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ARTICLE INFO ABSTRACT

The food industry widely uses the F-value which considers microbial log-linear inactivation, while microbial
heat inactivation may result in a non-log-linear inactivation pattern due to genetic or phenotypical hetero-
geneity. This may yield discrepancies in predicting microbial heat inactivation under dynamic conditions of heat
treatment. In this paper, we suggest the calculation of the equivalent time of heat treatment at a given tem-
perature to overcome these constraints. To validate our proposal, the heat inactivation of Bacillus pumilus,
showing non-log-linear behavior, was predicted for 4 different heat inactivation profiles and bacterial enu-
meration was performed to determine whether prediction errors were acceptable. When the proportion of re-
siduals in an acceptable zone from 1 log (fail safe) to 0.5log (fail dangerous) was greater or equal to 70%, the
model was considered as acceptable for predictions of the tested data. The new approach gave four different
temperature profiles, with 96, 85, 85 and 100% of the residuals in the acceptable zone, indicating satisfactory
prediction. Thus the proposed practical alternative to simulate microbial heat inactivation kinetics is able to
extend the F-value to non-log-linear inactivation patterns.
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1. Introduction

To respond to safety concerns as well as to consumer concerns, the
food industry uses various food preservation methods (Leistner, 2000).
Preservation methods ensure either microbial growth inhibition (Negi,
2012) or microbial inactivation (Manas and Pagan, 2005). Thermal
processing is the main preservation method used in the food industry. It
aims to inactivate pathogen and spoilage microorganisms and/or en-
zymes which could alter food or make it unfit for human consumption.
The effect of heat treatment on food is related to the time/temperature
combination, the targeted microorganism and the food properties such
as pH and a,, (Akterian et al., 1999). To assess the efficiency of heat
treatments, food industries widely use the term F-value to define the
intensity of thermal treatments under practical conditions. The F-value
is defined as the number of minutes at a defined lethal reference tem-
perature. To calculate the F-value, food manufacturers consider mi-
crobial log-linear inactivation. Nevertheless, the genetic or phenoty-
pical heterogeneity of microbial populations may result in nonlinear
inactivation and in this case, calculations of thermal death of micro-
organisms become more complicated (Smelt and Brul, 2014). This is
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why, over the past few years, predictive microbiology has begun to
propose more accurate models to describe non-log-linear inactivation
kinetics (Corradini et al., 2006; Peleg and Penchina, 2000; Peleg et al.,
2001; Valdramidis et al., 2011). In spite of that, the F-value remains the
reference criterion in the food industry for its ease of use and the
possibility to compare different temperature profiles. In addition most
of the available microbial heat resistance data concern heat resistance
parameters obtained in buffer under static conditions of heat treatment
whereas the heat process step in food industries is non-isothermal. Thus
despite heat treatments have been used for years for food safety and
quality purposes, investigating thermal models that may accurately
predict heat inactivation for non-isothermal heat treatments remains a
challenge for the food industry. One way for improving the heat process
step is to allow the use of non-log-linear heat resistance parameters
acquired in isothermal conditions and the well-known F-value to pre-
dict heat inactivation kinetics under non-isothermal heating. Herein,
we proposed a practical modelling method for transforming non-iso-
thermal heating into isothermal heating which may be used for both
log-linear and non-log-linear inactivation kinetics. To do so, we com-
bined our practical method with the Weibull-type model and overcame
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the temperature variation by calculating the equivalent time of treat-
ment at a reference temperature, using the z-value related to the mi-
croorganism. To the best of our knowledge, this is the first time that
these models have been combined to simulate microbial heat in-
activation under dynamic conditions, especially when heat inactivation
is non-log-linear. This results in a practical method for the food industry
to evaluate the impact of the heat process step, while continuing to use
the well-known F-value parameter.

2. Material & methods
2.1. Microorganism and spore production

Bacillus pumilus E71 was chosen as a bacterial model for its shoulder
inactivation behavior. The strain was stored in frozen aliquots stored at
—20°C consisting of nutrient broth supplemented with 50% (v/v)
glycerol. From these aliquots, the strain was grown in Brain Heart
Infusion Broth (Biokar Diagnostics, Beauvais, France) and sporulated in
Sporulation Minimal Buffer following the protocol proposed by Baril
et al., 2012. The Sporulation Minimal Buffer consists of phosphate
buffer (pH 7, 30 mM) supplemented with CaCl,, 2 H,O (8.0 mg/L) and
MnSO,4, H>0 (1.5 mg/L).

2.2. Heat inactivation under static heat treatment

Survival curves were obtained at static temperature in order to es-
timate heat resistance parameters. 10 uL of spores were suspended in
2mL of buffered casein-peptone broth (10 g/L casein peptone, 5g/L
NaCl, 4.5g/L K,HPO,, 1.8g/L KH,PO,, pH = 7) yielding an initial
concentration close to 7 log. Then, 100 pL of the suspension were in-
troduced into capillary tubes, sealed, and immersed in a glycerol-water
thermostatically-controlled bath. After given heating times, the tubes
were cooled in a water bath and the content was collected to enumerate
the surviving spores by plating in Brain Heart Infusion agar. The iso-
thermal heat treatments were conducted at 68 °C, 74°C, 77 °C, 80 °C,
83°C, 86°C, 89°C, 92°C, 95°C, 98°C and 101 °C and led to at least a
3log reduction of the bacterial population. These experiments were
conducted using high inoculum levels (10° CFU per mL) and the limit of
quantitation (LoQ) does not allow for a lower inoculum to be used. It
should be borne in mind that the contamination levels obtained in real
food are substantially different.

2.3. Estimation of spores' heat resistance

2.3.1. Primary model fitting

Two primary models were used to quantify the microbial resistance.
These were fitted on each isothermal inactivation kinetic data.

The first-order model was the log-linear model (Bigelow, 1921):

t
log,, N (t) = log,, Ny — D a
The non-linear inactivation model was the Weibull model (Mafart

et al., 2001):

t\°
log,, N (t) = log,, Ny — (—)

S (2)

where D is the classical decimal reduction time while § is the first-
decimal reduction time (min) and p is a shape parameter. A single p-
value was estimated for the whole set of data. Indeed, Weibull model
parameters are dependent and a single p-value estimated from the
whole set of kinetics eliminates the structural correlation (Couvert
et al., 2005). Np and N are the initial population and the survival po-
pulation at time t, respectively.

The minimization of the sum of square error was used to fit in-
activation kinetics with both models. The minimum values and the 95%
confidence interval were computed with non-linear modules

37

International Journal of Food Microbiology 290 (2019) 36-41

(LSQCURVEFIT and NLPARCI, MATLAB R2016b, Optimization
Toolbox, The Mathworks, Massachusetts, USA).

2.3.2. Primary model fitting performances

To evaluate the model-fitting performances the MSE,, 4 and the
AIC¢ were computed. According to the mean square error of the model
value (MSEoq4e1), the lower the value is, the better the model is able to
describe the experimental data (den Besten et al., 2006). The corrected
Akaike Information Criterion (AIC:) (Hurvich and Tsai, 1995) allows
comparison of models by taking both the goodness of fit and the par-
simony into account. The lower the AIC. value, the better the model.

2.3.3. Secondary model fitting
The temperature effect is described by Eq. (3) (Hansen and
Riemann, 1963) in which § is the first decimal reduction time at the
temperature T, 8. is the first decimal reduction time at the reference
temperature T, and z is the temperature increase leading to a ten-fold
reduction of &.
T— T;’Bf
logd = log s 3)
The model was fitted to the whole set of log §-values by minimizing
the sum of square error using the nlinfit function (Optimization
Toolbox; MATLAB R2016b; The Math-works). The 95% confidence in-
terval was computed with the nlparci function (MATLAB R2016b,
Optimization Toolbox, The Mathworks, Massachusetts, USA).

2.4. Prediction of spore heat inactivation kinetics under non-isothermal
heating

2.4.1. Prediction

The heat treatment efficiency given by the decimal reduction
number (n) depends on heating time (Eq. (4)). The non-linear in-
activation curve supposes that n depends on time and §-value:

(%)-6)

n=logl —|=|=

N 5 4
However, depending on the shape parameter p, the instant changes

with heat treatment time:

dn = pe&PetP~ledt 5)

Egs. (3) and (5) could be associated to predict the non-isothermal
destruction. This has previously been carried out (Mafart et al., 2010;
Peleg et al., 2001) but it led to a complex equation (Chen et al., 2007).
We suggested here converting the non-isothermal treatment to an
equivalent treatment in isothermal conditions knowing the impact on
bacterial inactivation. Indeed, in view of the relationship between the
time and the temperature (Eq. (3)), the dynamic temperature profile
changes in an equivalent time at a reference temperature using the
following integration:

C gy,
ty = f107 2 dt
0 (6)

where tr is the equivalent time at the temperature T, leading to the
same thermal log reduction that is obtained by exposure to the non-
isothermal treatment (T,t). 2z is the estimated z-value of the bacterial
strain.

And according to a numerical integration:

" Ti—Tref
tTyefz‘/.lO Z 'Ati

i=1

)

T; is the temperature of treatment at each time variation At;.
Thus the evolution of the bacteria could be achieved combining Egs.
(4) and (6) as follows:
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brver \P
log N (try) = log Ny — ( i “f)

5 ®

where N is the bacterial population at time tr. trs is the equivalent
time at the temperature T, § is the first decimal reduction time and p
is a shape parameter.

2.4.2. Performance evaluation of heat inactivation prediction

To validate the performance of the model (Eq. (8)), prediction errors
(PE; in log) or residuals for individual prediction cases were calculated
as described by Oscar, 2009. Briefly, a PE value > 0 means that the
model is fail-dangerous whereas a PE value lower than 0 means that the
model is fail-safe.

9

where O is the observed value (in log), P is the predicted value (in log).
To determine whether individual prediction errors were acceptable, an
acceptable prediction zone (APZ) was used (Oscar, 2005). The per-
centage of PE in the APZ was calculated and used as an overall measure
of model performance.

PE=0-P

PE;,

total

%PE:( )XlOO

10)
where PE;, is the number of PE in the APZ and PE, is the total number
of PE in the evaluation. A %PE of =70% indicated a tertiary model that
provided acceptable predictions for a given data set (Oscar, 2005).

2.4.3. Experimental data obtained under non isothermal heating

Four non-isothermal heat treatments were tested (Fig. 1). The first
profile was inspired by an industrial temperature profile used for the
preservation of refrigerated processed foods of extended durability
(Profile 1). This temperature profile was modified to simulate an “in-
cident” during the process (Profile 2) in which the heating is inter-
rupted for a few minutes before resuming the normal profile. The third
temperature profile corresponds to a low increase in temperature en-
countered in the delicatessen baking process. The last profile (Profile 4)
corresponds to a sigmoidal heat treatment. To perform each heat
treatment, a thermostatically-controlled water bath was used (FD40-
HE, Julabo, Seelbach, Germany). The temperature in the water bath
was controlled by a Pt100 sensor. Capillary tubes with Bacillus pumilus
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Fig. 1. Temperature profiles of mild heat processes. Profile 1 (-) inspired by an
industrial process used for the preservation of Refrigerated Processed Food of
Extended Durability. Profile 2 (-.) follows the same outline as profile 1 with an
interruption during heating. Profile 3 (continuous line) corresponds to a deli-
catessen baking process, and profile 4 (..) represents a sinusoidal heat treatment
to try out the proposed approach.
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E71 spores were prepared as explained above for the isothermal
treatment, and immersed in the water bath. The heat treatment was
stopped at different heating times by removing a capillary and cooling
it in a cold water bath and enumerating spores on a BHI agar plate. The
microbial enumeration was performed in two replicates for profile 1,
profile 2 and profile 3 and once for profile 4.

3. Results

In this study, the heat resistance of Bacillus pumilus E71 spores was
investigated under 11 static heating temperatures from 68 °C to 101 °C.
The inactivation kinetics were fitted using a linear and a Weibull model.
The fitting performances of these models, MSE,q¢ and AICc, were
calculated for each kinetic profile (Table 1). Comparison of the per-
formance indices obtained for all temperatures shows that the in-
activation data were best fitted using the Weibull model (Fig. 2A) as
shown by the lowest MSE,,,q; and AIC. obtained with the Weibull
model. As recommended by Couvert et al., 2005, the improvement of
the fitting quality for the Weibull model was performed using a global
p-value that was estimated with the whole set of data at 1.41 = 0.09.
Thus a shoulder in heat inactivation kinetics was observed meaning that
the bacterial resistance decreased gradually once the heat treatment
had begun. The first decimal reduction time was higher than the
second, the second higher than the third, and so on. That is why the
linear model will overestimate the bacterial decrease at the beginning
of the heat treatment, and underestimate it at a later stage.

To quantify the influence of temperature on bacterial resistance, the
secondary Bigelow-like model was used. The sensitivity of spores to
temperature variation was estimated by the z value, which represents
the temperature increase leading to a 10-fold reduction of the D or §
values (Fig. 2B). The reference heat resistance at 100 °C was estimated
at 0.52min (log D = —0.28 * 0.05) for the linear model and at
0.86 min (log 8 —0.06 * 0.05) for the Weibull model. The z value was
estimated at 9.30°C = 0.26 °C and at 9.35°C = 0.22 °C for the linear
and the Weibull model, respectively, with correlation coefficients equal
to 0.999. The heat sensitivity z was not significantly affected by the
primary model used (p = 0.88).

These heat resistance parameters were further used to predict the
heat inactivation kinetics (Fig. 2) of the Bacillus pumilus spores sub-
mitted to the four studied temperature profiles. The concept of the
proposed model is to overcome the temperature variation by calcu-
lating the equivalent time of treatment at a reference temperature,
using the z-value related to the microorganism (Eq. (6)). The heat in-
activation resulting from the in vitro simulation is shown in Fig. 3. The
simulation was performed using Eq. (8) combined with a Weibull model
and using heat resistance parameters previously determined in iso-
thermal conditions, meaning that p was equal to 1.41, log &, to —0.06
and z to 9.30 °C. Similarly, Eq. (8) was combined with the linear model
(p equal to 1) whereby log D, was equal to —0.28.

In parallel to these simulations, spore enumerations were performed
under the 4 heat temperature profiles (Fig. 3). According to Fig. 3A,
bacterial enumeration was spread out around the prediction made using
Eq. (8) combined with a Weibull model, whereas above they were
predicted using the linear model. To further evaluate model prediction,
an acceptable prediction zone (APZ) was defined (Oscar, 2005). The
APZ was comprised between —1 and + 0.5 log CFU-mL~'. The APZ was
twice as wide in the fail-safe direction because greater error can be
accepted in the fail-safe direction when the model is used to fulfill food
safety criteria (Ross et al., 2000). Indeed if the observed value minus
the predicted value is > 0 this means that microbial population pre-
diction is underestimated or, in other words, that the impact of the heat
treatment is overestimated. Fig. 3B represents the PE in the APZ as an
overall measure of model performance. A percentage of PE > 70% in-
dicated that the model provided acceptable predictions for the tested
data set (Oscar, 2005). The acceptable value was based on the gold
standard in the U.S. education system meaning —1.0log < acceptable
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Estimated primary inactivation models and performance criteria of studied models (MSE,,4¢; and AICc). The shape parameter of the Weibull model (p) was estimated

for the whole set of kinetics to the unique value of 1.41 + 0.09.

T (°C) Models Estimated parameters = IC 95% MSE AlCc
No (log CFUmL™Y) D (min) S (min)
68 Linear 7.4 + 0.3 1421 * 162 0.006 -93
Weibull 7.0 = 0.2 2254 + 204 0.004 —115
74 Linear 7.9 = 0.4 286 * 34 0.007 -84
Weibull 7.2 = 0.2 485 = 47 0.004 -137
77 Linear 7.6 = 0.3 164 + 28 0.002 —-156
Weibull 7.3 = 0.2 236 * 23 0.001 -219
80 Linear 7.5 + 0.3 70.5 = 8.0 0.007 -39
Weibull 7.1 = 0.2 114 * 11 0.004 -96
83 Linear 7.4 = 0.3 37.4 = 49 0.008 -34
Weibull 7.1 + 0.2 60.6 + 5.7 0.002 -196
86 Linear 7.7 = 0.4 189 = 2.8 0.007 -14
Weibull 7.3 = 0.2 30.0 = 3.0 0.003 -102
89 Linear 7.4 + 0.4 8.73 = 1.38 0.004 —43
Weibull 7.0 = 0.3 13.8 = 1.4 0.001 -217
92 Linear 7.3 = 0.3 4.33 = 0.55 0.005 —-92
Weibull 6.9 = 0.2 6.87 = 0.64 0.002 —180
95 Linear 7.9 + 0.4 1.84 = 0.24 0.006 -27
Weibull 74 = 0.3 3.10 = 0.32 0.001 —-160
98 Linear 7.7 = 0.4 0.79 = 0.11 0.006 -57
Weibull 7.1 + 0.3 1.33 = 0.14 0.002 -172
101 Linear 7.6 = 0.5 0.36 = 0.07 0.003 -91
Weibull 7.1 = 0.3 0.58 = 0.07 0.001 -177
8 T T T T T T T 35 . . . T T T

70

2 I . I . I
20 30 40 50

Time (min)

60 80 90

Iogm(D) or Iog10(5)

05 . I . .
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Fig. 2. A - Heat inactivation kinetics of Bacillus pumilus E71 at 86 °C (0), 92°C (A) and 98 °C (x). Continuous curves correspond to the fitting of experimental data
using a Weibull model. B - Decimal reduction time (O) estimated using a linear model and first decimal decrease (A) estimated using a Weibull model as a function of
the temperature. Continuous lines correspond to estimated values of the secondary model.

PE < 0.5log. For predictions made using the linear model, the per-
centage of PE in the APZ was lower than 70% in each studied case with
62%, 48%, 37% and 47% for heat profiles 1, 2, 3 and 4, respectively.
Furthermore, looking at PE points (Fig. 3B), it was observed that the PE
was only due to fail-dangerous prediction. Thus the linear concept
appeared as not acceptable to predict bacterial inactivation with a
shoulder as it overestimated the impact of the heat treatment. In con-
trast for the Weibull model, the percentage of PE in the APZ was equal
to 96% for heat profile 1, 96% for profile 2 and 85% and 100% for
profiles 3 and 4, respectively. Thus the proposed practical way com-
bined with a Weibull model provided acceptable prediction whatever
the dynamic heat treatment used.

4. Discussion

The term widely used to define the intensity of thermal treatment
under practical conditions is the F-value. The F-value can be defined as
the time or equivalent time taken to reduce initial microbial numbers,
at a specified temperature, by a particular value, normally a multiple of
the D-value for the target organism. This strategy to calculate the
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sterility is based on the assumption that microbial heat inactivation
follows a first-order kinetics and that the heat resistance D is log linear
dependent on the temperature (z-value). Today, it is assumed that the
success of the caning industry in using the F-value as a measure of heat
treatment efficiency is mostly due to overprocessing rather than to the
accuracy of the model. Various studies (Peleg et al., 2001; Peleg and
Penchina, 2000; Periago et al., 2004; Valdramidis et al., 2011;
Valdramidis et al., 2006) have pointed out the limits of this approach by
underscoring the importance of non-log-linear microbial inactivation
behavior and the use of methodologies for determining the model
parameters which mainly use isothermal conditions (Geeraerd et al.,
2005; Mafart, 2000, Periago et al., 2004, Baril et al., 2011, van Boekel,
2008). Indeed, most survival curves have non-log-linear behaviors and
the main available heat resistance parameters were acquired under
isothermal conditions. Furthermore, it has been shown that the Wei-
bullian model can describe both isothermal and non-isothermal survival
rates (Chen et al., 2007; Mafart, 2000; Mafart et al., 2001, 2010; Peleg
et al., 2001; Peleg and Penchina, 2000; Valdramidis et al., 2011). The
proposed practical way to extend the F-value to non-log-linear kinetics
was shown to overcome these constraints by calculating the equivalent
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Fig. 3. A - Prediction of heat inactivation kinetics of Bacillus pumilus E71 for four dynamic temperatures: profile 1 (A1), profile 2 (A2), profile 3 (A3), and profile 4
(A4) using Eq. (8) combined with a linear model (dotted line) or Weibull model (solid line). B - Prediction Error (PE) plots for Eq. (8) combined with the Weibull (A)
or the linear (O) model for the four dynamic temperatures. Solid lines are the upper and lower boundaries of the acceptable prediction zone.

time of treatment at a reference temperature, using the z-value related
to the microorganism. One interesting point is that this approach could
be further combined with a linear or a Weibull model and nothing
prevents its expanded application to other nonlinear primary models.
Nevertheless, one important point to bear in mind, before using heat
resistance parameters for further simulation, is the quality of these
parameters. For example, Bacillus pumilus E71 showed heat inactivation
kinetics with a slight shoulder and the performances of both the linear
and the Weibull model were sufficient to describe the inactivation
(Table 1) and thus characterized heat resistance parameters. However,
by using heat resistance parameters obtained with a linear model,
further prediction leads to a “fail dangerous” situation for each tested
condition, underscoring the necessity of accurately characterizing the
bacterial inactivation. Of course the linear model appeared as a simpler
concept to easily compare strain resistances since here the resistance is
only dependent on temperature. Yet in real life, as shown by the dif-
ferent patterns of inactivation kinetics, heat resistance also depends on
heating time. The impact of the time could be modeled by using a
Weibull model which adds a shape parameter (p). This parameter is
known to be independent of sporulation conditions, microbial physio-
logical state or heating conditions (Baril et al., 2012; Desriac et al.,
2013; Mafart et al., 2001). In the example of Bacillus pumilus E71
spores, the affined characterization of spore heat resistance allowed
further satisfying prediction of inactivation under dynamic heat con-
ditions.

As shown in this article, processing from a non-isothermal to an
isothermal temperature profile simplifies the prediction of microbial
kinetics, especially when inactivation is non-log-linear. Finally, this
article offers a method to make the delta value independent of time, by
modifying the time scale. Consequently, based on the modified time
scale, the delta value remains constant, and the inactivation kinetics
decrease linearly allowing the use of historical linear concepts.
Moreover, no additional parameters are required and this method could
be combined with different primary models to take different inactiva-
tion patterns into account. Furthermore this practical way to extend the
F-value to non-log-linear kinetic could be easily integrated in a more
general concept for heat prediction which takes other main environ-
mental factors such as pH or aw into account (Mafart et al., 2010). The
development of such a model would allow risk managers to estimate
microbial contamination during and after heat processing steps and to
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compare the efficiency of several processes or food formulations on the
inactivation of a targeted microorganism. In terms of model choice,
even if a linear model is acceptable, it is important to bear in mind that
it may lead to an overestimation of the impact of the heat treatment.

Acknowledgment

This research did not receive any specific grant from funding
agencies in the public, commercial, or not-for-profit sectors.

References

Akterian, S.G., Fernandez, P.S., Hendrickx, M.E., Tobback, P.P., Periago, P.M., Martinez,
A., 1999. Risk analysis of the thermal sterilization process. Analysis of factors af-
fecting the thermal resistance of microorganisms. Int. J. Food Microbiol. 47, 51-57.

Baril, E., Coroller, L., Postollec, F., Leguerinel, 1., Boulais, C., Carlin, F., Mafart, P., 2011.
The wet-heat resistance of Bacillus weihenstephanensis KBAB4 spores produced in a
two-step sporulation process depends on sporulation temperature but not on previous
cell history. Int. J. Food Microbiol. 146, 57-62. https://doi.org/10.1016/j.
ijfoodmicro.2011.01.042.

Baril, E., Coroller, L., Couvert, O., El Jabri, M., Leguerinel, I., Postollec, F., Boulais, C.,
Carlin, F., Mafart, P., 2012. Sporulation boundaries and spore formation kinetics of
Bacillus spp. as a function of temperature, pH and aw. Food Microbiol. 32, 79-86.
https://doi.org/10.1016/§.fm.2012.04.011.

Bigelow, W.D., 1921. The logarithmic nature of thermal death time curves. J. Infect. Dis.
29, 528-536. https://doi.org/10.1093/infdis/29.5.528.

Chen, G., Campanella, O.H., Corvalan, C.M., 2007. A numerical algorithm for calculating
microbial survival curves during thermal processing. Food Res. Int. 40, 203-208.
https://doi.org/10.1016/j.foodres.2006.09.009.

Corradini, M.G., Normand, M.D., Peleg, M., 2006. Expressing the equivalence of non-
isothermal and isothermal heat sterilization processes. J. Sci. Food Agric. 86,
785-792.

Couvert, O., Gaillard, S., Savy, N., Mafart, P., Leguérinel, 1., 2005. Survival curves of
heated bacterial spores: effect of environmental factors on Weibull parameters. Int. J.
Food Microbiol. 101, 73-81. https://doi.org/10.1016/j.ijfoodmicro.2004.10.048.

den Besten, H.M.W., Mataragas, M., Moezelaar, R., Abee, T., Zwietering, M.H., 2006.
Quantification of the effects of salt stress and physiological state on thermotolerance
of Bacillus cereus ATCC 10987 and ATCC 14579. Appl. Environ. Microbiol. 72,
5884-5894. https://doi.org/10.1128/AEM.00780-06.

Desriac, N., Postollec, F., Durand, D., Leguerinel, 1., Sohier, D., Coroller, L., 2013.
Sensitivity of Bacillus weihenstephanensis to acidic changes of the medium is not de-
pendant on physiological state. Food Microbiol. 36, 440-446.

Geeraerd, A.H., Valdramidis, V.P., Van Impe, J.F., 2005. GInaFiT, a freeware tool to assess
non-log-linear microbial survivor curves. Int. J. Food Microbiol. 102, 95-105.
https://doi.org/10.1016/j.ijfoodmicro.2004.11.038.

Hansen, N.H., Riemann, H., 1963. Factors affecting the heat resistance of nonsporing
organisms. J. Appl. Bacteriol. 26, 314-333.

Hurvich, C.M., Tsai, C.L., 1995. Model selection for extended quasi-likelihood models in
small samples. Biometrics 51, 1077-1084. https://doi.org/10.2307/2533006.



N. Desriac et al.

Leistner, L., 2000. Basic aspects of food preservation by hurdle technology. J. Food
Microbiol. 55, 181-186.

Mafart, P., 2000. Taking injuries of surviving bacteria into account for optimising heat
treatments. Int. J. Food Microbiol. 55, 175-179. https://doi.org/10.1016/50168-
1605(00)00160-4.

Mafart, P., Couvert, O., Gaillard, S., Leguerinel, I., 2001. On calculating sterility in
thermal preservation methods: application of the Weibull frequency distribution
model. Acta Hortic. 566, 107-114. https://doi.org/10.1016/50168-1605(01)
00624-9.

Mafart, P., Leguérinel, I., Couvert, O., Coroller, L., 2010. Quantification of spore re-
sistance for assessment and optimization of heating processes: a never-ending story.
Food Microbiol. 27, 568-572. https://doi.org/10.1016/j.fm.2010.03.002.

Manas, P., Pagan, R., 2005. Microbial inactivation by new technologies of food pre-
servation. J. Appl. Microbiol. 98, 1387-1399. https://doi.org/10.1111/j.1365-2672.
2005.02561.x.

Negi, P.S., 2012. Plant extracts for the control of bacterial growth: efficacy, stability and
safety issues for food application. Int. J. Food Microbiol. 156, 7-17. https://doi.org/
10.1016/j.ijfoodmicro.2012.03.006.

Oscar, T.P., 2005. Validation of lag time and growth rate models for Salmonella
Typhimurium: Acceptable Prediction Zone Method. J. Food Sci. 70, 129-137.

Oscar, T.P., 2009. Predictive model for survival and growth of Salmonella typhimurium
DT104 on chicken skin during temperature abuse. J. Food Prot. 72, 304-314.

Peleg, M., Penchina, C.M., 2000. Modeling microbial survival during exposure to a lethal
agent with varying intensity. Crit. Rev. Food Sci. Nutr. 40, 159-172. https://doi.org/

41

International Journal of Food Microbiology 290 (2019) 36-41

10.1080/10408690091189301.

Peleg, M., Penchina, C.M., Cole, M.B., 2001. Estimation of the survival curve of Listeria
monocytogenes during non-isothermal heat treatments. Food Res. Int. 34, 383-388.
https://doi.org/10.1016/50963-9969(00)00181-2.

Periago, P.M., Van Zuijlen, A., Fernandez, P.S., Klapwijk, P.M., Ter Steeg, P.F., Corradini,
M.G., Peleg, M., 2004. Estimation of the non-isothermal inactivation patterns of
Bacillus sporothermodurans 1C4 spores in soups from their isothermal survival data.
Int. J. Food Microbiol. 95, 205-218. https://doi.org/10.1016/j.ijfoodmicro.2004.02.
015.

Ross, T., Dalgaard, P., Tienungoon, S., 2000. Predictive modelling of the growth and
survival of Listeria in fishery products. Int. J. Food Microbiol. 62, 231-245.

Smelt, J.P.P.M., Brul, S., 2014. Thermal inactivation of microorganisms. Crit. Rev. Food
Sci. Nutr. 54, 1371-1385. https://doi.org/10.1080/10408398.2011.637645.

Valdramidis, V.P., Geeraerd, A.H., Bernaerts, K., Van Impe, J.F., 2006. Microbial dy-
namics versus mathematical model dynamics: the case of microbial heat resistance
induction. Innov. Food Sci. Emerg. Technol. 7, 80-87. https://doi.org/10.1016/j.
ifset.2005.09.005.

Valdramidis, V.P., Geeraerd, A.H., Tiwari, B.K., Cullen, P.J., Kondjoyan, A., Van Impe,
J.F., 2011. Estimating the efficacy of mild heating processes taking into account
microbial non-linearities: a case study on the thermisation of a food simulant. Food
Control 22, 137-142. https://doi.org/10.1016/j.foodcont.2010.05.007.

van Boekel, M.A.J.S., 2008. Kinetic modeling of food quality: a critical review. Compr.
Rev. Food Sci. Food Saf. 7, 144-158. https://doi.org/10.1111/j.1541-4337.2007.
00036.x.



