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WEBINAR HOUSEKEEPING

Alt is important to note that all opinions and statements are those of the indivic
making the presentation and not necessarily the opinion or view of IAFP.

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

AThis webinar is being recorded and will be available for access by IAFP mernr
within one week.
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Dr. Heidy den Besten
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"How to predict growth of
microorganisms?"

Fundamental principles of microbial
growth prediction, key factors
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Dr. MariemEllouze

Ferrero

"Development of an international
standard on the determination and
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efforts for microbial growth
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"Userfriendly, freely available
computer tool to predict microbial
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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

AAll models are wrong éé

AAll models are correct
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Growth of microorganisms

A Bacterial growth:1 7 27 47 871 16717 321 é. ("F2

A Generation time: time to generate a new generation
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Example: Escherichia coll

t=0 min :
Generation 0

.

- — 20=1 cell i



Example: Escherichia coll

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

- —  20=1cell i 2'=2cells



Example: Escherichia coll

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

- — 20=1 cell i . 22=4 cells



Example: Escherichia coll

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

- —  20=1cell | 2'=2cells i 22=4cells i 2°=8cells



Example: Escherichia coli

t=0 min t=20 min t=40 min t=60 min t=8h
Generation O §Generation2 Generation 24

- —  20=1cell : . 22=4cells : 224 =1 . 7 Adells



Growth of bacteria

AExponential growth: 1 i 21 47 87 167 327 é. (") :'% .
A Growth curve: log N / g

N = number of cells log N/g
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Exponential growth
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Exponential growth

06 0 g OO0 U &g 1 10C 11 &€ é¢
0 n = number of generations
=’ t =time (hour)
23 GT = generation time (hour)



Exponential growth
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0 n = number of generations
=’ t =time (hour)
o .+ slope= k GT = generation time (hour)
e k = growth rate on logscale (logy/h)



Exponential growth
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Prediction of musing g amma model

AGrowth rate is affected by multiple factors (e.g., Temp, pH, HA, a
that act independently
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Gamma model: fraction of growth rate

1 -

Y(T)
0.5 -

0

0 20 37 43
Temp (°C)
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The fraction of T, is termed A A0



Gamma model: fraction of growth rate

The fraction of T, is termed A A0

1 -

Y(T)
0.5 -

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

The fraction of T, is termed A A0

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

The fraction of T, is termed A A0

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 -
TC 1 - o O ® (pH-pHm_in )
~ H . —pH.
S 05 7 Hinax = Hopt (1 —2 (P ””)
< TPHUZ

EEEEEEEEEEEEEEEEEEE Aryani et al., 2015
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Gamma model: fraction of growth rate

The fraction of T, is termed A A0
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Gamma model: fraction of growth rate

1 _
Y(T)
0.5 -
0 |
0 20
Temp (°C)
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Gamma model: fraction of growth rate

1 -
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Cardinal parameters
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Estimation of m

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

1 - 1 - 1 - 1 -
y(T) y(pH) (o / y(aw)
0.5 - 0.5 - 0.5 - 0.5 -
0 20 2 f 7 0 2.5 5 0.6
Temp (°C) pH of food [HA] mM a,

( r(A)ér®0é ((( DEr(A) 0. 0AO10ALI0O. 9660005
m r & 0. BGA1=0. GM”?
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Estimation of mand ranking of effects

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

1 - 1 - 17 1 -
v(T) v(pH) (o / y(aw)
0.5 - 0.5 - 0.5 - 0.5 -
0 - | 0 - , 0\_1,/ 0
0 20 Z t 7 0 2.5 5 0.6
Temp (°C) pH of food [HA] mM Ay

( r(AD)ér®0é (( DEr(A) 0. 0AO10ALIO0. 9560. ®O
m r & 0. BGA1=0. GM”?

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

=



Estimation of mand ranking of effects

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

1 - 1 - 17 1 -
v(T) v(pH) (o / y(aw)
0.5 - 0.5 - 0.5 - 0.5 -
0 - | 0 - , 0\_1,/ 0
0 20 Z t 7 0 2.5 5 0.6
Temp (°C) pH of food [HA] mM Ay

( r(AD)ér®0é (( DEr(A) 0. 0AO10ALIO0. 9560. ®O
m r & 0. BGA1=0. GM”?

:1.04

Ww*

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

generation time = % 135ha5. days

=



Pro of gamma model

A Structured/transparent/simple
Alnsight (gammaos: ranki ng, how to I nf

A Quantitative
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Pro of gamma model

A Structured/transparent/simple

Alnsight (gammaos: ranki ng, how to I nf
A Quantitative
But
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Development of an international standard on the determinati
and use of cardinal values for growth
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Mariem Ellouze,

Group Food Microbiology Senior Manager
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IWhy do we need standardization ?

From data to

J mathematical models
From descriptive to predictive
science

Model: Simplification from A How youstandardizthe et partsrelativelyeasy
(] 3 certain point of view A How youstandardizthe «dry» pais lessstraightforward
P —

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

Membré et al. 2002. Food Micro, Lillehammer, Norway, August 2002. In Conference Proceedings. Matforsk lh«;*&:: Available online at www.sciencedirect.com
Norwegian Food Research Institute, pp. 143-146 Fo orenos @u..-¢r~ semnot o 9
ELSEVIER Itematsanal Jownal of Food Microbiclogy 100 20055 179- 156 —_—

wandsovicrcomylocale/ijffoodmsas

Experimental protocols and strain variability of cardinal values (pH and a,) of bacteria

using Bioscreen C : microbial and statistical aspects. Temperature effect on bacterial growth rate: quantitative

Jeanne-Marie Membre™ , Benoit Leporq’, Michele Vialette™, Eric Mettler’, Louise Perrier* and microbiology approach including cardinal values and variability
Marcel Zwietering” estimates to perform growth simulations on/in food
=¥iL =

2 i, 5 L - a - b C £
Jeanne-Marie Membré®®, Benoit Leporg®, Michéle Vialette”, Eric Mettler®,
5 . d " & - . . Al
] ] ] ] Louise Perrier®, Dominigque Thuault®, Marcel Zwictering™
;1-}*{"".__"*-1. Avdilable online at www.sciencedinect.com S = - —— e ==
'@;'—E"é,_*gg — | Cunure [[  suwcumee ] Determination of Me earty stafonary phase |
PR F o

u:um:l@nml:r- ‘ Incernational Jomrnal of Food Microbiclogy 149 (1011) 254-261 ‘

Abundant literature on the topice but great differences!

A Possible methods for measurements : indirect (OD) vs direct (CFU) and others (conductivity)
A Conditions of experiments: static (fixed) conditions vs dynamic (fluctuating) conditions

A Models used: cardinal models vs square root model

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

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

A 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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IAjourney that strated in 2017

4

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

o o

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

© ©® N o g » 6w NP

Jurgen Chardon, RIVM

12 weeks

. 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)

[EnY
o

DIS

=
[EEN

.Pauli n\W&ld, 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

[EnY
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
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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 ... i s ssssssssssssssssssssssssssssssssss s sess s sessessesesenssssnssss 15
6 F N 1 i L 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




Userfriendly, freely

llable computer rofessor
avalla : P Panos N. Skandamis
tOOI tO predICt Agricultural University of Athens,

Greece

m |Cr0b|a| g rOWth pskan@aua.gr

5 | o :
7 Agricultural University of Athens ; ’n" B
g}\ Department of Food Science @b Technology “a‘?!*!! g
dn

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



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 39
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https://skandamis.shinyapps.io/Microbial -Growth-Predictor-Dashboard/

Growth Predictor

@ User-defined conditions

Bl Imported 'e-Platon’ file

& Modular process Risk model

@ Estimation of cardinal values

@ Primary model fitting

Gamma models for the following terms:
T, pH,aw and upto 6 inhibitors

Avallable modules
A Fitting (primary/secondary)
A Stochastic growth simulations under
static/dynamic conditions
A Variability in:
A Factors controlling microbial growth

A Growth limits ) o
A Lagtime (expressedc¢ } Habalthie workto H I3 LT Y U |

A QMRAwith 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/

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

Upload complete

Click here to download an XL Template

8-

Log CFU/g or ml

0 20 40 60
Time

Clear dataset

dN
dt

colour
@ Obs

— Fitted

Ne ™ P
1 Hmax (1_( t) )Nt: where Qt:K_t

qe+1 Nmax P

1

he = In (1 + —) = —In(ay) = Upaxt

do

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

(I'—Tiin) r (aw — Oy min) (PHmin—PH) ( LAG] (Prax —P) v
Moy = !-lref' |: — . “11—10 min | 1— . MaX ' / vesssssssssssnnsnnnnns
r-----------;rie-f-: min) (aw opt _If‘i“_“g__{_., : } [MICU lactic acid] Pmax
I 1
B {(Nleax—NlT)] 2, (COmmax—COncqumnum )i, [ IDAC] ). (,_ [ IAAG "
i Nleax COZ max : i [MI CU dlacetate] [MI CU acetic acid]
| ’ e R S
| oo
i 0, : X <X
' X=Xpat) (X=X
:____-’ CMR(X) _ { maj)( mm) : X, <X<X.
(Xo-pt N Xmm) {chpt Xmm](X Xﬂpti (Xupt - Xmax) l(?l N ]')Xg-pt T Xmin - ‘."IX”
0, : i : X=X
I
E (PH-PHppin) : i :
— i _ 9(PHpin-PHyp)E~ "= 11n2
y(H) =1 - 27 min 7712 = o1 — ( Ci )”
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 hd

Import data (XL) file acc. to the template Select plot variable mumax
transformation

pH gamma term

Browse... Secondary_Model_File.xlsx T -
O none

1. Select gamma -
‘ Cardlnal‘ -~ ‘ postlLsnmpe @ SQRT

terms to be fltted . Click here to download an XL Template O Log (in)
pH1/2-Aryani
colour

pHmin-Presser

S . ® Obs
Two-variables o ored
0,452 -
fitting ——pH=7
0.9- pH = 6.5
e

<>

[C] Fixed
2. Set the Inltlal Tmin: starting value pH = 5.5
estimates of ° - T
gamma [[] Fixed E I
param ete s Topt [or Tref]: starting value ;
(depending on the - : ]
cardinal terms) o e |
Tmax: starting value
52 < .
[C] Fixed |
4] 10 2-:3! 30 40

pHmin: starting value



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
0 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

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



Growth simulation
module



MIC;
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Gamma terms
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Intr/Extrinsic factors Cardinal values Module Intr/Extrinsic factors Cardinal values Module

Deterministic vs stochastic growth limits Deterministic vs stochastic growth limits

Fixed value hd Fixed value v

[] Rosso model for [} Rosso model for [} Rosso model for Rosso model for
Tc | pH T°C pH

[J Rosso model for [J pH12 model for Rosso model for [C] pH12 model for
VA =2 pH aw pH

Including the xsi interaction [[] Including the xsi interaction
'tEﬂTI 'term

Selecting gamma terms
Applicable both for fitting & growth simulations



Stochastic grOWth Variability considered as Norm distribution of:
simulation module: Intrinsic/Extrinsic factors AGrowth limits

The backbone ALz e
| "_@ (T

Toae |

min’ ‘max* ‘opt ]

- Static * Variables -+ ( L \
: i Average  AWmin 3Wmax Wopt
- @ or as: ‘ )
Growth :: ~N(m’ SD) pHmin pHmax pHopt
simulations :[* f : PHy
i ( MICl inhibitor]

- Dynamic — | Other

variables Average ‘—[ MICS inhibitors} [ Lag time ]

5inh/tors {

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



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

Defining cardinal values

ou may
calibrate the
model to
different foods
or strains via
this parameter

(v )

muref (or muopt) 1/h

0,413

<>

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 normall distribuitions s
value of the distribution

Add more inhibitors

7))

-

o

e

O

c

@)

&)

i - Storage T°C

E 0 65 Intr/Extrinsic factors Cardinal values Module
q‘. LI | T T LI T T T T T

O 0 EI.E- 1|'."> 1E|?.E- 2|6 32|.E- "..>‘|9 4EI-.E- E-IZ E-RIS.E- EIE-

a Static vs Dynamic conditions Time units
Storage time (days)

E ’ = Isothermal v @© Days

> 0 10 20 . BID B 4ID - E-ID | IEID - ?'ID - EID - Eilﬂl IB'IE- O H[}u s

e

— pH : .

'S . - SD of Temp. distr. SD of Time distr.

cs m — T | | | | | | ~ ~

- : 3 345 39 435 48 525 57 615 68 TO5 TS5 EI W EI L

M
aw

C>5) 0.88 0.97 1 SD of pH. distr. SD of aw distr.

C 022 0852 0904 0916 0928 084 0952 0984 D.E:?'ﬁ D.EIFEE ‘: U L EI L

% Inhinitor 1 (%, ppm, mM...)
0 400 g ® " " .

© '|'. SD of Inhibitor1 distr. Num. of iterations

e 0 - JI:I BIIJ 1|2EI 'Hl'iEI 2IEIEI 2-|1-EI 2iI3-I:I 3I2EI 3'!|3I:I 4I!I:I
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Use this panel to if you want Use this panel to define theSD
to use ONLY thénean cardinal parameters following
value of cardinal normall distribbitions s

>
o
O
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S
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©
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=
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@)
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e
c

parameters

Intr/Extrinsic factors Cardinal values Module

Deterministic vs stochastic growth limits

Intr/Extrinsic factors Cardinal values Module

Deterministic vs stochastic growth limits

Fixed value - Mormal dist. -
[ Rosso model for [ Rossa modelfor ] Rosso model for ] Rosso model for
T°C (n=2) pH (n=1} T°C [n=2) pH (n=1)
Rosso model for H12 model for
= aw (n=2) = EH ] Rosso model for [J pH12 model for
aw (n=2) pH

Including the xsi interaction term

muref (or muopt) 1/h

Including the xsi interaction term

Average muref(muopt) SD muref(muopt)
0.419
0.415 0
Tmin
282 Average Tmin SD Tmin
-2.83 0.5
Tref (or Topt)
25 Average Topt SD Topt
. 25 0
Tmax (when Rosso model is enabled)
48 Average Tmax (when Rosso model is enabled)
pHmin 48
4.597 .
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

2



Representative graphical outputs
(also capturing straHto-strain variability

Lag time variability

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

and/or growth limits

_
Uises cebined microonganisn
User defined microorganism , mumax (isothermal) = non applicable day ys A-1 User defined microorganism , mumax (isothermal) = non applicable days *-1

Dynamic t-T
conditionand
varlablllty in pH aw )
and/or the growth

| g

| : Ilmlts

g 55 B en e o | R g
Dynamic t-T-pH-aw

conditions & variability in
the growth limits

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



(isotherm

& @w"10, pH (in dynamic conditions}

Digging further to thermal
Inactivation module

User defined microorganism , mumasx

al) = 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

<>

Tref

52

L

Z

7

L)

Heating Temp

43 100
W|||||||||||||||I||||||||I

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 undestatic
conditions,
deterministicallyor 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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4.
Simulations undedynamic
conditions,

deterministicallyor 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
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2D.
Simulations undedynamic
conditions,

deterministicallyor stochastically
(STARTING FROM A FILE)

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

62



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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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 )

g



QMRA Module



Online demo

Modular process Quantitative Microbial Risk Assessment
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Specific features

Partitioning (0-1) Pactitioning
@ No partition
4| Mixing (Initial + Added mass) G Bartidion
Cross-contamination (P, levels) O] Mixing

Initial mass (g: 0-infinity)

Variability (Probabilitydist/tions) 1

1 Initial contamination
I |1 Time, T, ho, Cardinal values, Growth/reduction
= 11 Serving size wncertainty in prevalence (Beta distr.)

Added mass (g: 0-infinity)

1

P cross-contamination (0-1)

Dose response ;

n Built-in (literature) DR models
n User-defined models
n Beta-Poisson, (Beta)Binomial, Exponential Pest v

Cross- (re-)contamination levels




Online demo

Modular process Quantitative Microbial Risk Assessment

Consumer exposure
Estimate of risk per
serving
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Temperature distribution

‘ Gammd

e ‘

Fixed value
MNormal
Logistic

Gamma

Pert

Dynamic profile

Frequency

Histogram of Temperature
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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
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Exposure & lliness metrics select plot Ierstions

Frofabiliny of illness - 1060

Annual number of services -
I S a e Serving dre (g) Serving Size Distrition  alpha of gamma dist. beta of gamma dist.
1
1 Gamma - 8 12
Exposure_Metrics LogCFU_per_g OR_ml  llness_Metrics Estimate Initial Prevalence (0-1]  Dose response
Average Dose per serving 5.7 Average Pill perserving  6.036e-07 o L. manccytogenes susceptible ¥
- . Cases per annum 6.036e-07
Mode 55 Mode 3.162e-07 FhA, 2014
p5 46 P> 4,972=-08 Meace FIRST read the DISCLAIMER Click ta render Plot or resample
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