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DeliverableD 3.4.2

Final report on progress with the already existingpackage

modifications (if necessary)

Emmanuelle MOUNIER, Mohammed EL JABRI, Olivier COUV ERT, Florence
POSTOLLEC, Dominique THUAULT, Efstathios PANAGOU & George-John NYCHAS

Summary

A number of existing software packages are avalabtlay to predict the growth/survival of
spoilage and pathogenic microorganisms in/on foddso different approaches are being
developed in the available softwares, i.e. polyradmaind cardinal modular simulation tools.
CombasePredictor polynomial simulation tool enables good fitnesdibut requires numerous
polynomial parameters which have to be determined dach given conditions. While
Sym’Previuscardinal modular simulation tool is specificallppdied to food and enables the
development of several moduli, modelling the infloce of different factors with biological
significance parameterse. temperature, pH, water activity, organic acid.

After describing the different approaches usedhim dlready existing predictive microbiology
softwares, growth simulations are compared to dnowihetics obtained by AUA for.
monocytogenesrtificially contaminating vanilla cream stored different conditions (two
dynamic (fluctuating) temperature profiles). Resslhowed that there could be certain degree of
over/under-estimation of the responses of the gathdrom both softwares in the temperature
scenarios assayed. In the cas€oimbase Predictoa correction factor was defined based on the
bias factor By calculated index indicating the average deviatimiween predictions and
observations in order to reduce the over-estimatiothe software. The correction factor was
effective in producing more realistic prediction$ the pathogen growth. In parallel,.
monocytogenegrowth kinetics andym’Previuggrowth simulations during food shelf-life have
been compared for artificially inoculated meat-lshggoducts during storage under several
dynamic temperature scenarios, i.e. with or withmalt chain break. An attempt has been made
to add values, when the determination of growth veds possible, tb. monocytogenésinetics
provided by WP2A usingSym’Previus software. The differences observed betwden
monocytogenesxperimental bacterial counts and simulationsattel associated to the effect of
the presence of cheese consortia microbial intersct However, simulating microbial
interactions is a complex phenomenon that requiredelling of each successive step based on
measurements of associated parameters (e.g., lactec gradients, bioactive compounds
diffusion). Sym’Previusdecision-making tool takes into account food baddd intra-species
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variability via industrial control data and allovggmulation ofL. monocytogenegrowth for
static and dynamic conditions of pH, @and temperature as reported in the probabiligic@ach
presented in the case bf monocytogenesontamination of smoked salmon. Based on the
developments performed within WP3, the impact datyge and casein texturing agents has
been integrated in the modular approach developed&ym’Previusexisting tool. A revised
version of the software is now available; it is idatkd to research in order to further investigate

the impact of food texture and microbial interaci@mn pathogen growth simulation.



1. Background and rationale

The concept of predictive microbiology stipulatbatta detailed knowledge of microbial
responses to environmental conditions enables tgeevaluation of the effect of processing,
distribution and storage operations on the microlgical quality and safety of foods. It involves
the accumulation of knowledge on microbial behavirfoods and its implementation into
mathematical models. If responses are observedr undafficient number of combinations of
the environmental factors, then it is possible riedct how the organism would respond to any
conditions in the environmental region where thasgervations were made.

Predictive models are divided into primary, secondand tertiary based modeBrimary
modelsdescribe the change of bacteria numbers with timger particular environmental and
cultural conditions. These models are used forctleulation of kinetic parameters of growth
such as maximum growth rate, generation time, la@se duration and maximum population
density.Secondary modeksre used for the quantification of the effectvafious environmental
factors such as temperature, pH, water activitgoxepotential, for each and every parameter of
growth. Two main approaches are commonly used awdldped, i.e. polynomial models and
modular cardinal models. Polynomial approach presiexcellent goodness of fit due to the high
number of parameters used for given conditions .elbeless, the polynomial approach presents
a low robustness, which makes difficult a genepglraach. In contrast, modular cardinal models
use parameters with biological significance sucimasmal optimal and maximal values of pH,
ay, temperature, growth inhibitor concentrations .(eogganic acids) which are the main factors
having major effects on bacterial behaviour. Ahet minor factors are incorporated in the food
matrix effect. For example, using a primary moded growth rate can be calculated for the
corresponding temperature. Then, the growth radessponding to different temperatures are
adapted in a secondary model so that the effetnoperature is expressed quantitatively with a
mathematic equation allowing the user to deterrthieegrowth rate at any temperaturiertiary
modelstake modelling to its final form. These models tame primary and secondary models in
a friendly software packages. The final users echsaystems (e.g., the industry) are not required
to have prior knowledge of microbiological techreguand mathematical expertise. Tertiary
models will change predictive food microbiologyanan accessible and useful tool for the
industry and any other related field.

A modern quality and safety assurance system shaljdon prevention rather than end
product testing and control. To establish such stesy, it is necessary to acquire a thorough
knowledge of the relation between storage conditi@nd spoilage/safety, expressed in
quantitative terms, i.e. effective and accuratedigteye models. A number of mathematical
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software  packages already exist for pathogenic  amnsboilage  bacterial
growth/survival/destruction prediction such @®mbase Pathogen Modelling Progranand
Sym’PreviusCombase PredictoandPathogen modellingrogram are based on the polynomial
approach simulation. In contrasgym’Previusdatabase and simulation tool is specifically
applied to food and based on modular cardinal nsodeénerally, polynomial simulation tool
enables good fitness of fit but requires numeroak/nomial parameters which has to be
determined for each given condition. In contrasrdmal modular simulation tool enables the
development of several moduli modelling the infloenof different factors with biological
significance parameters. It must be stressed lieaetpredictive software programs are based on
numerous experimental datasets expressing varioosbinations of environmental factors.
Access to these data has become important forafiflating the robustness of models, (ii)

bringing transparency to microbial risk assessmend, (iii) advancing modelling techniques.

Recent initiatives, such as tii@@omBasedatabasgwww.combase.g¢ developed by the UK
Institute of Food Research, Norwich, and US Depantnof Agriculture-Agricultural Research
Service, are compiling tens of thousands of preicticrobiology data sets to describe the
growth, survival, and inactivation of microorgansnand to accelerate model development and

validation. The probabilistic approach &ym’Previus(www.symprevius.orjy developed by

ADRIA Développement, Quimper, France accounts @mtamination probabilities at the end of
shelf-life based on industrial data. Strong attentnas been brought to user-friendly software
interfaces in order to assist food industrials awientists who might not have a strong
knowledge in predictive microbiology. Such decismoaking tools represent a modern quality
and safety assurance system complying with the &gtilation No 2073/2005 on microbial

criteria for foodstuff.

The main objective of this task is to evaluate dtgwed and existing predictive models in
order to investigate the applicability of the latmodels to traditional European foods and

propose potential improvements, if necessary.

2. Steps in the development of predictive models

There are numerous strategies in model developfoetite prediction of microbial growth;
however, the development of mathematical modelsascally oriented to the following four
steps, namely (i) experimental planning, (ii) datdlection and analysis, (iii) mathematical

description, and (iv) validation.



Experimental planning

A number of factors should be taken into considenan the planning of experiments and data

collection, such as:

* The selection of the independent variable(s) ohtbdels
Following selection of the independent variableffhe model, it is useful to check whether
there are interactions between the examined enwieotal factors. It is also necessary to
determine the experimental range of the variabMsch depends on the specific product(s)
under investigation. The choice of the range shdutd selected with great care since a
mathematical model will not give good predictiongsade the initially defined range.

* Response variable
The response variable of concern is usually theghan bacterial population density over time,
expressed as growth rate, generation time, lag, tete@ This variable is further related to
environmental factors (e.g. pHy,demperature, etc.) in secondary modelling.

e The preparation of inoculum
For the preparation of the inoculum different fastshould be considered, including: (i) the
conditions of inoculum pre-culture (e.g. temperaiypH, @, etc.) that could influence the later
growth stages, particularly lag time, (ii) the sfethe inoculum, (iii) mono or co-culture, and
(iv) preparation of the inoculum for applicationfemds or laboratory media.

e Growth medium
Great attention should also be given to the gromtdium. This can be either a laboratory
medium or some type of food. The use of laboratogdia allows the application of a wider
range of monitoring methods for the determinatidnnadcrobial growth (optical density,
impedance etc.) and the generation of a plethodataf within short-time intervals. However, in
the last few years there has been some criticisnthenuse of laboratory media for the
development of mathematical models. This is duthéofact that laboratory media do not take
into consideration important factors that influemaigrobial growth, such as the food matrix and
the interactions with the indigenous microflora.

* The quantity of data
There is a minimum amount of data required to geeea reliable mathematical model. Usually
ten to fifteen data points per independent variaoke enough to fit a kinetic model. It is also

essential to have an even distribution of datatpamall the phases of the growth curve.



Data collection and analysis

The collection of suitable data is very importaot the development of mathematical
models. Kinetic models require the determinatiomhefgrowth rate of the microorganism under
investigation. Since there is no direct way for tbalculation of the growth rate, the
determination of microbial population over timeessential. Various methods can be used; these
can be direct, when the cells are counted (e.@plevzieounting, microscopy) or indirect, when the
microbial density is determined via quantificatimincertain attributes of the cells, e.g. DNA, dry

weight, optical density, or impedance.

Mathematic description of models

After data collection, a sigmoid equation is fittedd the kinetic parameters of growth are
estimated (generation time, lag time, etc.). Thesaes are then used for the development of
models that describe the effect of various envirental factors (e.g. temperature, pH, water

activity, etc.) on microbial growth.

In order to determine the equation that best dessithe data set collected, regression techniques
are implemented taking into consideration the sahctriteria for regression analysis, which
are:

» the precision of adaptation

» the ability to forecast combinations of factorstthave not been examined

» the incorporation of all relative factors

» the utilization of the least possible parameters

» the determination of prediction error

» the biological meaning and realistic values of pagter estimates

* the mathematical modification (transformation) efameters if this improves their statistical

attributes.

Model validation

Model evaluation is a very important stage in therall process. Developed models should be
evaluated under real conditions to show whetheraoiganisms behave in a similar way to that
predicted using the mathematical models for theesammditions. Users of certain models should
be aware of the performance limits as well as thy@ieability range of the model. In practice,
the precision of a model does not depend on théitgua data fitting but on its ability to
simulate the microbial growth. The stage of modellg@ation has often been characterized as the

weakest point in the process of model developmenthare are no standard methods for the
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evaluation. However, certain indicators are widelyployed to determine the predictive
potential of models, namely the bid%)(and the accuracy) factors. The bias factor provides
indication for the mean variation between the miedi and observed values, whereas the
accuracy factor provides an indication of the sifeariation between predicted and observed

values.

3. Combase Predictor 2.0

ComBase Predictas a ready-to-use predictive microbiology tool thamprises a set of new
models predicting the response of the organisme fasiction of the environmental factors,
including temperature, pH, and water activity. Somedels also include an additional,
fourth factor, such as the concentration of cardmxide or acetic acid. Survival and death
models are also included (bomBase Predictor. ComBase Predidi@as a number of notable
features:

e it can be used to make predictions in either aictéémperature or under

fluctuating (changing) temperature conditions

e it can provide up to four simultaneous predictions
e it includes growth and survival curves as well herimal and non-thermal death

curves



Table 1. Summary of raw datasets used to geneCatmBase Predictor

(3 factors)) (4" factor™)
No. of No. of
No. of No. of newly ¢ rves in newly
Growth curvesinthe included jnitial set included
initial set curves
Aeromonas hydrophila 125 33 i i
Bacillus cereusvith CO, (%) 86 109 58 i
Bacillus licheniformis 53 - - -
Bacillus subtilis 68 - - -
Clostridium botulinurm{non- 52 - - -
prot.)
.- : 77 - - -
Clostridium botulinurfprot.)
- . 51 - - -
Clostridium perfringens
Escherichia colinith CO; (%) 80 89 8 -
Listeria monocyto genes / 251 279 75 9
innocuawith CG, (%)
Listeria monocytogenes / 251 279 63 118
innocuawith nitrite (ppm)
Listeria monocytogenes / 251 279 129 -
innocuawith lactic (ppm)
Listeria monocyto genes / 251 279 52 -
innocuawith acetic (ppm)
Staphylococcus aureus 93 - - -
Salmonellae with CE(%) 146 113 23 i
Salmonellae with nitrite (ppm) 146 113 28 i
Shigella flexnerivith nitrite ) 193 i 125
(PPm)
Yersinia enterocoliticavith
CO, (%) 282 35 31
Yersinia enterocoliticavith 282 31 77 -
lactic (ppm)
. 44 - - -
Brochothrix thermosphacta
Pseudomonaspp - 144 - -

* 3 factors: temperature, phld water activity

** 4 factors: additional faotto the above (either carbon dioxide, lactic aeidetic acid or nitrite)

How to use Combase
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Registration
Before usingComBase Predictoregistration is necessary to use fiemBase Modelling
Toolbox,which is a collection of Internet-based, freely idafale predictive microbiology

software tools (Figure 1).

ComBase Modelling Toolbox

The Lol ges. Ba iy Trsliax capsie i a set of e s iine
pRikcatans dsa corve Bmming ssd psdiciien =0 ithe -rllpﬁ b e adan el
dems inlorsangan s sl w waalladils Includ

w ComiBasa Predisai. b ol af miodals Tei giadlaing fe esjivms of &
vamcye ol pathogens and spallags micisergambme in ey Farmam
Bliadaly g Bl am daras ahiralagd 6 baarh,

& Perliligens Predoen, g apphceia fm padioing $is qiosth o
i i h haming e Ccoubissy al e,

w DSAFA wel silbion, an spplicaiten ta fh lag caunm s, fme dsta and

[ I T I dwath iais sl lag B sl

il hane preslessly segars sl sith Capdioes Predio, gan ds qar paad
o papbate s agalin, Do v Pes Loasilin’ pas aiid beglin ke e siiiail asllises
aind e Pl

Erter your full nome, email Chick the Register’ button
oddress and choose o password,

Figure 1. Registration form o€ombase

Once the user’s account has been created, the pwgoess must be followed by typing the
user’'s email address and password as shown in &iguBefore clicking on the ‘Login’

button, you need to accept the terms and conditgnslicking on the checkbox.
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Sl FlEw! Comilase Fredics bs now socesalils liom e Cainblass Wodsilisg Taalle,
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aiteliionn g, 1hch hbs To gy dnbeimatisn ok sl e Condase Wasdeling

I gou have pievioudy reqivisisd with Candflams Predica), pai da nal nesil sa
registar again e the CamBavs Midalling Tanlbai, Simphy we e detads ol yeai
regiviation with CeaiBase Fredictoi 1e access Conifase Predichn sl watliwitaak
frain die Cimb ave Madalllieg Tesllis,

Voar Lot koo |
toa remmes |

| e read and aceeped the 1o oyl capdiiess toe walng the
Camfizes Modallisg Taalbay,Bleass cick chackilay i1 continns|

Evury card has baan takain be tie design of tha madek, thali vall
i e Wawrel, T implemcssaisn of micialdslogloal CHo
tie Camlls Hedalllsg Teallsx 1omiies sapen inlwpeetion asl fon e
resprasible 1sn @neerisg thai you haee he necessary skl sl ppegia, Wiers
wanl dp et hasre such abill asd sepeatine you chowalil coneul an #; [OELET]
micnksalogy

Figure 2. Login page ofCombase

Login opens th€ombase Predictive Togtmge (Figure 3).
Figure 3
ComBase Modelling Toolbox

wrflase Prodciar comprees a so of mmitels for pradicting e mspones of many engonasl
i seoom BTSN £ NpOESE0 FTIENEINERE W anmnanlsd facias, iechisng

wrpraiies, pH el dall concaeiEen

Heomm L onflane Prdicior l(

PERFRINGENS PREDICTOR

Fafurees Pdcion i wn agploslion i piadictieg T wipoma o O paiungons = slond
il dhidig cocbng I prdeils whivs lle iy Tl Rid: e

Hcoms Pefrivgem Py
DMFIT

CoaF i wedy edton ip af appdacaliof 15 6 cagnls vyl 1omd dada and pebsg] prinmeinii
sl 36 promd ot fale aned lag Brvarolaakier




TheCombase Predictgpage is assessed by selecting the ‘Combase Prediigto The general
layout of the paae is the following:

e d

ComBase Predictor

i Thevw,stalw 160 i Hall (™)
=T Rl E-371 HE-TS] o4
e B = ] s

tlee th) Eeae, (Lagln ==11s/g)
@, 03 3.00
&, 0§00
G 4E boon
&, 88 308
1,38 .00
1,84 1.00
2.3 .01
276 1.01
3,32 3.
T.E .01

Using Combase Predictor

Generating a single prediction at static tempera&tur

The first step in producing a prediction is to seléstatic temperature’ in the
temperature input field.

Temperature input

(=) Static ) Changing temperature

Click here to select 'static temperature'.
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Select the model categoryselect ‘growth model’ for prediction of bacteriabgth, 'thermal

death model' for prediction of thermal inactivatiam ‘non thermal inactivation’.

| o Growith model _ i Thermal inastivatien madel ! 11 Mon thermal survival msdel

Select the required model:The next step is to select a model. A drop-down umeh
models included infComBase Predictocan be viewed in the ‘select a model’ list box.
Click on the arrow to view the full list. The modedquired for the organism of interest
can then be highlighted and selected from the menu.

Aeromonas hydrophila v

Bacillus cereus with COX{%)

Bacillus licheniformis

Bacillus subtilis

Clostridium botulinum (non-prot.)

Clostridium botulinum (prot.)

Clostridium periringens

Escherichia coli with CO2(%)

L isteria monocytogenes/innocua with COXY%)

L isteria monocytogenes/innocua with nitrite(ppm)
Listeria monocytogenes/innocua with lactic(ppm)
L isteria monocytogenes/innocua with acetic{(ppm)
Staphylococcus aureus

salmonellae with CO2{(%)

salmonellae with nitrite{ppm)

Yersinia enterocolitica with COX(%)

Yersinia enterocolitica with lactic(ppm)
Brochothrix thermosphacta

Many of the models encompass three environmentabfa (temperature, pH and water
activity). Some models also have an additional flowenvironmental factor e.g. GQ@r

lactic acid. One basic principle of empirical mdds] is that one should not extrapolate:
predictions should not be made outside the regibrolservations. The limits of the

selected model for each environmental factor appebow the input fields.

Input environmental factor values: Default values for the environmental factors
(temperature, pH, water activity, etc) automatigadlppear in each of the input fields.
Water activity can be expressed in terms of sodaioride (%NaCl) or water activity.
Water activity can be calculated from NaCl concantm by toggling between NaCl and
Aw buttons (it is assumed that the salt is dissolvewater).
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Use this box to express water activity in termsjof

sodium chloride or water activity.

Default values should be replaced by values ofr@sieto you. The range within which
input values must fall is indicated beside the infieid for each of the factors. If values

outside the range are selected, an error messdgeengenerated.

Listeria monocytogenes/innocugith COXN%0)

Imitial Phys.state T (°C) pH NaCl (%) | CO2(%)
level <=7 [0-1] [1-35] [44-75]  [0.0-10.2]| | [0-100]
3 o.019255 | |EEIR | |5 5 15 0
A A
Enter here the values of interest for A value for 4" factor (e.g CQ

temperature, pH and,aThe range of thg or nitrite) may be entered hiere

model is indicated above the textboxes a 4-factodel is selected.

When a four-factor model has been selected, vatuesalso required for the 'Factor 4'
field. If preferred, the fields ‘Initial level’ (itial cell count expressed as lpgcfu/ml),
‘Phys. state’ (the physiological state of the caigpressed in terms of a value between 0
and 1) and ‘Time (h)’ (desired duration of obserea} may be left empty; default values
will then be inserted automatically by the prograrhe default value for the initial count
is logiocell concentration = 3 (i.e. f@ells/ml). For the physiological state, the defaul
value is the value which was typical for the curpesviding the base for the models. It is
not possible to select ‘initial level’ values fdrermal death models as results are provided

as a relative decrease in log concentration.

To get a prediction: When all required values for the environmental dasthave been

satisfactorily selected, click ‘Predict’.

The prediction output: The right-hand output panel now shows a graphical
representation of the prediction. A statement okimam growth rate and doubling

time (or maximum death rate and D-value) are priesknext to the input field.
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Max.rate Dbl.time
(log.conc/h) (h)
oo1 | [3499 |

Additionally, each of the time vs. cell concentoatidata points for the prediction are
listed below the graph and may be selected andedofar use in other application (e.g.

Excel).

time (h) conc. (Logll cells/g) ~
o) (@l & ()
0.00 3,00
aid adids 8 [
45.44 3.01
69.66 3.02
9z.88 3.04

ikl alm & o [0

&=l & & oabal

ablp i e Al

185.76 3.24 v

Generating a single prediction under fluctuatingnigerature

ComBase Predictonot only allows prediction to be made for statienperature
conditions but also predictions under certain fhating (changing) temperature
conditions. Note that this facility is availablelgrior growth and thermal death models
but not for non thermal inactivation model. Prentiins could be made for example from
data representing the fluctuating time vs. tempeeaprofile expected or measured for
the following processes in sequence: the laterestagf cooling, storage within the
factory, storage during transportation, storageredtiil premises, possible purchaser
temperature abuse followed by domestic storage fbe organisms Listeria
monocytogeneand nonproteolyticClostridium botulinumusing the appropriate growth
models. This ‘fluctuating temperature' feature nadso be useful to demonstrate the
effect of a thermal process using logged data whadlhwithin the relevant temperature
range of the thermal death model.

Select ‘changing temperature’: Click the ‘changing temperature’ button. This will

deselect ‘static temperature’ and generate thenghngy temperature’ page.

Select the required model:Select the required model as described for statmcperature

predictions.
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Input environmental factor values: Values for environmental factors for ‘changing
temperature’ predictions should be entered as de=tr for ‘static temperature’

predictions except for the values pertaining to genature. To make predictions for
‘changing temperature’ situations, a time vs. terapge profile must be entered as the

temperature parameter.

The time/temperature profile should be entered he textbox on the ‘changing

temperature' page in the format illustrated anctdbed below:

Format requirements:

1. Only the numeric characters (0-9), tabulatiqgpgc®, and return carriage are allowed
in the textbox.
The records must be recorded in chronologicdénr

3. The first time-point must be '0'.

4. The last time point must be less than or equab®00' hours.

For each time temperature record of your profileetis to be entered first (in hours) then
temperature (in °C). The 'point’ symbol "." must lbieed as the decimal separator. The
profile can be typed directly into the ‘changingnigerature' textbox as follows: value,
space, value, return, (repeat for each line). Alaé¢ively, the required data may be copied
from another application (e.g. Excel spreadshest, file) and pasted directly into the text
box. Note also that all temperature values mustwithin the range for the models
selected and that there must be a minimum of 4 anchaximum of 100 (time vs.

temperature) records in the profile input.

To get a prediction: When all the required values and the temperatuodilprhave been
satisfactorily selected, click ‘Predict’. If someput data are incorrect an error message will
appear. To continue with the prediction replace caeatable data with data within the

accepted range.

The prediction output: The right-hand output panel now shows time vs. cell
concentration data for the given prediction (whitglpngside the selected time vs.
temperature profile (green). No statements of maxmgrowth rate or doubling time are
provided as these fluctuate according to the timetemperature input. However, cell
concentration data points are provided over timeaigraph that may be selected and

copied for use in other applications.
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Generating multiple predictions at fluctuating teenature

This process is performed in a similar manner tt thiready described. This facility
can be used to compare organisms or key paramdbersa single fluctuating
temperature profile. It is not possible to makedprgons when the temperature ranges

of the models do not overlap.

4. Sym’Previusdecision making tool

The Sym’Previusetwork started in 1999 with the aim to proposassistance in food safety
management for agrofood industri€Sym’Previusdecision making tool is composed of 2
complementary softwares. Firstly, a database gathera structured way, information on the
behaviour of microorganisms in/on foods as well regural food contamination. Specific
interrogation of this database for given food andromorganisms is possible via MIEL query
system which has been specifically developed Sgm’Previusdatabase. Secondly, a user-
friendly simulation software estimates microorgamigrowth in food matrix and then provide
simple access to predictive microbiology for foainpanies. Even though growth, inactivation,
and heat destruction simulation are availabl8ym’Previusonly growth simulation was studied
in Truefood. Moreover, within WP3 of TrueFood pudjethe influence of texture and bacterial
interactions on microorganism growth was studiedplémentation ofSym’Previusdecision-
making tool with characteristic parameters of fdedture will then enable microorganisms’
growth simulation in food.

The main advantage of models use&ym’Previudgs to be suited to food products, i.e. from
a growth kinetic determined in foo8ym’Previusestimates g, characteristic parameter linked
to a given association of microorganism/food. Ithen possible to simulate growth for other
static or dynamic conditions of temperature, pHwater activity without the need of more
challenge tests in food. Furthermore, up to 12 dyait strains are registered for the main
pathogens such ds. monocytogenesSalmonella B. cereusand E. coli yielding simulation
taking into account biological variability for area species.

Sym’Previusdatabase contains growth, survival, and thermatrdetion kinetics obtained
for different foodstuff categories that could bentaminated by major pathogens and spoilage
bacteria. Data are mainly bibliographic and aregymssively enriched by data from national and
international research programmes. This databaséeaccessed using an interrogation module
that is used to make structured requests on thistofi and micro-organism (Figure 4). The data
collected are used to estimate foodstuff's or maganism's characteristics in terms of the
potential for growth. The different calculation nubes can then be used to simulate the
development or destruction of a given microorganisma particular foodstuff.
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Figure 4. Example of results shown as graphs or tablescdmatdirectly be exported to
MS Excel sheet

Several moduli are already proposedsym’Previusdecision making tool (Table 2) to simulate
pathogenic and spoilage bacterial growth consideenvironmental parameters as well as
biological factors. It needs to be noted that thiebgbilistic approach includes the latest

knowledge on bacterial physiological state inclgdine influence of lag phase and food process
stresqGuillier and Augustin 2006).

Table 2 List of the different moduli available Bym’Previusimulation tool

Sym’'Previus existing moduli Example of application
Probabilistic approach Simulation of the evolutimf a microbia
contamination throughout food product shelf-ljfe,
yielding the probability of exceeding a critical
threshold at different stages of its shelf-life.
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Sym’Previus existing moduli

Example of application

HACCP assistance

Quantification of the effect afheprocess ste
on growth or destruction of specific bacte
species allowing the identification of critic
stages.

P
rial
al

Thermal destruction simulation

Bacterial thermastdection kinetics simulatio
for given bacterial species taking into acca
bacterial thermal resistance and the influenc
various environmental factors (pH, temperat

ay).

=]

unt
e of
ure,

Non thermal inactivation

Destruction Kinetics Siatidn when
environmental conditions are not favourable
given bacterial species, for instance in the cés
fermented or salted food products.

for
5e 0

Growth/no growth boundaries

Determination of the mbmations o
environmental factors (temperature, pl, lactic
acid) that represent the limits of growth
growth for a given bacterial species.

no

Growth curve fitting

Growth model fitting using aivgn set of
experimental data (challenge test) that allow
determination of growth rate, lag time, initial 3
maximum population size.

the
ind

Growth simulation

Growth simulation taking into acat bacteriaL
in

cardinal values, food matrix and the m
environmental factors encountered in a qgi
food sample.

ven

Concept and Models

Predictive microbiology can be divided into two gps of models, namely primary and

secondary models. Primary models describe the geplof the bacterial population with time.

In the 1990’s, new models appeared in predictiverobiology. The empiric models were

progressively re-parameterised or replaced by nedets in which all parameters had a physical

or biological significance. Baranwt al. (1993), and Rosso (1995, equation 1) introduced new

models to describe growth curves. The results waeoee accurate and all parameters had a

physical meaning. The primary model proposed bysBds described below:

Equation 1:

ax_
dt

dx X
- = 1— -
dt Umax( X J

max

0: X=X

if t<lag

if t>lag
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where ¥ and xnax are respectively the initial and the maximum pagiah in the medium, lag is

the time before initiation of growth, ang 4 is the standard growth rate.

Secondary models describe how primary model paemetiry with environmental factors. A
family of secondary models was proposed by Rassal (1993, 1995) who introduced the

« cardinal » models:

9(X,0,) = |/ Hop (X) [CM ,(X)
0 , X< X

] (X = X o) X = X )" ]
CM,(X) =4 Kopr = Xonin)"™ D gpr = Xoin) X = X ) = Kt = X LUN=1) DK gy + Xy ~N X))

Ko <X < X
0 X2 X,

Where 92 = (;uopt(x)! Xmin’ Xopt’ XmaX)

min

And X: the environmental factor
Xmin - lower limit for growth for X factor
Xopt: Value at which growth is maximal for X factor
Xmax: upper limit for growth for X factor

n: shape parameter

Applied to the gamma concept proposed by Zwietegingl. (1992), these models describe with
a satisfactory accuracy the growth rate vesmweral environmental factors such as temperature,
pH and water activity.

Augustinet al (2005) proposed a model (a cardinal model indgdnteractions) to predict
the growth probability in any food products (daingeat and seafood products). The growth
probability includes on the one hand, the effedioold matrix (i.e., all physico-chemical factors
which are not taken into account in the model) andthe other hand, the microbiological
variability. This model was fitted and validatediListeria monocytogenetata.

Similarly, Sym’Previusextends this model to other microorganis®alnonellaStaphylococcus
aureus Bacillus cereusEscherichia coliClostridium perfringensClostridium botulinuny for 4

environmental factors (temperature, pH, water #gtand organic acids).

\/p‘max = \/uopt'yT 'ypH 'yaw'yinteraction
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Because cardinal values are independent from growgtlium, these physiological parameters
are estimated in broth. To appreciate the intraépaa@riability, the behaviour of many strains
needs to be studied. For instance, parameters elivéw.isteria monocytogenebhave been
acquired bySym’Previuslabs to calculate the associated confidence bahithwincludes

biological variability.

Including food matrix in growth simulation

The main advantage of models usedSym’Previusis the applicability to specific food
products, i.e. from a growth kinetic determined fmod, Sym’Previus estimates g, a
characteristic parameter associated with a giveodetion of microorganism/food. It is then
possible to simulate growth for other conditiongeshperature, pH or water activity without the

need of more challenge tests in food (Figure 5).

Cardinal Values N\

Characteristics of the bacterial specie
independent from the growth media

Optimal growth rate (Hop)

Models o
—> Characteristic parameters of

a given association of food / bacteria

Challenge-test
Primary model fitting ﬂ Models
to estimate growth rat@fa,) y

Simulations in food
for other formulation

or conservation conditions

Figure 5. Microbial growth simulations according 8 m’Previuanodels taking
food matrix into account.

Data acquired during TrueFood project contributedtite enrichment of the database. New
models and new microbiological parameters, prop@setlvalidated during the project allowed
for a development of this simulation software, artgular prediction of the impact of texture on
L. monocytogenegrowth.

5. Application of the Combase Predictoin determining the growth profile of Bacillus

cereusin pasteurized vanilla cream.
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Materials and Methods

Pasteurized vanilla cream samples were collectad the manufacturer and stored in isothermal
conditions (5, 10, 15, and 2D in high precision temperature incubators). Thhamug
preservation, samples were taken at appropriate tmervals to allow for an efficient kinetic
analysis ofBacillus cereuswhich was determined as the specific spoilage asgarfor this

commodity.

Microbiological analyses

Samples (25g) of the cream were aseptically weighédded to ¥ strength Ringer's solution
(225ml), and homogenized in a stomacher (Lab Bled08, Seward Medical, London) for 60s
at room temperature. Decimal dilutions in quarteersggth Ringer's solution were prepared and
duplicate 0.1 ml samples of appropriate dilutiorsrevpoured or spread on Baird-Parker-agar
(BP, MERCK codel.05406 supplemented with egg yoltec1.03785) incubated at°87for 2
days. All plates were examined visually for typicablony types and morphological
characteristics that were associated with each trovedium. In addition, the selectivity of each
medium was checked routinely by Gram staining andromcopic examination of smears

prepared from randomly selected colonies obtainaa fall media.

Results

The output ofCombase Predictdior the growth profile oB. cereusat 15 and 20°C is presented
in Figures 6 and 7. At 5 and 10°C slow or no growtis observed throughout storage, so no
modelling approach was followed at these two teimpees.

ComBase Predictor

Ta crowe ihis decislmes wiadow. click & at ihe spper—ignt comer of ifis frams

an I ket
masia. Thess San b 00 GuUarantes el fredcies valsss, vwil
Tha E

r—y

Figure 6. Combase Predictooutput for the growth dB. cereusn vanilla cream stored at 15°C.
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Figure 7. Combase Predictooutput for the growth profile dB. cereusn vanilla cream stored
at 20°C.

The obtained profile fron€Combase Predictowas compared with the profile obtained by the

equation of Baranyi. An explicit version of the neb@s the following:

1 em//maxA(t) _1
y(t) =Y +:umaxA(t) _Eln(l-i- em(ymax—yo) J (1)
~1t
A =t +i|n(e—+q°J
v | 1+q, (2)

whereumax IS the maximum specific growth/inactivation ratecefl populationy, and ymax are
the initial and final cell populations, respectiyeA(t) is a delayed time variable (lag phase)is

the rate of increase of the so-called ‘limiting stnbte’,m is a curvature parameter, agglis a
measure of the initial physiological state of tlelc The results of the simulation are presented
in Figure 8.
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Figure 8. Growth profile ofB. cereusat 20°C (red lines) and 15°C (green lines) sinadat
by the Baranyi equation (solid line) aGdmbase Predictofdashed line).

In both casesGrowth Predictorcould not provide realistic responses of the pathaags it under-
estimated the maximum population at the statiordrgse. In addition, at 15°C there was an
over-estimation of the pathogen’s counts at theoegptial phase after 50 hours of storage. It is
also characteristic that at both temperat@eswth Predictorcould not provide an estimation of

the lag phase of the microorganism that was eviftent the experimental data.
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6. Comparison of on-line predictive modelling platbrms of Combase Predictorand
Sym’Previusto determine the responses okListeria monocytogene# pasteurized vanilla
cream under dynamic (fluctuating) temperature profies.

Materials and methods

Packages (170 g) of commercially prepared vanitl@am, obtained directly from the
manufacturer, were inoculated with a four-strainktail of L. monocytogenedhe cocktail was
prepared by combining individual cultures in steriibes followed by centrifugation at 6000
rpm for 30 min at 4°C. The resulting pellet was e with sterile Ringer’'s solution, re-
centrifuged and finally re-suspended in the sanhgedt to a final volume of 5 mL. The cell
concentration in the resulting composite inoculuraswa. 8 log cfu mt', assessed with a
Neubauer counting chamber (Brand, Wertheim, Gerpnang served as the inoculum for the
experiments. A volume of 200L of appropriately diluted culture was added on sheface of
the cream in each package to obtain a targetlimi@ulum ofca. 2 log cfu §' as determined by
preliminary trials. To ensure uniform distributiaine inoculum was spread over the surface of
the cream by means of a sterile spatula. Packages stored under two fluctuating temperature
scenarios, namely (a) 12 h at 4°C, 6 h at 8°C anhtd at 15°C, and (b) 12 h at 4°C and 12 h at
12°C. Data loggers were placed in each chambacrd the temperature every 30 min.

At appropriate time intervals, duplicate samplesenanalyzed to allow for efficient kinetic
analysis of microbial growth. For enumerationLofmonocytogene&5-g vanilla cream samples
were transferred aseptically in a stomacher bag22%mL of sterile quarter-strength Ringer’s
solution were added. The mixture was homogenize@@cs at room temperaturea( 20°C) in a
stomacher. Further decimal dilutions were prepavrithl the same diluent, and duplicate 0.1-mL
samples of three appropriate dilutions were spigattiplicate on the following agar media:
Plate Count Agar for total viable counts, incubaae@5°C for 48h, antisteria PALCAM agar
base for enumeration dfisteriag incubated at 30°C for 48 h. Growth data from @lebunts
were log transformed.

The observed growth of the pathogen under dynaemtpérature conditions was compared

with the simulation provided by th@rowth Predictorof Combasegwww.combase.gcand the

Sym’Previussimulation tool www.symprevius.orjy Both softwares have the ability to provide

predictions for microbial growth under fluctuatitemperature conditions. For factors other than
temperature, the pH was set to 6.7, based onlimdlaes measured in the cream. The values of
other factors such as sodium nitrite or Qfncentration included in t@rowth Predictorwere

set equal to zero. Comparison of prediction wasthas the bias factoBy), the accuracy factor
(Ar) and the goodness-of-fit index (GoF) (Mataragigal. 2006, Ross 1996). The performance of
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simulation was also graphically illustrated by geFcent relative error (%RE) index (Xanthiakos
et al.2006).

Results
The simulation of the growth of the pathogen oniNemream under dynamic temperature
conditions, based orowth Predictorand Sym’Previusis presented in Figures 9 and 10,

whereas the values of the relevant performance@sdire summarized in Table 3.
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Figure 9. Comparison between observed (points) and prediflieds) growth ofListeria
monocytogenem vanilla cream stored under periodically chaggiemperature profile (12 h at
4°C, 6 h at 8°C and 12 h at 15°C). Lines correspan@rowth Predictor(dashed line) and
Sym’Previugdotted line) software.
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Figure 10. Comparison between observed (points) and predifiteds) growth ofListeria
monocytogenem vanilla cream stored under periodically chaggdiemperature profile (12 h at
4°C and 12 h at 12°C). Lines correspondGimwth Predictor(dashed line) an&ym’Previus
(dotted line).

The average difference between predictions andredisens for theGrowth Predictorwas 11.9
and 22.8% for the three and two step dynamic teatper shift, whereas f@ym’Previusthe
values were 8.9 and 21.5%, respectively, as inglichly the values of the accuracy facta).(
The performance of both models is also graphigalgsented in Figure 11. The percent relative
error values fall within the £ 20% zone for 73 a#d.6% of predictions made b@rowth
Predictor, and 66.7 and 43.7% of predictions madeSyyn’Previus for the three and two step

dynamic temperature shift, respectively.
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Table 3. Comparison of validation indicesB{ A, GoF betweenGrowth Predictor and
Sym’Previudfor the growth ofListeria monocytogenasnder periodically changing temperature

profiles.
Model Bs A GoF
Growth Predictor
12 h at4°C, 6 hat8°C and 12 h at 15°C 1.118 a.11 0.821
12 hat4°C and 12 h at 12°C 1.228 1.228 1.503
Sym’Previus
12 hat4°C,6 hat8°C and 12 h at 15°C 1.089 7.13 0.864
12 h at 4°C and 12 h at 12°C 1.215 1.224 1.335
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Figure 11.Percent relative prediction errors between obsearetpredicted growth dfisteria
monocytogenef pasteurized vanilla cream during storage afeddht periodically changing
temperature profiles (a: 12 h at 4°C, 6 h at 8°G@ &R h at 15°C; b: 12 h at 4°C and 12 h at
12°C). Data points correspond@owth Predictor(m) andSym’PreviugA).
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7. Improvement of performance ofCombase Predictor

It can be concluded from Figures 9 and 10 @atnbase Predictooverestimated the growth
of the pathogen in the samples of pasteurized lgagrieam. Ross (1996) has proposed a simple
index of the performance of models in predictivecmobiology by evaluating the level of
confidence one can have in the predictions of tbdehand whether the model displays any bias
which could lead to fail dangerous predictions. Theex used in this work to improve the
performance oCombase Predictoand produce more realistic predictions is the Eaasor B)
index. This index indicates whether, on average, abserved values lie above the line of
equivalencey( = x) and, if so, by how much. It provides the struatuteviation of the model and

it is calculated by the following formula:

ZI09£ IOg N (t)predicted]

IOg N (t)observed
n

Bf =1 3)

where n is the number of observations. A bias factor <licatks a “fail-safe” model, i.e.,
observed values are larger than predicted oneg, that predicted values provide a margin of

safety. Therefore growth rate predictions wereaxigd using the following formula:

e (Vanilla) = @ (4)

f

where ha{vanilla) is the growth rate predicted in vanilla creamcipe@ model, pnax (CP) is the
growth rate predicted by th€ombase Predictorand B; is the bias factor. To facilitate
calculations, a spreadsheet was developed on kxeehich the user must input the initial pH
and water activity of the cream, the initial contation, and the initial physiological state)

of the bacterial population. The time/temperaturefile should also be inserted in the
appropriate field. The user can also choose betvpegforming predictions in broth (initial
model) and applying the corrective factor propoabdve. The system of equations of Baranyi
and Roberts was solved numerically by programmifaueth order Runge-Kutta method.
Results indicated that in the case of the threg-digmamic temperature shift (Figure 12), the
corrected model was able to improve the predicpenformance, however in the two step
temperature shift (Figure 13), there was still egstimation of the pathogen’s counts although
the degree of over-estimation has been reduced.
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Figure 12. Comparison between observed (points) and predifiteds) growth ofListeria
monocytogenem vanilla cream stored under periodically chagdiemperature profile (12 h at
4°C, 6 h at 8°C and 12 h at 15°C). Lines corresgor@ombase Predictowith correction (solid
line) and without correction (dotted line).
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Figure 13. Comparison between observed (points) and predifiteds) growth ofListeria
monocytogenem vanilla cream stored under periodically chagdiemperature profile (12 h at

4°C and 12 h at 12°C). Lines correspondCtmmbase Predictowith correction (solid line) and
without correction (dotted line).
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8. On-line Sym’Previus predictive modelling platforms to simulate L. monocytogenes
growth in meat-based products under dynamic temperare profiles: example of cooked

sausages

Materials and Methods

Smoked and cooked sausage samples were colleaed thhe manufacturer and stored at
isothermal conditions £4) until artificial inoculation with a strain df. monocytogenesdapted

to growth at 8°C. Surface inoculation has been deitle L. monocytogeneAOOCO015 that has
been previously isolated from meat. Samples of 2@gsage were aseptically weighed,
inoculated at 200 CFU/g and vacuum packaged.

Two temperature storage scenarios have been sklémtefood shelf-life, i.e. static storage
condition at 8°C and dynamic conditions of storagth a cold chain break of 2h at 15°C.
Samples incubation has been carried out in higbigiom temperature incubators. Throughout
storage, samples were taken at appropriate tineeveds to allow efficient kinetic analysis bf
monocytogenespecific pathogenic organism for this commodity.

L. monocytogenesounts have been performed on ALOA chromogenic agadium after 1/10
food sample dilution in peptone water and homogsitie in a stomacher (Lab Blender 400,
Seward Medical, London) for 60s at room temperatii@ues of pH have been determined
using HI8418 pH meter (HANNA Instruments, Laboredsi Humeau La Chappelle S/Erdre)

while water activity has been measured with Aquagalies 3 @meter (Biotrace SA).

Results

Along a 15-day storage, pH and water activity remadistable with mean values of 6.4 and 0.96,
respectively.L. monocytogenegkinetics obtained during a 8°C static temperatsterage,
enabled the determination of optimal growth ratg|and characteristic parameters such as lag
time, initial and final bacterial population. Figurl4 illustrates the output of the online
Sym’Previugdecision-making tool. Growth kinetics obtainednfra food sample which has been
artificially inoculated with a known microorganisstrain enables the determination of optimal
growth rate (popt) in static condition of storagsing Sym’Previus software, the impact of pH,
aw and temperature on growth is evaluated as wethea popt which is independent from these

environmental parameters and allow comparison lEtwarious growth rates
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Results of the fitting

Kinetics values Values in optimum conditions
Mean SD
Growth rate (h-1) 0.04657 0.0005843 Mean
Generation time (h) 14.9 0.187 Optimum growth rate (h-1) 1377
Lag time (h) 0.01285 2.004 Minimum lag time (h) 0.00043
Initial population (log UFC) 1768 0.03812 Maximal population (log UFC) 8382
Maximal population (log UFC) 8382 0.1138

Fitting of the primary model of growth

Download in Excel table

Population {log CFU)

Simulate growth curve in this food in others conservation or formulation
conditions

Time (jours) go to the simmlation

Figure 14. Sym’Previuggrowth fitting output based dn monocytogendsnetics obtained from
challenge test performed on sausage under isotheonditions (8°C).

Food specific optimal growth rate, as well as kiteedf only one challenge test performed for a
given food allowed growth simulation under dynateimperature conditions. Growth simulation
has been performed on a predefined temperaturdeprioé. 1/3 of food shelf life at 4°C and 2/3
of shelf life at 8°C with a cold chain break. Figuil5 showsL. monocytogenegrowth
simulation (blue line) and 90% confidence interv@d lines). Experimental counts have been
reported as green dots after dynamic storage @ys dt 4°C, 2 hours at 15°C and 10 days at
8°C. Comparison of growth simulation and experiraéiht monocytogenesounts highlights the
adequacy of software simulation.
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Figure 15.L. monocytogenegrowth kinetics expressed in population (log CHUdg a function
of time (days) for dynamic temperature stora8gm’Previusgrowth kinetic simulation (blue
line) with 90% confidence intervals as comparedekperimentalL. monocytogenesounts

represented as green dots.

9. Potential of Sym’Previus on-line predictive modelling platform to simulate L.
monocytogenegrowth in dairy products during ripening: example of WP2A experimental

data of several surface microbial consortia.

An attempt to us&ym’Previussimulation software was made based on a set afrempntall.
monocytogeneginetics performed to select raw milk cheese nii@b consortia with anti-
listeria activity (WP2A). These experiments conegrrcomplex consortia isolated from 18 days
ripened surface of Saint Nectaire raw milk cheesesmonocytogenekinetics and dynamic pH
profiles were recorded along 28 days for a totah @bnsortia (CTR1009, CTR1109, CTR1509,
CTR1909, CTR2409, CTR2609). Experimental data Hasen provided and analyzed using

Sym’Previussoftware.

Results

Experiment “LmCcontrol09” consisted &f. monocytogenekinetics recorded along ripening

with fluctuating pH conditions without the presencktested surface microbial consortium.
“LmCcontrol09” was used as control treatment far tletermination of optimal growth rate after
data generation with linear interpolation. Table rdports the characteristic parameters

determined for this treatment.
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Table 4. L. monocytogeneskinetics and pH profile obtained for control

treant

Characteristic parameters

Hopt 0.49 Kt
Lag (min) 3 days
No 0.9 Log CFU/crh
Nmax 6.1 Log CFU/crh

“LmCcontrol09”
Time (days) Log CFU/cnt pH
1 1.0 5.26
8 1.0 5.35
11 3.1 5.81
14 3.8 7.44
18 5.2 7.81
21 55 7.74
25 6.0 8.12
28 6.3 8.01

Based on growth parameters determined for thisrgbireatment, several kinetics have been

simulated for dynamic pH conditions recorded wahtéd microbial consortia. Figure 16 shows

Sym’Previussimulation (red line) as compared to experimeotaints (green dots). Simulation

has been done considering environmental factorsiwbduld affecl.. monocytogenesuch as

pH, a, and temperature. Differences observed betweenlaiimos and experimental bacterial

counts could be attributed to the presence of sartheese consortium, microbial interaction or

gradients of bioactive products. Surface consod@ated from raw milk cheeses, have complex

composition resulting in various responsed.oimonocytogenesn cheese surface. It is worth

noting that three different responses have beearteg in Figure 16. Based on experimental

counts, succession of events may be envisagedofmsoctium “CTR2609” and “CTR2409".

Consortium CTR1509 seems to have a stronger imnbieffect on the growth ofL.

monocytogeneis tested conditions.
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Figure 16. Sym’Previusgrowth kinetic simulation (red line) as comparedeixperimental.

monocytogenesounts represented as green dots in the preséBoeheese surface consortia.
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Similarly to control conditions, the determinatioh pop: has been performed for each surface
consortium tested, after data generation with linegerpolation. Comparison between popt
obtained for each condition, allows the selectidn consortia showing an effect oh.
monocytogenegrowth as compared to control treatment “LmCcdf8t Indeed the growth
rate of consortium “CTR1509” is lower as comparedthe sy of 0.49 h'.obtained for the
control condition, which could comfort the fact a@h impact of the consortium oh.
monocytogeneddowever, the expression of global differencesvieen experimental counts and
simulations with statistical indices (Table 5) was suited for a succession of complex and not

elucidated interactions on raw milk cheese surface.

Table 5. Calculated parameters for the performance of @tianl and correlation with the

interaction of microbial consortia dn monocytogenegrowth on cheese surface.

Tested Surface Consortia opu(h'l) Bias factor Accuracy factor GOF*

CTR1109 0.46 1.031 1.065 0.0038
CTR21009 0.45 1.103 1.103 0.0040
CTR1909 0.45 1.033 1.059 0.0038
CTR2609 0.40 1.202 1.202 0.0038
CTR2409 0.57 0.831 1.204 0.0045
CTR1509 0.44 1.100 1.101 0.0039

* GOF: Goodness of fit

Even though the impact of microbial interactionsgrowth is not yet integrated as a gamma
function in Sym’Previussimulation tool, the cardinal approach enabletat® into account the
impact of food on pathogen growth via the determamaof food specific gy The definition of
the experimental set-up is crucial in order todalland quantify factors that could then be

simulated via the definition of appropriated paréene
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10. Probabilistic approach developed irSym’Previusdecision making tool: example of..

monocytogenesontamination in smoked salmon.

The probabilistic approach developed $ym’Previusdecision-making tool is available
online since May 2008. Based on physico-chemicalatterisation and microbiological counts
obtained from industrial controls, the probabiistmodulus enable the determination of
distribution of contamination in a given food pratiiat the end of the targeted shelf-life
considering product batch and bacterial intra-sggeeariability.

A stochastic approach of bacterial growth is esakas food contamination with pathogens
generally occurs with very few cells. Bacterial &elour must then be studied at the level of cell
to improve predictions of the growth of these micganisms in food. Guillier and Augustin
(2006) modelled lag time distributions of individuasteria monocytogenesells for 22 initial
physiological states, 18 growth conditions, andstrdins yielding 54 combinations in total. The
proposed models allow the prediction of individuegll lag time distribution ofL.
monocytogene®r different growth conditions. In practise, ptgition lag time is estimated from
one challenge-test to evaluate the distributionirafividual cell lag times for the tested
temperature, pH and water activity conditions. Fribis distribution of individual lag time, it
also possible to predict the distribution of indiwal cell lag time and population lag time in
another conditions, or for another inoculum sizgFe 17).

Population lag time

Population lag time simulated
estimated from a challenge-test in environmental conditiony
in environmental conditiong and inoculum size N

and inoculum size N

| |

Individual cell lag times Individual cell lag times

in environmental conditionX in environmental conditiony

Figure 17. Lag time simulation concept.

This approach allows the prediction of the lag ghasiration based on a single growth
experiment performed with high initial concentratifor a given physiological state, whatever

growth conditions and initial bacterial concentati
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The models are applied in the software, taking adoount the variability observed in product,
process and microbes population. Industrial inppeEdameter input is not limited to a single mean
value, but all physico-chemical or microbiologiealalyses realized on the produsym’Previus
software calculates the growth curve and contanwinatistribution during shelf-life using

Monte Carlo based simulations.

Results

Based on one challenge testlof monocytogenes salmon and published contamination
levels within 7 factories,Sym’Previus probabilistic approach has been used to predict
contamination distribution at the end of shelf-lifAvailable and targeted information is
presented in Table 6.

Table 6. Information used to fill the query boxes in thedervant pages obym’Previus
probabilistic tool.

Information neede Information filled for probabilistic simulation
Targeted 13 strains olL. monocytogeneisolated from various foods are available
microorganism in Sym’Previugdatabase.
One kinetic ofL. Challenge test obtained from artificial contamioatofL. monocytogenes
monocytogeneis (10 CFU/g) for given physico-chemical condition88&C, pH 6.03 and,a
smoked salmon 0.959. Kinetics obtained for a shelf-life of 30 day

Initial contamination| Mean industrial controls of 41/626 positive sammé&g5g.

Targeted parameterfargeted shelf-life of 21 days for food productl®0 + 3g during storage
for simulation at 6°C for a pH of 5.92 + 0.09 ang af 0.963 + 0.006.

Simulations based on risk analysis approach takitg account the initial contamination
distributions estimated from industrial monitoridgta sets, individual cell lag time distributions
and growth simulations enable the prediction of phebability to exceed critical limits df.
monocytogenegoncentration in food. Simulation df. monocytogenegrowth for the 41
contaminated samples during storage yields theaowingtion distribution during shelf-life and
the probability to exceed the contamination criterof 2 log/g forL. monocytogeneas shown

in Figure 18.
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Figure 18. L. monocytogenegrowth simulation during shelf-life with associteontamination
distribution and a probability of 8.8% to exceedtaonination criterion of 2 logs at the end of

shelf-life for contaminated product.

Sym’'Previugprobabilistic modulus estimates that 8.8% of comiteted product will exceed
the targeted contamination criterion of 2 log/gtle# end of shelf-life, yielding 3.4% of end-
product in the proposed example. Software simulatvaluates the impact of each factor to
decrease the probability of exceeding targetedaroimation criteria. MoreovelSym’Previus
probabilistic approach takes into account biologiead physico-chemical variability and
evaluates the weight of each factor affecting fio@htamination in order to give a tailor-made

answer in an industrial environment and improvedfeafety.

11 Concluding remarks

Predictive microbiology knowledge is nowadays aali in operational softwares for industrial
applications which allow the simulation of microbl@haviour for more and more species in
order to identify and control microbial hazards.tlB&Combase and Sym’Previus have been
successfully used to provide realistic simulatiand predictions of microbial responses in food.
Finally, the new probabilistic module developedtire existing Sym’Previus software could
provide better predictions suited to the needsMES. As the databases of both softwares are

continuously enriched with experimental data frdma literature to quantify microbial responses
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not only on synthetic laboratory media but alsarea food commodities, better predictions are

anticipated in the future and hence the applicdbypthe industry is expected to increase.
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