEPT IN PREDICTIVE MICROBIOLQ Welcome to Growth Predlctor
Predictive Micro

* 0PT G A MM A Er\‘.vy'a'mc.:‘e\ : A predictive modelling and QMRA software based o

MPERATURE

*15/835-OPT
/5-0PT LRy

gamma concept models .
Food Research International

lervine Available online 4 April 2025, 116329
ELS

The tool is comprised of three modules: primary and secondary model fitting, In Press, Journal Pre-proof  (7) What's this?
growth simulations and QMRA. e e

Developer: Prof. Panos N. Skandamis

Agricultural University of Athens,pskan@aua.gr

Primary model fitting is carried out with the Baranyi model, acc. to the templates
provided. Secondary model fitting involves the fitting of gamma models with 1 to
6 explanatory variables, acc. to the templates provided. Growth simulations under
static or dynamic conditions (relevant templates are provided too) are based . . .
on gamma models with or without interactions. Alternative gamma éi G ",

expressions for each variables can be selected both for fitting and growth rOWt redic to r new predic tlve
simulations. One of the novel features is the use of normal distributions to -

describe the variability in T, pH, a,, the levels of a single inhibitor and the inter-

strain variability in growth imits (Uops Trses PHmes OWirir MIC, €tC.).

st o s iy o modelling and quantitative microbial risk

mixing and cross-contamination (i.e, changes in prevalence and levels).

Variability can be introduced through a variety of probabilty distributions, for

3 S initial or storage time and product

; nea e assessment too
|= §= PH > log reductions during cooking, may be introduced as user-defined values or

probability distributions, respectively, or estimated by a Bigelow thermal

1= 9= PH inactivation model.

Variability in the cardinal values can be addressed in this module, too. Log H H H
change upwards (growth) or downwards (reduction) is described as a fixed PC[I'ICIgI otis N. Skﬂ I"Idﬂ mis =
value, or a normal distribution, or estimated with growth models. The trilinear
primary growth model is used for estimating log changes, based on g, obtained
by gamma models. The QMRA outputs include graphical distribution of ingested
dose and probability of illness (Py), as well as tabular estimates of the average
dose and P, mode and the 5 and 95 percentiles of the corresponding
distributions.

The user may select built-in dose-response models, e.g., for Salmonello, EHEC
and Listeria monocytogenes, or use own models by defining the parameters values
of beta-Poisson, beta-bi ial and binomial di P models.
Outputs can be downloaded in XL files.

TEMPERATURE

Predicting the troublemakers: Guidance and a computer tool to predict microbial growth, IAFP Webinar, 15 May 2025 3




https://skandamis.shinyapps.io/Microbial-Growth-Predictor-Dashboard/

Gamma models for the following terms:

Growth Predictor T, pH, aw and up to 6 inhibitors

@ User-defined conditions Available modules
* Fitting (primary/secondary)
* Stochastic growth simulations under

Bl Imported 'e-Platon’ file

@ Modular process Risk model StatiC/dyna mic conditions
* Variability in:
@ Estimation of cardinal values * Factors controlling microbial growth
* Growth limits
@ Primary model fitting  Lagtime (expressed as “ho”=‘the work to be done’)

* QMRA with 4 consecutive modules


https://skandamis.shinyapps.io/Microbial-Growth-Predictor-Dashboard/

Fitting module
Primary & Secondary
models

https://skandamis.shinyapps.io/Microbial-Growth-Predictor-Dashboard/

Predicting the troublemakers: Guidance and a computer tool to predict microbial growth, IAFP Webinar, 15 May 2025
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https://skandamis.shinyapps.io/Microbial-Growth-Predictor-Dashboard/

Pri lel fitting

STEP 2: Set starting values for

Cardinal Parameters

Y0 (Log CFU/g or ml): starting value
1

() Fixed

Yend (Log CFU/g or ml): starting value
&

[ Fixed

muopt: starting value
12

() Fixed

Lag time: starting value

18

[] Fixed

Fit the model

Save values

Restorevalues

STEP 1: Upload and plot the data to be fitted

Import data (XL) file acc, to the template

Browse..  Time_vs_LogN.dsx

Click here to download an XL Template

8-

Log CFU/g or ml

0 20 40
Time

Clear dataset

Upload complete

60

dN
dt

colour
@ Obs

— Fitted

qt Ne ™ _ P
qe+1 Hmax (1 - (Nmm) )Nt’ where G = Kp
he = In (1 + ql) = —In(ay) = Upaxt
o

STEP 3. Assess the Parameter Estimates

Parameter Estimate S5td_Error Percent_Rel_S5td_Error
¥ 2278 0.45934 21.68

Yrax 18.893 0.5506 2597

Mumax 0.315 0.0157 6.26

lag 11.883 2.7659 23.32

STEP 5. View the Predicted vs Observed plot

Pradicted Loghl




Growth Predictor =  Prof. PN. Skandamis, Agricultural University of Athens, Greece (pskan@aua.gr)

Predictive Mlcroblology to i

8 mported e Platon' il R 01==Te® OPT NG AMM I\ Enwomm| " WM A predictive modelling and QMRA software based on
» ®(5/&5-OPT | gamma concept models

®15/5-OPT e . ...‘ ¢

-defined conditions ’.MPERArURE

@ Modular process Risk model

Developer: Prof. Panos N. Skandamis
Agricultural University of Athens,pskan@aua.gr

@ Estimation of cardinal values

@ Primary model fitting
The tool is comprised of three modules: primary and secondary model fitting,
growth simulations and QMRA.

Primary model fitting is carried out with the Baranyi model, acc. to the templates
provided. Secondary model fitting involves the fitting of gamma models with 1 to
6 explanatory variables, acc. to the templates provided. Growth simulations under
static or dynamic conditions (relevant templates are provided too) are based
on gamma models with or without interactions. Alternative gamma
expressions for each variables can be selected both for fitting and growth
simulations. One of the novel features is the use of normal distributions to
describe the variability in T, pH, a,, the levels of a single inhibitor and the inter-
strain variability in growth limits (Uopn Tnie PHmine @Wemine MIC, etc.).

=S
e
g
£
Yol
e
-
o
&
o)
T
\
¥

The QMRA is comprised of 4 consecutive modules from primary production until
consumption. In addition to prevalence, the modules may also consider partition,
mixing and cross-contamination (i.e., changes in prevalence and levels).
Variability can be introduced through a variety of probability distributions, for
initial contamination, or re-contamination, storage time and temperature, product
characteristics, serving size and maximum population density. Fixed or variable
log reductions during cooking, may be introduced as user-defined values or
probability distributions, respectively, or estimated by a Bigelow thermal
inactivation model.

Variability in the cardinal values can be addressed in this module, too. Log
change upwards (growth) or downwards (reduction) is described as a fixed
value, or a normal distribution, or estimated with growth models. The trilinear

is used for estimating log changes, based on y,,,, obtained
by gamma models. The QMRA outputs include graphical distribution of ingested
dose and probability of illness (P;), as well as tabular estimates of the average
dose and P, mode and the 5 and 95 percentiles of the corresponding
distributions.

iPLRATURE

The user may select built-in dose-response models, e.g., for Sa/monella, EHEC
and Listeria monocytogenes, or use own models by defining the parameters values
of exponential, beta-Poisson, beta-binomial and binomial dose-response models.
Outputs can be downloaded in XL files.




Fitting Secondary
(cardinal) models



Gamma terms

e = ot [T r. (= min) . g (- AG ) Prax=P) e
r-----------;rie-f-_: min) (aw OP‘_lf‘i“_‘iQ____ : IMICy jactic acid] Pmax
11
i . {(NleaX _NIT)] 2 . (Coz max COZ equlllbI'lle): i 1— [DACU] (11— [AACU] g
: Nleax COZ max : : [MI CU dlacetate] [MI CU acetic acid]
I ‘ i
l : T L e
| T
E ) | Y<x
' X—Xpd) (X=X
:____-’ CMR(X) _ { maj)( mm) X, <X<X.
(Xo-pt - Xmm) {chpt Xmm](X X apti (X opt Xma:r l(?l 1 X 'I' Xmm nX ”
0, : i X=X
I
(pH—pHmin) : i
y(pH) = 1 = 20 P2 1 - (& )“1 "
MIC;

https://skandamis.shinyapps.io/Microbial-Growth-Predictor-Dashboard/
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STEP 2: Set starting values
for Cardinal Parameters

Secondary model fitting

T gamma term
Cardinal -
Import data (XL) file acc. to the template Select plot variable mumax
pH gamma term . - transformation
1 . SeleCt ga m ma ‘ : Browse... Secondary_Model_File.xlsx T O none
_ Cardinal - | o
terms to be fltted Click here to download an XL Template O Log (ln)
pH1/2-Aryani
pHmin-Presser colour
S . ® Obs
Two-variables o bred
0,452 S ..
fitting —pH=7
[] Fixed 2 PH=6.5
pH =06
2. Set the initial Tmin: starting value pH = 5.5
estimates of 0 . T
gamma [C] Fixed E
p aram ete IS Topt [or Tref]: starting value ;
(depending on the 37 2 3
cardinal terms) ) Fhed
Tmax: starting value
52 <
[C] Fixed
pHmin: starting value ’ - ziIE:I . -




STEP 3. Assess the Parameter Estimates

Parameter Estimate  Std_Error Percent_Rel_Std_Error
SQRT mumax (h-1) or muref  1.00 0.02606 2.5966
Tmin -8.64 1.91517 -22.1783
Topt 3038 0.58475 1.9246
Tmax 40.16 0.128599 0.3212
Fitti n pHmin 5.06 0.03118 0.6158
g pHopt 6.51 0.03275 0.5029
(@) Utp Uts pHmax 7.00 0.00477 0.0682

STEP 4. Assess the Goodness-of-Fit criteria

RMSE R2 AlC BIC

0.0649 0.956 -152.45 -135.17




Growth Predictor =  Prof. PN. Skandamis, Agricultural University of Athens, Greece (pskan@aua.gr)

@ About
oucimaiomains [ omire e SR EE DRGEERIMAREREE \\elcome to Growth Predictor
‘ Pradictlive M!crcbiolcoy
Soicd e ot e : 012=T¢® OPT YiER A predictive modelling and QMRA software based on
@ Modular process Risk model ' B ®(5/&5-OPT _ | gamma concept models

Developer: Prof. Panos N. Skandamis
Agricultural University of Athens,pskan@aua.gr

@ Estimation of cardinal values

@ Primary model fitting
The tool is comprised of three modules: primary and secondary model fitting,
growth simulations and QMRA.

Primary model fitting is carried out with the Baranyi model, acc. to the templates
provided. itting involves the fitting of gamma models with 1 to

WIATER 6 explanatory variables, acc. to the templates provided. Growth simulations under
static or dynamic conditions (relevant templates are provided too) are based
on gamma models with or without interactions. Alternative gamma
expressions for each variables can be selected both for fitting and growth
simulations. One of the novel features is the use of normal distributions to
describe the variability in T, pH, a,, the levels of a single inhibitor and the inter-
strain variability in growth limits (Uopw Trmin PHmine @Wemin, MIC, etc.).

Cccinma uhHom

The QMRA is comprised of 4 consecutive modules from primary production until
consumption. In addition to prevalence, the modules may also consider partition,
mixing and cross-contamination (i.e.,, changes in prevalence and levels).
Variability can be introduced through a variety of probability distributions, for
initial contamination, or re-contamination, storage time and temperature, product
characteristics, serving size and maximum population density. Fixed or variable
log reductions during cooking, may be introduced as user-defined values or
probability distributions, respectively, or estimated by a Bigelow thermal
inactivation model.

Variability in the cardinal values can be addressed in this module, too. Log
change upwards (growth) or downwards (reduction) is described as a fixed
value or a normal distribution, or estimated with growth models. The trilinear

is used for estimating log changes, based on y,,,, obtained

OLRATLR i [ by gamma models. The QMRA outputs include graphical distribution of ingested
<= : ! dose and probability of illness (P;), as well as tabular estimates of the average

,(,. %\

v A)

dose and P, mode and the 5 and 95 percentiles of the corresponding
distributions.

LTS

The user may select built-in dose-response models, e.g., for Salmonella, EHEC
and Listeria monocytogenes, or use own models by defining the parameters values
of exponential, beta-Poisson, beta-binomial and binomial dose-response models.
Outputs can be downloaded in XL files.

https://skandamis.shinyapps.io/Microbial-Growth-Predictor-Dashboard/_w_e082f2fef80945f28565e76616afa252/#shiny-tab-Intro
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Growth simulation
module
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Intr/Extrinsic factors Cardinal values

Deterministic vs stochastic growth limits

Fixed value v

[} Rosso model for [} Rosso model for

[] Rosso model for [] pH12 model for
I N=2 pH

Including the xsi interaction
term

Intr/Extrinsic factors Cardinal values

Deterministic vs stochastic growth limits

Fixed value A

[] Rosso model for Rosso model for
T°C pH

Rosso model for ] pH12 model for
aw pH

[] Including the xsi interaction
term

Selecting gamma terms
Applicable both for fitting & growth simulations

Module



Stochastic gI’OWth Variability considered as Norm distribution of:
SimUlation mOdUle: Intrinsic/Extrinsic factors *Growth limits

*Lag time
The backbone @ &
| |

. . : {Tmin’ Tmax’ Topt ]
- Static - Variables —:-,—.-,_ , \
ii i Average \anin AW ax aWopt )
i: . @ > oras: - p

Growth :: ~N(m’ SD) pHmin pHmax pHopt

simulations :[~ i : pPH, 5

[ MIC1 inhibitor]
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Dynamic — Other
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https://skandamis.shinyapps.io/Microbial-Growth-Predictor-Dashboard/
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Defining cardinal values

v )

ou may
calibrate the
model to
different foods
or strains via

muref (or muopt) 1/h

0,413

<>

this parameter

Tmin

-0,92

Tref (or Topt)

25

Tmax (when Rosso model is enabled)

48

4.4

pHopt (when Rosso model is enabled)

T

pHmax (when Rosso model is enabled)

8

pH12 (when pH12 model is enabled)

5,1

awmin

0,915

awopt or awref

1

awmax

<>

<>

<>

<>

<>

<>

<>

<>

<>

<>

Intr/Extrinsic factors Cardinal values Module

Intr/Extrinsic factors

Cardinal values Module

ppm or % of C02, or 02 in the product

Phenolics (ppm, mM, %, or else)

Lactate or citrate (ppm, mM, %, or else)

Acetate or citrate (ppm, mM, %, or else)

Sorbate, benzoate, or diacetate (ppm, mM, %, or
else)

MIC CO2, or 02

3140

Exp. 1 of CO2 or 02 term

0.5

MIC Phenolics

20

Exp. 1 of phenolics term

1

MIC Lactate or Citrate

50000

Exp. 1 of Lact/Citr. term

1

MIC Acetate or Citrate

15000

Exp. 1 of Acet/Citr. term

0.5

Exp. 2 of CO2 or 02 term

1

Exp. 2 of phenolics term

1

Exp. 2 of Lact/Citr. term

1

Exp. 2 of Acet/Citr. term

1

MIC Sorbate, benzoate or diacetate

2500

Exp. 1 of Sorb/benz/DA
term

0.3

FY
-

Exp. 2 of Sorb/benz/DA

term

1



Use this panel to define the Use this panel to define the
mean value (as point SD of each factor for use in

estimate) or as the mean the normal distributions
value of the distribution

Add more inhibitors

/p)
c
o
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O 0 6.5 13 195 25 325 39 455 &2 585 &5
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Use this panel to if you want Use this panel to define the SD
to use ONLY the mean cardinal parameters following
value of cardinal normal distributions

ility

b

parameters

Intr/Extrinsic factors Cardinal values Module Intr/Extrinsic factors Cardinal values Module
° : Deterministic vs stochastic growth limits Deterministic vs stochastic growth limits
CU Fixed value - Mormal dist. -
[ Rosso model for [ Rossa modelfor ] Rosso model for ] Rosso model for
) C T°C (n=2) pH (n=1} T°C (n=2) pH (n=1)
Rosso model for H12 model for
= e ] Rosso model for [J pH12 model for
aw (n=2) pH
aw (n=2) pH

©
| -
)
/p)
L
()
)

Including the xsi interaction term

muref (or muopt) 1/h

Including the xsi interaction term

Average muref(muopt) SD muref(muopt)
0.419
C 0.419 0
Tmin
0 —
282 Average Tmin SD Tmin
-2.83 0.5
C Tref (or Topt)
0 m—
25 Average Topt SD Topt
25 ]

Tmax (when Rosso model is enabled)

2

U 48 Average Tmax (when Rosso model is enabled)

X pHmin 48

I 4.597 .

C SD Tmax (when Rosso model is enabled)
— pHopt (when Rosso model is enabled) 0

T
Average pHmin SD pHmin
pHmax (when Rosso model is enabled) 4.97 0



Representative graphical outputs
(also capturing strain-to-strain variability

ed miconanisn

Lag t_ime variability

._Variability in lag time
and/or storage T°C,
pH, aw, or inhibitor

and/or growth limits

User defined microorganism , mumax (isotherma non applicable days *-1

ool Growth curves ——
Liser delined
) =

User defined microorganism , mumax (isothermal) = non applicable days *-1

Dynamict-T  :
condition.and
varlabllltyln pH aw

. ; and/or the growth

g ............ - 5o g llmlts . .

; DL ORI T g . ;

: L -
Dynamic t-T-pH-aw

conditions & variability in
the growth limits

Thermal inactivation (e.g.,
cooking) after growth



& aw"10, pH (in dynamic conditions)

Digging further to thermal

Inactivation module

User defined microorganism

. mumax (isothermal) = non applicable days *-1

Time (days )

Thermal inactivation
(e.g., cooking) after
growth acc. to the
input panel on the
right

Select modules
) Growth
® Growth & Inactivation

Dref (min)

38 S
Tref

52 <
F

T v
Heating Temp

48 100
WIII|II|II|II|II|II|II|II|

43 532 584 6386 688 T4 THZ B44 896 848 100

Heating time (min)

n 140
* |II|II|II|II|II|IIIII|II|II|

0 14 238 4 58 70 g4 83 12 125 140



1.
Simulations under static
conditions,
deterministically or stochastically
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Growth Predictor =  Prof. PN. Skandamis, Agricultural University of Athens, Greece (pskan@aua.gr)

@ About
-~ GAMMA CONCEPT IN PREDICTIVE MICROBIOLO Welcome to Growth Predictor
Predictive Mlcroblology WateR A
BB imported ‘e-Platon’ fle L 0 ==-Te® OPT GAMMA Em,\romm; 1] A predictive modelling and QMRA software based on
2 ®|5/&5-OPT gamma concept models

@ User-defined conditions I MPERATURE

@ Modular proc isk model

Developer: Prof. Panos N. Skandamis
Agricultural University of Athens,pskan@aua.gr

@ Estimation of cardinal values

@ Primary model fitting

The tool is comprised of three modules: primary and secondary model fitting,
growth simulations and QMRA.

Primary model fitting is carried out with the Baranyi model, acc. to the templates
provided. Secondary model fitting involves the fitting of gamma models with 1 to
6 explanatory variables, acc. to the templates provided. Growth simulations under
static or dynamic conditions (relevant templates are provided too) are based
on gamma models with or without interactions. Alternative gamma
expressions for each variables can be selected both for fitting and growth
simulations. One of the novel features is the use of normal distributions to
describe the variability in T, pH, a,, the levels of a single inhibitor and the inter-
strain variability in growth limits (oo Tmine PHmine OWmin MIC, etc.).

ccinm @ umhmm

The QMRA is comprised of 4 consecutive modules from primary production until
consumption. In addition to prevalence, the modules may also consider partition,
mixing and cross-contamination (i.e., changes in prevalence and levels).
Variability can be introduced through a variety of probability distributions, for
initial contamination, or re-contamination, storage time and temperature, product
characteristics, serving size and maximum population density. Fixed or variable
log reductions during cooking, may be introduced as user-defined values or
probability distributions, respectively, or estimated by a Bigelow thermal
inactivation model.

Variability in the cardinal values can be addressed in this module, too. Log
change upwards (growth) or downwards (reduction) is described as a fixed
value, or a normal distribution, or estimated with growth models. The trilinear

primary growth model is used for estimating log changes, based on y,,,, obtained
by gamma models. The QMRA outputs include graphical distribution of ingested

EOLRATURE
NN . | dose and probability of illness (P;), as well as tabular estimates of the average

dose and P, mode and the 5 and 95 percentiles of the corresponding
distributions.

(TR
\ B a4

o 0

The user may select built-in dose-response models, e.g., for Sa/monella, EHEC
and Listeria monocytogenes, or use own models by defining the parameters values
of exponential, beta-Poisson, beta-binomial and binomial dose-response models.
Outputs can be downloaded in XL files.

TEMPERATURE
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2a.
Simulations under dynamic
conditions,

deterministically or stochastically
(STARTING FROM A TABLE)

Predicting the troublemakers: Guidance and a computer tool to predict microbial growth, IAFP Webinar, 15 May 2025
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Growth Predictor =  Prof. PN. Skandamis, Agricultural University of Athens, Greece (pskan@aua.gr)

@ About
-~ GAMMA CONCEPT IN PREDICTIVE MICROBIOLO Welcome to Growth Predictor
Predictive Mlcroblology WateR A
BB imported ‘e-Platon’ fle L 0 ==-Te® OPT GAMMA Em,\romm; 1] A predictive modelling and QMRA software based on
2 ®|5/&5-OPT gamma concept models

@ User-defined conditions I MPERATURE

@ Modular proc isk model

Developer: Prof. Panos N. Skandamis
Agricultural University of Athens,pskan@aua.gr

@ Estimation of cardinal values

@ Primary model fitting

The tool is comprised of three modules: primary and secondary model fitting,
growth simulations and QMRA.

Primary model fitting is carried out with the Baranyi model, acc. to the templates
provided. Secondary model fitting involves the fitting of gamma models with 1 to
6 explanatory variables, acc. to the templates provided. Growth simulations under
static or dynamic conditions (relevant templates are provided too) are based
on gamma models with or without interactions. Alternative gamma
expressions for each variables can be selected both for fitting and growth
simulations. One of the novel features is the use of normal distributions to
describe the variability in T, pH, a,, the levels of a single inhibitor and the inter-
strain variability in growth limits (oo Tmine PHmine OWmin MIC, etc.).

ccinm @ umhmm

The QMRA is comprised of 4 consecutive modules from primary production until
consumption. In addition to prevalence, the modules may also consider partition,
mixing and cross-contamination (i.e., changes in prevalence and levels).
Variability can be introduced through a variety of probability distributions, for
initial contamination, or re-contamination, storage time and temperature, product
characteristics, serving size and maximum population density. Fixed or variable
log reductions during cooking, may be introduced as user-defined values or
probability distributions, respectively, or estimated by a Bigelow thermal
inactivation model.

Variability in the cardinal values can be addressed in this module, too. Log
change upwards (growth) or downwards (reduction) is described as a fixed
value, or a normal distribution, or estimated with growth models. The trilinear

primary growth model is used for estimating log changes, based on y,,,, obtained
by gamma models. The QMRA outputs include graphical distribution of ingested

EOLRATURE
NN . | dose and probability of illness (P;), as well as tabular estimates of the average

dose and P, mode and the 5 and 95 percentiles of the corresponding
distributions.

(TR
\ B a4

o 0

The user may select built-in dose-response models, e.g., for Sa/monella, EHEC
and Listeria monocytogenes, or use own models by defining the parameters values
of exponential, beta-Poisson, beta-binomial and binomial dose-response models.
Outputs can be downloaded in XL files.

TEMPERATURE

61



2Db.
Simulations under dynamic
conditions,

deterministically or stochastically
(STARTING FROM A FILE)
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Growth Predictor =  Prof. PN. Skandamis, Agricultural University of Athens, Greece (pskan@aua.gr)

@ About
-~ GAMMA CONCEPT IN PREDICTIVE MICROBIOLO Welcome to Growth Predictor
Predictive Mlcroblology WateR A
BB imported ‘e-Platon’ fle L 0 ==-Te® OPT GAMMA Em,\romm; 1] A predictive modelling and QMRA software based on
2 ®|5/&5-OPT gamma concept models

@ User-defined conditions I MPERATURE

@ Modular proc isk model

Developer: Prof. Panos N. Skandamis
Agricultural University of Athens,pskan@aua.gr

@ Estimation of cardinal values

@ Primary model fitting

The tool is comprised of three modules: primary and secondary model fitting,
growth simulations and QMRA.

Primary model fitting is carried out with the Baranyi model, acc. to the templates
provided. Secondary model fitting involves the fitting of gamma models with 1 to
6 explanatory variables, acc. to the templates provided. Growth simulations under
static or dynamic conditions (relevant templates are provided too) are based
on gamma models with or without interactions. Alternative gamma
expressions for each variables can be selected both for fitting and growth
simulations. One of the novel features is the use of normal distributions to
describe the variability in T, pH, a,, the levels of a single inhibitor and the inter-
strain variability in growth limits (oo Tmine PHmine OWmin MIC, etc.).

ccinm @ umhmm

The QMRA is comprised of 4 consecutive modules from primary production until
consumption. In addition to prevalence, the modules may also consider partition,
mixing and cross-contamination (i.e., changes in prevalence and levels).
Variability can be introduced through a variety of probability distributions, for
initial contamination, or re-contamination, storage time and temperature, product
characteristics, serving size and maximum population density. Fixed or variable
log reductions during cooking, may be introduced as user-defined values or
probability distributions, respectively, or estimated by a Bigelow thermal
inactivation model.

Variability in the cardinal values can be addressed in this module, too. Log
change upwards (growth) or downwards (reduction) is described as a fixed
value, or a normal distribution, or estimated with growth models. The trilinear

primary growth model is used for estimating log changes, based on y,,,, obtained
by gamma models. The QMRA outputs include graphical distribution of ingested

EOLRATURE
NN . | dose and probability of illness (P;), as well as tabular estimates of the average

dose and P, mode and the 5 and 95 percentiles of the corresponding
distributions.

(TR
\ B a4

o 0

The user may select built-in dose-response models, e.g., for Sa/monella, EHEC
and Listeria monocytogenes, or use own models by defining the parameters values
of exponential, beta-Poisson, beta-binomial and binomial dose-response models.
Outputs can be downloaded in XL files.

TEMPERATURE
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based on
gamma concept



Growth Predictor =  Prof. PN. Skandamis, Agricultural University of Athens, Greece (pskan@aua.gr)

@ About
Intr/Extrinsic factors Cardinal values Module Growth curves Growth/No growth interface Import/Export data

@ User-defined conditions

Static vs Dynamic conditions Time units User defined microorganism , mumax (isothermal) = 0.2384 days -1 Independent data
B Imported 'e-Platon' file lsothermal - ) Days Choose one of the following v
) Hours 100
@ Modular p odel
e SD of Temp. distr. SD of Time distr. % & Dovinload Model ETE
@ Estimation of cardinal values 0 0
Built-in dbase models
@ Primary model fitti SD of pH. distr. SD of aw distr.
0 0 Microorganism  pHmin  pH12 Tmin Tmax awmin awopt aw
Click r user guide fil o o a Salmonella 450 510 720 4800 083 1.0
SD of Inhibitor1 distr. Num,. of iterations
STEC 4.50 5.50 9.20 48.00 0.54 1.00
0 1 7
% Bacillus cereus 4.30 550 1030 55.00 0.95 1.00
Storage T°C E
9
0 @ 85 E 5 "
ﬁlI|II|II|II|II|II|II|II|II| §
0 B5 13 105 25 325 W 455 52 55 6 = fil
: 5.9%Cl
Storage time (days) g
L] .
0 B8 95 » Log increase From To Average
m T | T | T | T | T | T |II| _|_:_n 3
0 10 20 3 40 50 80 T0 80 9065 z 2days  29.2days  29.2days
3]
g

3 @ 75
T 25+

3 345 30 435 48 525 &7 6815 66 705 TS

in

aw

0.8 1
|||||||

0.88 0292 D204 0015 0028 084 0252 0954 0075 0888 1

Inhinitor 1 (%, ppm, mM...)
0 140} ag0
-!_I I-!-I I-l._l I_l--l I-l-l I-!_I T .l- _" II: _:1

skandamis.shinyapps.io/Microbial-Growth-Predictor-Dashboard/.../downloadData?w=ea956e 7 7deTed 35b822a54d22. . Time ( days )
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On-line demo

Modular process Quantitative Microbial Risk Assessment
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Specific features

Partitioning (0-1) Partitioning
. . .. @ No partition
Mixing (Initial + Added mass) O Partition
Cross-contamination (P, levels) O Mixing

Initial mass (g: 0-infinity)

Variability (Probability dist/tions) 1

e |nitial contamination
e Time, T, ho, Cardinal values, Growth/reduction
e Serving size + uncertainty in prevalence (Beta distr.)

Added mass (g: 0-infinity)

1

P cross-contamination (0-1)

Dose response ;

e Built-in (literature) DR models
Dose st Hal Mg . Cross- (re-)contamination levels
e User-defined models (re)

Lower Asymptote (a)

e Beta-Poisson, (Beta-)Binomial, Exponential Pert v




On-line demo

Modular process Quantitative Microbial Risk Assessment

Consumer exposure
Estimate of risk per
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Temperature distribution

‘ Gammd
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Fixed value
MNormal
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Dynamic profile
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Histogram of Temperature

30

20

10

Temperature2

Temperature distribution
Dynamic profile -

Download an XL Template

Import time-T (XL) profile

Browse... Mo file selected

Download an XL Template
Import time-T (XL) profile

Browse... Multiple_Time-1

Upload complete

ToC
L]
|

70
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Growth Predictor

Prof. P.N. Skandamis, Agricultural University of Athens, Greece (pskan@aua.gr)

@ About

@ User-definld conditions

B Imported 'e-Platon’ file

@ Modular odel

https://ckandamis.chinyapps.io/ MicrobiaI-Gro-.\fth-Predictor-Dashboardj_w_Fe2528d33a934%b?bt_:bFObda89?69Ta SE.

Intr/Extrinsic factors

Static vs Dynamic conditions

Isothermal
SD of Temp. distr.
0

SD of pH. distr.

0

SD of Inhibitor1 distr.

Storage T°C

°Q

Cardinal values Module

Time units

() Hours

SD of Time distr.

SD of aw distr.

Num, of iterations

a5

b e AN AN RANRRRRRN AN

0 65 13 105 28 325

Storage time (days)

: (20

455 52 585 65

a5

m-.-'|"_|"|"|"|"|"|

1] 0 20 3 40

pH

: @

70 B0 9005

7.5

s man e A

3 345 30 435 48 525

aw
088

57 6815 685 TOS 75

1

-/

0.88 0.292 D904 0016 0628 004 0952 0044 0676 0888 1

Inhinitor 1 (%, ppm, mM...)

@

400

T

Growth curves

Loeg CFU/g & aw*10, pH (in dynamic conditions)

=]

User defined microorganism , mumax (iscthermal) = 0 days -1

W
in

Growth/No growth interface

Time | days )
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& Download Model Outputs

Built-in dbase models
Microorganism  pHmin  pH12 Tmin Tmax awmin awopt aw
Salmonella 4.50 5.10 7.20 48.00 0.03 1.00
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Bacillus cereus 4.30 590 10,30 55.00 0.95 1.00
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Risk graph Sensitivity analysis
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Thank you!

Professor
Panos N. Skandamis

Agricultural University of Athens,

Greece
pskan@aua.g
| ) -
g.} L Agricultural University of Athens "d"’ B
o Department of Food Science & 54 Technology n 3 ! ﬂ
B B

Predicting the troublemakers: Guidance and a computer tool to predict microbial growth, IAFP Webinar, 15 May 2025
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1. Load Training Dataset

Browse...

Download an XL Template
Specify the number of variables

19

Independent variable type
@ Continuous (ANN,SVM PLSR)
(O Categorical (PLS-DA)

Actions for fitting (pre-processing)

Log10 transformation of dependent variable
(] Savitzky-Golay smoothing
SNV transf/tion to independent (predictor) variables

(Auto)-scaling of independent variables for fitting

Actions for PCA
Apply autoscaling for PCA

(] Apply rangescaling for PCA

Machine learning algorithm

(O Artificial Neural Networks (1 hidden layer)
(O Random Forest Regression

(O Supporting Vector Machines (Linear)

(O Supporting Vector Machines (Non Linear)
@ Partial Least Square Regression

(] Bootstrapping for Cl estimation of PLSR coefficients

About

Training Graphs PCA

Testing (validation) with independent data PLSR summary PLS-DA training

© Prof. Panagiotis N. Skandamis (pskan@aua.gr), Agricultural University of Athens, 2025

Partial Least Support Vector
Squares Regres- Machines

A

sion

Artificial
Neural
Nettworks

Random Forest
Regression

Random Forest Regression GoF
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Concept-Design Interactive tool

International Journal of Food Microbiology 141 (2010) 137-150

Contents lists available at ScienceDirect

International Journal of Food Microbiology

ilg\)i :\l ER journal homepage: www.elsevier.com/locate/ijfoodmicro

Predicting growth rates and growth boundary of Listeria monocytogenes — An
international validation study with focus on processed and ready-to-eat meat
and seafood

Ole Mejlholm ?, Annemarie Gunvig °, Claus Borggaard , Jesper Blom-Hanssen °, Lyndal Mellefont €,
Tom Ross ¢, Francoise Leroi ¢, Tony Else ¢, Diana Visser ¢, Paw Dalgaard **
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Handbooks/textbooks, review articles, Laboratory analysis, Scientific publications, data Spatio-temporal illustration,
Expert knowledgey certification technical papers bases, statistigal process control intéractive tools, cloud-
aged applications, (Al),
ChatGPT

Wisdom

Information Knowledge !

1(?)

“...From humancene (‘avSpwnokaiwvo’), Gaea
Theory, to Novacene (kawvokaivo) of hyper-
intelligence ...”. James Lovelock

& t Agl’iCU|tUl'a| Univel’SitY Of Athens EE To kpéag Kal ta mpotovra tou, 31/01-2/2. 2025, Oscoaiovikn, MN SKANAAMHSE
A X !
] \ Department of Food Science gy Technology — — y ' ”




Roadmap of quantitative microbiology

Software Fair sessions:
IF (Paris, Rio de Janeiro, Braganca):
g 2011, 2015, 2019
FoodMicro (Berlin):
A 2018
. |AFP (Tampa, Louisville):
\ 2017,2019
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IAFP Offers Open Access to Webinars During June 2025! Food Protection,
- WEBINAR

i 7N &3
Food and Agriculture 7 :3’ World Health susr&l}?‘n

Organization of the

N M =k DEVELOPMENT
United Nations & Organization GOALS

7June 2025
World Food Safety Day

Food safety:
science
in action

#WorldFoodSafetyDay

World Food Safety Day is June 7, 2025 Scan to link

In recognition of this day to increase awareness about food safety, IAFP will provide

open access from June 1-30, 2025
to all recorded webinars in the IAFP archives for non-Members.

(Please share this message with your colleagues.)
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International Association for

\_~ food Protection,
WEBINAR

Future Webinars

May 27, 2025 Bringing Food Safety Indoors: Food safety insights for indoor, vertical and modern greenhouse farming

June 3, 2025 Sanitation Break: Legal Interpretation and Industry Practice

June 3, 2025 Risk-Based Approaches to Sanitation in Dry Processing Environments

June 5, 2025 Hygienic Design & Monitoring Strategies to Prevent In-Process Contamination in Food and Beverage
Applications

https://www.foodprotection.org/events-meetings/webinars/
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International Association for

Be sure to follow us on social media O riiesion
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International Association for

Food Protection,
WEBINAR

This webinar is being recorded and will be available for access by IAFP
members at www.foodprotection.org within one week.

Not a Member? We encourage you to join today.
For more information go to: www.FoodProtection.org/membership/

All IAFP webinars are supported by the IAFP Foundation with no charge to participants.

Please consider making a donation to the IAFP Foundation so we can continue to

IAFP
FOUNDATION

provide quality information to food safety professionals.



http://www.foodprotection.org/resources/webinar-archive/
http://www.foodprotection.org/membership/
http://www.foodprotection.org/about/iafp-foundation/

	Slide 1
	Slide 2: Webinar Housekeeping
	Slide 3
	Slide 4: How to predict growth microorganisms?
	Slide 5: Decision support system
	Slide 6: Growth of microorganisms
	Slide 7: Example: Escherichia coli
	Slide 8: Example: Escherichia coli
	Slide 9: Example: Escherichia coli
	Slide 10: Example: Escherichia coli
	Slide 11: Example: Escherichia coli
	Slide 12: Growth of bacteria
	Slide 13: Exponential growth
	Slide 14: Exponential growth
	Slide 15: Exponential growth
	Slide 16: Exponential growth
	Slide 17: Prediction of  using gamma model
	Slide 18: Gamma model: fraction of growth rate
	Slide 19: Gamma model: fraction of growth rate
	Slide 20: Gamma model: fraction of growth rate
	Slide 21: Gamma model: fraction of growth rate
	Slide 22: Gamma model: fraction of growth rate
	Slide 23: Gamma model: fraction of growth rate
	Slide 24: Gamma model: fraction of growth rate
	Slide 25: Gamma model: fraction of growth rate
	Slide 26: Estimation of 
	Slide 27: Estimation of  and ranking of effects
	Slide 28: Estimation of  and ranking of effects
	Slide 29: Pro of gamma model
	Slide 30: Pro of gamma model
	Slide 31
	Slide 32: Why do we need standardization?
	Slide 33: Why do we need standardization?
	Slide 34: Why do we need standardization ?
	Slide 35: A journey that strated in 2017
	Slide 36: The standard
	Slide 37: The finishing line
	Slide 38: User-friendly, freely available computer tool to predict microbial growth
	Slide 39
	Slide 40
	Slide 41: Fitting module Primary & Secondary models
	Slide 42: Primary model fitting
	Slide 43
	Slide 44
	Slide 45: Gamma terms
	Slide 46: Secondary model fitting
	Slide 47: Fitting outputs
	Slide 48
	Slide 49: Growth simulation module
	Slide 50: Gamma terms
	Slide 51: Selecting gamma terms Applicable both for fitting & growth simulations
	Slide 52
	Slide 53: Defining cardinal values
	Slide 54: Use this panel to define the mean value (as point estimate) or as the mean value of the distribution
	Slide 55: Use this panel to if you want to use ONLY the mean value of cardinal parameters
	Slide 56:  Representative graphical outputs  (also capturing strain-to-strain variability
	Slide 57: Digging further to thermal inactivation module
	Slide 58: 1. Simulations under static conditions,  deterministically or stochastically
	Slide 59
	Slide 60:    2a. Simulations under dynamic conditions,  deterministically or stochastically (STARTING FROM A TABLE)
	Slide 61
	Slide 62:    2b. Simulations under dynamic conditions,  deterministically or stochastically (STARTING FROM A FILE)
	Slide 63
	Slide 64: Growth/No Growth interface  based on  gamma concept
	Slide 65
	Slide 66: QMRA Module
	Slide 67
	Slide 68: Specific features
	Slide 69
	Slide 70: Integrating time-T profiles in QMRA for 3 modules
	Slide 71: Risk Table
	Slide 72
	Slide 73
	Slide 74: Thank you!
	Slide 75
	Slide 76
	Slide 77
	Slide 78: Roadmap of quantitative microbiology
	Slide 79: Questions?
	Slide 80
	Slide 81: Future Webinars     May 27, 2025     Bringing Food Safety Indoors: Food safety insights for indoor, vertical and modern greenhouse farming  June 3, 2025     Sanitation Break: Legal Interpretation and Industry Practice  June 3, 2025 Risk-Based Ap
	Slide 82
	Slide 83
	Slide 84

