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This study takes a first step towards incorporating a more mechanistic basis into current microbial inactivation
models. We focus on the role of SigB and the stressosome in the heat resistance of Listeria monocytogenes using a
reference strain (EGD-e), as well as five mutant strains where SigB and/or the stressosome were mutated. Data
Stress response was analysed using the Geeraerd model to quantify the link between SigB/stressosome and thermal resistance.
Pasteurization The AsigB strain had lower thermal resistance (log;,Dsg = 0.21 logyo min) than EGD-e (0.27 log;o min). Mu-
SigB tations known to negatively affect the stressosome function also reduced the D-value (0.18 log;o min for RsbS
S56A). Survivor curves had also a shoulder, which was also affected by SigB/stressosome. Exponential phase cells
of the RsbR1-only strain had the shortest shoulder, while the wild type strain had the longest, which suggests that
RsbR1 paralogues play a role in thermal stress response. Every strain was able to develop stress acclimation
during dynamic heat treatments at low heating rates (2 °C/min) suggesting that factors other than SigB are
important for thermal adaptation. Its impact was comparable to the jump from exponential to stationary phase
cells, underlining the relevance of stress acclimation. This emphasizes the need for predictive models to go
beyond a “baseline” resistance, accounting for the ability of cells to change their resistance as a response to
environmental signals. This study marks a first step towards that goal, by defining possible ranges of variation for
the D-value and shoulder length of L. monocytogenes.

Stressosome

1. Introduction

Thermal treatments are a fundamental part of food safety assurance,
as high temperatures can inactivate most microbiological hazards in
foods (Peng et al., 2017). However, high temperatures also induce other
biochemical reactions in foodstuff, such as degradation of nutritional
compounds, browning or texture changes, leading to a loss in nutritional
and/or sensorial quality (Verbeyst, Bogaerts, Van der Plancken, Hen-
drickx, & Van Loey, 2013; Wang, Law, Mujumdar, & Xiao, 2017).
Therefore, thermal treatments must be optimized to cause the required
level of microbial inactivation with a minimum impact on product
quality.

The optimization of heat treatments requires mathematical models
able to predict the reduction in the microbial population for a given
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temperature profile. Microbial inactivation by heat is a highly complex
process, which combines complex microbiological and thermodynam-
ical principles (Smelt & Brul, 2014). As a result, current models from
predictive microbiology apply strong simplifications at the population
level, with state-of-the-art microbial inactivation models being based on
empirical equations fitted to experimental data (Georgalis, Fernandez, &
Garre, 2023).

Therefore, current models are constrained by the simplifications
needed to construct them from limited datasets. A key aspect for this is
that a large body of microbial inactivation models was built using
reference strains. This design choice towards standardization might
have under-represented bacterial strains with extreme phenotypes (Ma,
Chen, Zwietering, Abee, & Den Besten, 2024). This is a critical point for
risk assessment, as it has been hypothesized that foodborne outbreaks
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could be linked to bacterial strains with extreme phenotypes (den Bes-
ten, Aryani, Metselaar, & Zwietering, 2017; Zwietering, Garre, & den
Besten, 2021). Furthermore, most models were built from microbial
cultures grown under optimal growth conditions. Although this
approach serves to quantify the “baseline” microbial resistance to heat,
bacterial cells are dynamic entities that can adapt their physiology to the
environmental conditions, as evidenced by several studies showing that
cells pre-exposed to stressful conditions (either high temperature or
other stresses) may increase their resistance to subsequent heat treat-
ments through the development of (cross-) acclimation (Garre,
Gonzalez-Tejedor, Aznar, Fernandez, & Egea, 2019; Heinrich et al.,
2016; Valdramidis, Van Impe, & Geeraerd, 2006).

The bias introduced by the reduced pool of bacterial strains and
physiological conditions is hard to quantify due to the lack of mecha-
nistic parameters in current models. Hence, incorporating insight on the
response to stress at the molecular level seems a promising avenue for
improvement (Liu et al., 2025). In this context, L. monocytogenes serves
as an excellent model organism for studying stress adaptation, given its
genetic diversity and its ability to survive in diverse environmental
conditions (Quereda et al., 2021). One of the major stress response
mechanisms in L. monocytogenes that helps it survive under thermal,
acidic, osmotic, and other stress conditions is the general stress
response, which is under the control of the alternative sigma factor
sigma B (SigB) (Liu, Orsi, Boor, Wiedmann, & Guariglia-Oropeza, 2017).
SigB is responsible for the transcription of around 300 genes involved in
the stress response and virulence (Guerreiro, Arcari, & O’Byrne, 2020;
Oliver et al., 2009). Its activity is regulated by a complex signal trans-
duction pathway, which is ultimately controlled by a multi-protein
sensory hub known as the stressosome (Marles-Wright et al., 2008;
NicAogain & O’Byrne, 2016). The stressosome is a stress sensory com-
plex composed of multiple copies of the RsbR protein and its homologs,
as well as RsbS and RsbT. Upon encountering stress signals, the stres-
sosome triggers a signal transduction cascade that ultimately leads to the
release of SigB from the anti-sigma factor RsbW, thereby making it
available to participate in transcription (NicAogain & O’Byrne, 2016).
Recent studies have focused on signal transduction mechanisms that
activate the general stress response in L. monocytogenes in response to
acidic and osmotic environments (Dessaux, Guerreiro, Pucciarelli,
O’Byrne, & Garcia-del Portillo, 2020; Guerreiro et al., 2022). Acid stress
signals are integrated into the general SigB-dependent stress response
pathway via the stressosome (Guerreiro et al., 2022). However, studies
on heat stress response mechanisms in L. monocytogenes are limited, with
few studies exploring the molecular pathways involved in its adaptation
to high and sub-lethal temperatures (Ferreira, O'Byrne, & Boor, 2001;
Somolinos, Espina, Pagan, & Garcia, 2010; van der Veen et al., 2007).

Based on that, the goal of this study is to advance our understanding
of how those molecular mechanisms are linked to population level mi-
crobial inactivation kinetics for L. monocytogenes. We define a model
built from exponential phase cells of L. monocytogenes EGD-e (type strain
for L. monocytogenes) exposed to isothermal treatments as “baseline”
microbial resistance. Then, we analyze how the stressosome and SigB
are linked to changes in the thermal resistance of the population using a
collection of L. monocytogenes mutants, including one with a deletion in
the sigB gene, another where the RsbR1 paralogs were deleted, a mutant
with inactivated kinase activity of RsbT, and two mutants in which the
putative phosphorylation sites in the stressosome core proteins RsbS and
RsbR1 were substituted with alanine. The variability in the response is
characterized further by modifying the status of the cells and treatment
conditions (exponential vs stationary phase cells; isothermal vs dynamic
treatments). The data are described using nonlinear inactivation models
to enable a quantification of the changes in the initial (shoulder length)
and overall (inactivation rate) thermal resistance of the population.
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2. Materials and methods
2.1. Bacterial strain and culture conditions

L. monocytogenes EGD-e (serovar 1/2a, clonal complex 9, sequence
type 35) and its mutants are indicated in Table 1. Strains were main-
tained frozen at —80 °C in cryovials with 0.7 % DMSO for long-term
preservation. Strains were grown in a 100 mL flask containing 30 mL
of Brain Heart Infusion (BHI) broth (Scharlau Chemie SA, Barcelona,
Spain) at 37 °C with constant shaking at 150 rpm. Cells were grown for
24 h until stationary phase was reached (stationary phase cells) or
further diluted in fresh BHI to an initial ODggg = 0.05 + 0.01 and further
allowed to grow until mid-log phase (ODgg9 = 0.4 + 0,02) (exponential
phase cells).

2.2. Thermal treatments and enumeration of survivors

Heat treatments were carried out in a Mastia thermoresistometer
(Conesa, Andreu, Fernandez, Esnoz, & Palop, 2009). Briefly, this in-
strument consists of a 400 mL vessel equipped with an electrical heater
and cooling system, a stirring device to ensure inoculum distribution
and temperature homogeneity, and ports for the injection of microbial
suspension and for the extraction of samples. For isothermal treatments,
once the temperature inside the vessel stabilized (+0.1 °C) at the
treatment temperature (55-62 °C), 0.2 mL of cell suspension (in sta-
tionary or exponential growth phase) were injected into the main
chamber containing Brain Heart Infusion (BHI) broth (Scharlau). For
treatments under dynamics conditions, experiments were conducted
using two biphasic temperature profiles in which the heating medium
was heated from the initial temperature (30 °C) to the target tempera-
ture (58 °C) at four different heating rates (2, 5, 10 and 14 °C/min). In
these experiments, the treatment medium was inoculated with 0.2 mL of
exponential phase cell suspension once the thermoresistometer had
reached the initial temperature. After inoculation under both condi-
tions, samples were collected at different heating times. Samples were
adequately diluted in Buffered Peptone Water (BPW; Oxoid; Basing-
stoke, UK) and plated in the recovery medium, BHI agar (Scharlau).
Plates were then incubated for 48 h at 37 °C, after which the colony-
forming units (CFU) per plate were counted. For each condition, ther-
mal experiments were performed for three independent biological
replicates.

2.3. Analysis of data obtained under isothermal conditions

The survivor curves obtained under isothermal conditions were
nonlinear with clear shoulders. This was confirmed by fitting log-linear
and non-linear models (also Weibullian models) to the data using AIC for
model selection. Therefore, they were described using the algebraic
solution of the Geeraerd model for curves without a tail (Geeraerd,
Herremans, & Van Impe, 2000). The model is shown in Eq. (1), where N
is the microbial concentration and t is the treatment time. The microbial

Table 1
Strains collection of L. monocytogenes used in this study.

Strains Reference

Listeria monocytogenes EGD-e (Wild Type (WT)) Conor P. O’Byrne

Guerreiro et al.
L. monocytogenes EGD-e AsigB uerreiro et a

(2020)
L. monocytogenes EGD-e (ArsbL ArsbR2 ArsbR3 ArsbR4 Guerreiro et al.
(RsbR1-only)) (2022)
Guerreiro et al.
L. monocytogenes EGD-e (rsbS S56A) (2022)
Dessaux et al.
L. monocytogenes EGD-e (rsbT N49A) (2020)

Guerreiro et al.
(2022)

~

. monocytogenes EGD-e (rsbR1 T241A)
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kinetics are described by the inactivation rate, k, and the shoulder
length, S;.
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The secondary models were defined based on the recommendations
by Garre, Valdramidis, and Guillén (2025). Accordingly, if we use a log-
linear secondary model for k (Eq. 2), the only secondary model for S;
compatible with the dynamic assumptions of the Geeraerd model would
also be log-linear (Eq. 3).

Ink =a+b-T 2)

S =Ae"T (3)

The secondary model for k is defined by the intercept (a) and slope
(b) terms, as broadly accepted in predictive microbiology. However,
according to Garre, Valdramidis, and Guillén (2025), the secondary
model for S; is linked to the other secondary model, as b appears in both
equations and the coefficient A is defined asA = e %In(Q, + 1). Hence, it
only adds an additional unknown parameter (Qp).

To facilitate the biological interpretation of the model fits, the model
was reparameterized based on the D-value (time for one log-reduction at
constant temperature) and the z-value (temperature increase required
for a 10-fold reduction of the D-value). Accordingly, instead of the
regression parameters a and b, we used the identities in Egs. (4-6). This
introduces a reference temperature (T,), so the D-value is defined at the
reference temperature (Dy). The reference temperature has no biolog-
ical meaning but improves parameter identifiability (Penalver-Soto,
Garre, Esnoz, Fernandez, & Egea, 2019). T,y was fixed at 58 °C to
facilitate the interpretation of the dynamic results, as this is the
maximum temperature in those experiments.

In10
2= @
lnk,ef =a— b~Tref (5)
In10
Dref - T (6)

ref

The microbial response is thus described by three unknown param-
eters (Dyy,z and Qp) plus the initial microbial concentration Ny. These
parameters were estimated in one step by nonlinear regression (i.e.,
estimating the values of the four parameters by least squares from the
observed log-microbial concentrations at the different treatment tem-
peratures). This was implemented in R version 4.2.3 (R Core Team,
2022) using version 1.3.6.2 of the FME package (Soetaert & Petzoldt,
2010), which implements the Newton-Raphson algorithm (Bates &
Watts, 2007). To facilitate convergence, the values of Qp, No and Dr.f
were logo-transformed for model fitting. The fit was assessed using the

Root Mean Squared Error: RMSE = \/ 1% (logyoNops — loglONp,ed)z.

The models were fitted independently to the data obtained from each
strain (6 strains) and for each physiological state (exponential or sta-
tionary phase cells), resulting in 12 independent models. The computer
code is available in the GitHub page of one of the coauthors (https://gith
ub.com/albgarre/sigB_Listeria).

2.4. Model predictions under dynamic temperature conditions

The data obtained under dynamic temperature conditions was ana-
lysed using the dynamic version of the Geeraerd model (i.e., based on
differential equations). This model is shown in Eq. (7), where a and
introduce, respectively, the shoulder and tail effects. Considering
neither the isothermal nor the dynamic data showed tails, the coefficient
p was set to one.
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The coefficient @ = ﬁ introduces the shoulder under the assumption

of a theoretical substance (Q) that has a protective effect. This model
assumes that Q follows first order inactivation kinetics with rate k (Eq.
8).
daQ
i k-Q (8)

Hence, the duration of the lag phase is defined by the initial value of
Q (Qo), which is related to the lag phase duration under isothermal
conditions by the identity S; = w (Valdramidis, Van Impe, & Geer-
aerd, 2006).

Therefore, the predictions of this model are characterized by Q, as
well as the secondary model for k (note that the dynamic model does not
require a secondary model for S, as this is only defined for isothermal
experiments). For compatibility with the model used for isothermal
conditions, a log-linear model for k was also used (Eq. 2).

Comparing the predictions of models obtained under isothermal
conditions against data obtained under dynamic temperature conditions
enables assessing the relevance of stress acclimation and similar effects
(Garre et al., 2019; Valdramidis, Geeraerd, Bernaerts, & Van Impe,
2006). These were calculated by solving the differential equation (Egs. 4
and 5) for the parameter values estimated from the isothermal data as
described in section 2.3. The numerical calculations were performed
using version 0.0.99 of the bioinactivation2 package for R (Garre,
Georgalis, Lindqvist, & Fernandez, 2025), currently available in GitHub
(https://github.com/albgarre/bioinactivation2).

The predictions of the models obtained under isothermal conditions
against the observations obtained under dynamic conditions were
evaluated using the RMSE and the Mean Error: ME =

%Z (log Nops — lOngred)-

2.5. Model fitting to data obtained under dynamic temperature conditions

The comparison based on the ME showed significant deviations be-
tween the model predictions obtained from data under isothermal
conditions and the observations under dynamic conditions. Therefore, in
order to better quantify the effect of the heating rate on thermal inac-
tivation, the Geeraerd model was fitted directly to the dynamic data.

Models were fitted using the bioinactivation2 package, that is based
on the approach described for bioinactivation (Garre, Fernandez,
Lindqvist, & Egea, 2017). Briefly, model fitting can be defined as an
optimization problem, consisting in finding the parameter values that
minimize the RMSE of the predictions of the Geeraerd model against the
microbial observations under dynamic conditions. The problem is
solved by the Levenberg-Marquardt algorithm (Moré, 1978), using the
interface implemented in FME (Soetaert & Petzoldt, 2010).

The Geeraerd model without tail (defined from D, No, Qo, 2) was
fitted independently for each strain and for each heating rate. To facil-
itate the evaluation of the increased resistance from isothermal to dy-
namic treatments, the fit was done by fixing the z-value to the one
estimated under isothermal conditions for each strain.

3. Results

3.1. Thermal inactivation of L. monocytogenes under isothermal
conditions

In this study, the thermal resistance of five Listeria monocytogenes
EGD-e mutants was evaluated and compared against the wild type
strain. The cells were analysed in two growth phases, exponential and
stationary, and tested at three different temperatures per phase, ranging
from 55 to 62 °C. The Geeraerd model with linked secondary models for
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Table 2
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Parameters of the Geeraerd model estimated from the data for exponential phase cells of Listeria monocytogenes under isothermal treatments, using a one-step method

considering coupling between secondary models.

Strain log10 Qo (1) log1o Dss z (°C) logio0 No RMSE
(log1o min) (log10 CFU/mL) (log1o CFU/mL)
EGD-e (WT) 0.93 +0.17 0.27 + 0.02 6.0 + 0.1 5.22 + 0.07 0.28
AsigB 0.77 + 0.24 0.21 + 0.02 7.2+ 0.2 5.22 +0.10 0.45
RsbR1-only —0.19 £+ 0.53 0.30 + 0.02 6.0+ 0.1 5.35 +0.12 0.42
rsbS S56A 0.51 + 0.29 0.18 + 0.02 7.5+ 0.2 5.13 +0.12 0.40
rsbT N49A 0.00 + 0.32 0.26 + 0.01 6.4+ 0.1 5.19 + 0.10 0.33
rsbR1 T241A 0.19 + 0.29 0.43 £ 0.02 5.8+ 0.1 5.29 + 0.09 0.34

k and S; was successful at describing the data obtained under isothermal
conditions. This is illustrated in supp. Figs. 1 and 2, which depict the
fitted curves against the microbial concentrations observed and shows
that the observations clearly had a shoulder for all six strains tested. This
implies that the temperature levels, despite being high enough to cause
microbial inactivation in the long term, were ineffective at causing cell
death from the onset of the treatment. Please note that the Mastia
thermoresistometer includes continuous stirring and temperature con-
trol during the process (Conesa et al., 2009), so this initial shoulder is
not an artefact of the inoculation.

The fact that all strains, including the AsigB mutant, showed this
shoulder suggests that SigB function does not play a main role in this
early-stage heat protection. Also, as illustrated in Tables 2 and 3, the
RMSE of the model fits was reasonable for a one-step fitting algorithm
(RMSE = 0.8 log1o CFU/mL in the worst case), further supporting the
conclusion that the model was able to describe the general trend in the
data.

In general, the data evidences that SigB contributes to resistance
against thermal inactivation. Additionally, mutations that are known to
negatively affect stressosome function (RsbS S56A and RsbT N49A)
show increased sensitivity compared to the WT strain EGD-e. In
particular, Table 2 reports the parameter values of the Geeraerd model
estimated for exponential phase cells of each strain. The z-values ranged
between 5.8 and 7.5 °C, values that are typical for vegetative cells (van
Asselt & Zwietering, 2006). On the other hand, parameter Dsg defines
the thermal resistance at the reference temperature (58 °C). Hence,
provided the z-value is comparable, higher values of Dsg indicate a
generally higher resistance. Accordingly, exponential phase cells of
rsbR1 T241A would have the highest thermal resistance at the reference
temperature (log;,Dsg = 0.43 log min), followed by RsbR1-only (0.30
log1p min), EGD-e (0.27 log;¢ min), rsbT N49A (0.26 log;¢ min), AsigB
(0.21 log1p min) and rsbS S56A (0.18 logi¢ min).

Stationary phase cells of every L. monocytogenes strain tested had a
higher thermal resistance than exponential phase ones. This is evidenced
by parameter logDsg having significantly higher values for every strain
(0.86 vs 0.27 log1 min for the wild type, 0.62 vs 0.21 log;o min for the
AsigB strain and 0.80 vs 0.30 logjp min for the RsbR1-only strain).
Furthermore, stationary phase cells were less sensitive to temperature
changes, as demonstrated by their generally lower z-values (4.7 vs 6.0 °C
for the wild type, 4.3 vs 7.2 °C for the AsigB strain and 5.0 vs 6.0 °C for
the RsbR1-only strain) (Table 3).

The results are aligned with previous studies on the thermal inacti-
vation of L. monocytogenes. Based on a systematic literature review of
940 D-values reported for stationary-phase cells, van Asselt and

Table 3

Zwietering (2006) estimated a z-value of 7.0 °C and a D-value of 0.65
min at 58 °C. The z-value estimated by meta-regression is higher than
the one obtained here, most likely due to the presence of experimental
bias in that dataset (Garre, Zwietering, & den Besten, 2023). By looking
at individual studies, our results are comparable to those reported by
Szlachta, Keller, Shazer, and Chirtel (2010) (log;oDss = 0.49log;,min;
z = 57C) or by Mazzotta and Gombas (2001) (logyoDss =
0.46log;,min;z = 4.9°C). In fact, the mean of the log D-values reported
in D database for L. monocytogenes for stationary phase cells in laboratory
media is 0.42 log min (https://foodmicrowur.shinyapps.io/Ddatabas
e/), confirming the robustness of our experimental approach.

The secondary models for the D-value fitted for each strain for both
stationary phase and exponential phase cells are depicted in Fig. 1A and
B, respectively. In general, the AsigB strain showed the lowest D-values
in both growth-phases and across the entire temperature range assayed.
This is likely due to differences in gene expression between the AsigB
mutant and WT strain that were present in the culture prior to thermal
challenge (Guerreiro et al., 2020). It is possible that SigB could also be
playing a role in the initial thermal resistance, as evidenced by the
shorter shoulder length in the AsigB mutant.

Stationary phase cells had a higher thermal resistance than expo-
nential phase cells, with higher D-values over the complete temperature
range tested. The RsbR1-only mutant was similar in terms of resistance
to the WT strain for both exponential and stationary phase cells. Among
exponential phase cells, rsbR1 T241A strain showed the highest resis-
tance, with higher D-values over the whole temperature range tested.
Regarding the other strains, it is interesting that the differences between
them are more relevant at 55 °C than at 60 °C, with the secondary
models seeming to converge towards the highest temperature tested.
This suggests that differences between strains for exponential phase cells
are more apparent during treatments at lower temperatures, where
longer exposure times are required for inactivation and presumably
more time is available for any thermal acclimation to take place.

For the interpretation of the results, it is important to underline that
the mode of inactivation represented by the shoulder is different from
the one quantified by the D-value. Whereas the D-value describes the
rate of inactivation during the lethal phase of the treatment, S; defines
the duration of the first phase, where the damage produced by the
treatment is ineffective at causing cell death (Ruiz, Alonso, Salvador,
Condoén, & Condon-Abanto, 2021). The shoulder length often varies
independently of the D-value, being affected by the physiological state
of the cells, the type of heating medium or environmental conditions
such as pH or temperature (Huang, 2009; Miller et al., 2009; Wang et al.,
2024; Wang, Devlieghere, Geeraerd, & Uyttendaele, 2017) Therefore, it

Parameters of the Geeraerd model estimated from the data for stationary phase cells of Listeria monocytogenes under isothermal treatments, using a one-step method

considering coupling between secondary models.

Strain log10 Qo () log10 Dss z (°C) logi10 No RMSE

(log1 min) (log1o CFU/mL) (log1o CFU/mL)
EGD-e (WT) 0.99 + 0.44 0.86 + 0.04 4.7 £ 0.2 6.04 + 0.18 0.82
AsigB —0.09 + 0.61 0.62 + 0.03 43+0.1 6.11 + 0.16 0.53
RsbR1-only 1.67 + 0.27 0.80 + 0.03 5.0+ 0.1 5.96 + 0.09 0.50
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Fig. 1. Secondary model for the effect of temperature on the inactivation rate (Eq. 2) estimated from the data on the inactivation of L. monocytogenes at isothermal

conditions for cells in stationary (A) or exponential (B) phase.
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Fig. 2. Secondary model for the effect of temperature on the shoulder length (Eq. 3) estimated from the data on the inactivation of L. monocytogenes at isothermal

conditions for cells in stationary (A) or exponential (B) phase.

merits an independent analysis.

In the Geeraerd model, the duration of this phase depends on a
combination of the “physiological state” (quantified by Qo, with higher
values meaning “more resistant”) and the D-value at the treatment
temperature (defined by D,,s and 2) (Geeraerd et al., 2000). To facilitate
interpretation, Fig. 2 depicts the secondary models fitted to each strain
using cells in the stationary phase (Fig. 2 A) or the exponential phase
(Fig. 2B). It is evident that stationary phase cells had generally longer
shoulders, showing that populations in this stage have higher thermal
resistance. The only exception is the AsigB mutant, which showed
practically the same shoulder length for both stationary and exponential
phase cells. This shows that the shoulder is likely due to the establish-
ment of a robust general stress response during stationary phase, likely
mediated by SigB. As a result, stationary phase cells of the AsigB strain
have the lowest S; by far, underlining its lower heat resistance (it also
had the lowest D-value). On the other hand, exponential phase cells of
the AsigB mutant had intermediate shoulder.

Although stationary phase cells of WT and the RsbR1-only strain
exhibited similar shoulders across the range of temperatures tested,

exponential phase cells showed large differences. The RsbR1-only strain
had the shortest shoulder length among all strains tested, while the wild
type strain had the longest. Similar to the secondary model for the D-
value, at low temperature (55 °C) the differences in shoulder length
between strains were more pronounced than at high temperatures
(60 °C). However, they appear to converge into several groups: RsbR1-
only and rsbT N49A, or rsbS S56A and rsbR1 T241A, unlike for the D-
value where every strain seemed to converge to a single one.

Table 4

ME (log1o CFU/mL) of the predictions of the Geeraerd models fitted to
isothermal data from exponential phase cells of L. monocytogenes against the
concentrations observed during dynamic treatments of different heating rates.

2 °C/min 5 °C/min 10 °C/min 14 °C/min
EGD-e (WT) -4.2 -1.8 -0.5 -0.3
RsbR1-only -4.3 -21 -0.9 -0.7
rsbR1 T241A -2.7 -1.1 —-0.2 -0.1
rsbS S56A -6.1 -3.0 -1.4 -1.1
rsbT N49A -4.9 -2.4 -1.1 -0.9
AsigB —5.4 -2.5 -1.0 -0.8
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Table 5
Parameters of the Geeraerd model estimated from data obtained for different dynamic temperature conditions.
Heating rate Strain log1o No log1o Dss log10 Qo (1) RMSE
(log1o CFU/mL) (log1o min) (log10 CFU/mL)

2 °C/min EGD-e (WT) 5.26 £+ 0.08 0.58 £+ 0.02 2.55 £ 0.33 0.37
RsbR1-only 5.24 + 0.05 0.62 £ 0.02 1.89 +£0.18 0.21
rsbR1 T241A 5.24 £ 0.04 0.52 £ 0.02 3.79 £0.26 0.19
rsbS S56A 5.30 £ 0.07 0.59 £ 0.02 2.42 £ 0.27 0.30
rsbT N49A 5.16 = 0.04 0.52 £+ 0.02 3.06 + 0.24 0.21
AsigB 5.20 £+ 0.09 0.66 £+ 0.03 2.11 £0.35 0.39

5 °C/min EGD-e (WT) 5.03 £ 0.03 0.61 £+ 0.02 1.46 £ 0.16 0.17
RsbR1-only 5.31 + 0.06 0.46 + 0.03 1.48 £ 0.25 0.25
rsbR1 T241A 5.07 £ 0.03 0.59 £ 0.02 1.86 + 0.14 0.17
rsbS S56A 5.17 £ 0.05 0.52 £ 0.01 1.36 £ 0.14 0.22
rsbT N49A 5.13 +£0.03 0.51 £+ 0.01 1.32 £ 0.09 0.13
AsigB 5.24 + 0.09 0.55 £+ 0.02 0.04 + 0.36 0.37

10 °C/min EGD-e (WT) 5.03 £ 0.07 0.44 £ 0.03 1.34 £ 0.27 0.33
RsbR1-only 5.13 £ 0.05 0.4 £ 0.02 1.22 £ 0.16 0.23
rsbR1 T241A 5.21 +0.05 0.49 £ 0.02 1.24 +£0.18 0.21
rsbS S56A 495 £+ 0.11 0.38 £ 0.02 0.18 £0.33 0.30
rsbT N49A 5.19 £+ 0.08 0.26 £+ 0.02 0.38 £ 0.22 0.22
AsigB 5.26 + 0.08 0.38 £+ 0.02 0.41 + 0.25 0.30

14 °C/min EGD-e (WT) 5.08 £ 0.05 0.28 £ 0.02 1.91 £ 0.21 0.19
RsbR1-only 5.04 £ 0.04 0.26 £+ 0.02 2.25+0.24 0.20
rsbR1 T241A 5.09 + 0.05 0.39 £+ 0.04 2.02 +0.33 0.21
rsbS S56A 4.98 + 0.07 0.18 £+ 0.02 2.02 + 0.24 0.25
rsbT N49A 5.19 £ 0.07 0.26 £ 0.02 1.31 £0.18 0.26
AsigB 5.15 £+ 0.09 0.34 £ 0.02 0.44 £ 0.26 0.28

3.2. Thermal inactivation of L. monocytogenes under dynamic conditions

The Geeraerd models built based on data gathered under isothermal
conditions from cells on the exponential phase were used to predict the
microbial response during treatments with varying temperatures. As
illustrated in Supp. Figs. 3-6, there were clear deviations between the
model predictions and the observations, with the microbial concentra-
tions being consistently higher than the model predictions. Table 4
quantifies the magnitude of these deviation using the ME. For the
highest heating rate tested (14 °C/min), the ME is relatively low (mean
of 0.8 logy¢p CFU/mL), showing a good predictive power. However, this
index grows for lower heating rates (mean ME of 5 log;o CFU/mL for
2 °C/min), demonstrating that the model predictions overpredict the
microbial concentration for these conditions.

Similar effects have already been reported in the literature and have
been attributed to a dynamic stress adaptation (Clemente-Carazo,
Cebrian, Garre, & Palop, 2020; Garre et al., 2019; Garre, Egea, Iguaz,
Palop, & Fernandez, 2018). Accordingly, as the temperature during the
heating phase in our design grows linearly from 30 to 58 °C, the mi-
crobial population is exposed to sublethal temperatures during a large
part of the treatment. Despite not causing noticeable inactivation, sub-
lethal temperatures would still activate the stress-response mechanisms
of the bacterial cells. As a result, if the heating is slow, the thermal
resistance of the cells would be increased due to the activation of the
stress-response mechanisms resulting in deviations with respect to the
predictions of the isothermal model (where the heating is practically
instantaneous). On the other hand, if the heating is fast, the microbial
population cannot acclimate before being exposed to lethal tempera-
tures, so there are practically no deviations with respect to model pre-
dictions based on isothermal data.

To quantify the increase in thermal resistance during dynamic
treatments, the Geeraerd model was fitted directly to the data obtained
under dynamic conditions. Supp. Figs. 3-6 show the adequate model fit,
with Table 5 reporting the parameter estimates. Fig. 3 provides an
overall view of the thermal resistance for the different conditions stud-
ied here, both for isothermal and dynamic treatments, based on the
Geeraerd model. Fig. 3A depicts the D-value estimated at the reference
temperature (58 °C; the maximum of the dynamic heating profile).
Every strain tested was able to develop stress acclimation during dy-
namic heating profiles, showing higher D-values under dynamic

conditions than isothermal ones (please note that dynamic experiments
were performed with cells on the exponential growth phase). In line with
previous research (Clemente-Carazo et al., 2020; Garre et al., 2019), the
difference was dependent on the heating rate. While microbial pop-
ulations exposed to the highest heating rate (14 °C) had the same D-
value as exponential phase cells exposed to isothermal conditions, lower
heating rates resulted in higher D-values, as predicted based on stress
acclimation. The effect of stress acclimation was substantial, clearly
overshadowing the effect of strain variability under isothermal condi-
tions (within the pool of strains considered here).

Despite the strains showing high variability for isothermal treat-
ments (Fig. 1), the highest D-value observed under dynamic conditions
seemed to stabilize around 0.55 log;o min (3.5 min) for every strain. This
is in agreement with previous results, showing that bacterial strains with
higher “baseline” thermal resistance (under isothermal conditions)
would have a lower ability to develop stress acclimation (Georgalis,
Psaroulaki, Aznar, Fernandez, & Garre, 2022).

Fig. 3A also illustrates the differences between stationary phase cells
exposed to isothermal treatments and dynamic stress acclimation. For
the WT strain and the RsbR1-only mutant, stationary phase cells had a
higher thermal resistance than cells exposed to a dynamic treatment
with a heating rate of 2 °C/min. However, cells of the AsigB mutant
exposed to a heating rate of 2 °C/min had a similar D-value as stationary
phase cells. This result emphasizes the relevance of the physiological
state of the cells on the thermal resistance of the population, with the
type of treatment having a larger effect than strain variability. It also
emphasizes the relevance of the heating rate, as slow heating rates
caused an increase in thermal resistance comparable to the jump from
exponential to stationary phase cells, presumably due to the time needed
to mount an effective transcriptional response.

As depicted in Fig. 3B, the heating rate had a rather significant effect
on the apparent shoulder length at 58 °C. Note that these values are
estimated from logQo and k.., so they should not be interpreted directly
from the graphs shown in supp. Figs. 3-6 (where the apparent shoulder
is due to the low temperature at the beginning of the treatment). This
effect on the shoulder (through Qo) had not been reported in previous
acclimation studies, partly due to the lack of a clear link between
isothermal and dynamic conditions. Using the model by Garre, Val-
dramidis, and Guillén (2025), we are able to establish this link, showing
that stress acclimation might induce longer shoulders.
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Fig. 3. Comparison between the D-value and S; estimated by the models obtained under isothermal (“Iso™) or dynamic heating conditions (with different heating
rates) at a reference temperature of 58 °C for six different strains of L. monocytogenes. Isothermal experiments were done for cells in the exponential (“Iso —
exponential”) and stationary (“Iso — stationary™) growth phases, while dynamics experiments were performed with cells in exponential growth phase. The height of
the bar represents the estimated value, with error bars showing the standard errors. Note that the shoulder length does not show error bars because this parameter is

not estimated directly (it is calculated from logQo and k).

Qualitatively, the effect of the heating rate on the shoulder length
was similar to the one it had on the D-value, with lower heating
increasing the thermal resistance. However, from a quantitative stand-
point, the effect was more noticeable. Even the highest heating resulted
in an increase in shoulder length with respect to the one observed under
isothermal conditions, with the only exception being the AsigB strain.
The slowest heating caused roughly a 5-fold increase in the shoulder
length of the bacterial population. This resulted for the WT and AsigB
strains in longer shoulders than for stationary phase cells, although the
RsbR1-only mutant the shoulder under stationary phase was still longer.
This result underlines further the relevance of the heating rate on the
thermal resistance of the population.

4. Discussion
4.1. SigB has a key role in the inactivation kinetics of L. monocytogenes

The alternative sigma factor SigB is the master regulator of stress
resistance genes in Gram-positive genera, such as Listeria and Bacillus.
SigB has been shown to play a crucial role in resistance or adaptation to
various stress conditions, such as heat, acid, osmotic stress, light and
pulsed electric fields, among others (Dessaux et al., 2020; Dorey, Lee,
Rotter, & O’Byrne, 2019; Ferreira et al., 2001; Guerreiro et al., 2022;
Somolinos et al., 2010). Despite this evidence, current kinetic models do
not include information on the activation of the stressosome or SigB.

One key factor in SigB induction is the growth phase of the bacterial
population. It has been demonstrated that L. monocytogenes cells have
maximal SigB activity when cells enter the stationary phase (Nadal,
Manas, & Cebrian, 2024; Utratna, Cosgrave, Baustian, Ceredig, &
O’Byrne, 2014). This is in line with our observations, as heat resistance
of stationary phase cells in isothermal conditions was found to be SigB-
dependent under the conditions evaluated. The deletion of sigB led to a
consistent reduction in thermal resistance in every condition tested
(exponential cells, stationary cells and dynamic treatments). This un-
derlines that SigB is key for the survival of L. monocytogenes, in line with
previous research (Hu et al., 2007; Ma et al., 2024; Somolinos et al.,
2010). It is thus clear that SigB, at least partly, contributes to the dif-
ference in thermal tolerance between exponential and stationary phase.
The precise signals that trigger the activation of SigB in stationary phase
are unknown but could include changes in pH, cell density, organic acid
levels or nutrient depletion. Identifying the genes under SigB control
that contribute to thermal tolerance will require further investigation.

A relevant observation of this study is the convergence to a common
thermal resistance for the highest isothermal treatment temperature.

This is aligned with previous results (Clemente-Carazo et al., 2021;
Georgalis et al., 2022) and it could be due to the shorter treatment times,
resulting in cells not having time to react to the treatment. Conse-
quently, differences in the stress-response machinery at the strain level
would lose relevance. This hypothesis is supported by research showing
that the induction of the gene encoding SigB following heat exposure
would be detected after 3 min of exposure (van der Veen et al., 2007).
Therefore, it would lose relevance for situations where the microbial
population is inactivated before those 3 min.

4.2. Role of the stressosome on the inactivation kinetics of L.
monocytogenes

The stressosome is a multi-protein complex that functions as a sensor
by integrating various stress signals, including heat stress, to initiate the
signaling cascade required to activate SigB (Guerreiro et al., 2020). The
L. monocytogenes stressosome is composed of RsbR1 (Lmo0899) and its
paralogs RsbR2 (Lmo0161), RsbL (Lmo0799), RsbR3 (Lmo1642), RsbS
and RsbT (Impens et al., 2017). Our results support this hypothesis,
underlining the role of the stressosome in the heat resistance of L.
monocytogenes. Comparable thermoresistance was observed between the
WT strain and the RsbR1-only mutant when exposed to isothermal
treatments above 55 °C. This result is reasonable based on the role of
RsbR1-only in the acid stress response, where RsbR1-only can activate
SigB in response to stress, even in the absence of the other four paralogs,
RsbR2, RsbR3, RsbR4 and RsbL, since it still has a functional stressosome
(Guerreiro et al., 2022).

Exponential phase cells of the RsbR1-only mutant showed a thermal
resistance similar to the WT strain. However, this mutant had the
shortest shoulder length among all strains tested in the exponential
phase, but not in the stationary phase, suggesting that one of the other
RsbR1 paralogues may play a role in sensing heat stress at lower tem-
peratures (55 °C) during the exponential phase. The increased sensi-
tivity of the AsigB mutant in both growth phases suggests that SigB
regulation remains functional in the RsbR1-only strain.

The rsbR1 T241A mutant exhibited a hyperresistant phenotype,
displaying a resistance higher than even the WT strain. This finding is
consistent with previous studies, as exponential phase cells of rsbR1
T241A also demonstrated higher acid resistance. This was attributed to a
mutation in putative phosphorylation sites in the core proteins of the
stressossome RsbR1 that elevates basal SigB activity (Guerreiro et al.,
2022).

The other two mutant strains studied (rsbS S56A and rsbT N49A) had
lower heat resistance under isothermal conditions than the wild type



S. Guillén et al.

strain. This is aligned with previous studies, where these mutants also
exhibited lower acid resistance compared to the wild type strain
(Guerreiro et al., 2022). This is likely associated with an impeded SigB
activation, as the mutations introduced in these strains disrupt signal
transduction within the SigB regulatory pathway. Specifically, the mu-
tation in the kinase RsbT loses its ability to phosphorylate RsbR1 and
RsbS, regardless of stress conditions, and is consequently unable to
activate SigB (Dessaux et al., 2020). The substitution of the phosphor-
ylated serine residue with alanine in RsbS (rsbS S56A) also abolishes
SigB activation (Guerreiro et al., 2022). Therefore, either mutation
would disrupt SigB activation, ultimately resulting in a lower thermal
resistance.

4.3. The case of microbial kinetics during dynamic heating profiles

One of the most innovative aspects of this research is the consider-
ation of dynamic treatments, as most previous studies analysed the role
of SigB for isothermal treatments only. Dynamic treatments with a long
heating phase expose the cells to sublethal temperatures that might
induce adaptive strategies that facilitate acclimatization. Consistently
with previous studies (Clemente-Carazo et al., 2020; Garre et al., 2018;
Georgalis et al., 2023; Gonzalez-Tejedor et al., 2023), a longer heating
phase would allow bacterial cells to develop greater acclimatization to
the stress ultimately increasing their thermal resistance. This effect
would practically disappear for heating rates of 14 °C/min or higher,
resulting in a thermal resistance comparable to the isothermal one.

SigB might be expected to participate in this dynamic stress accli-
mation by regulating the stress response. However, at slower heating
rates (2 °C/min), the differences between the WT and mutant strains
were minimal, suggesting that the gradual temperature increase allowed
cells to acclimate independently of SigB activity. This suggests that SigB
plays a limited role in dynamic heat stress acclimation of L. mono-
cytogenes. This is in line with previous studies observing that pre-
adaptation to sublethal temperatures had a similar effect on thermal
resistance for a WT and a AsigB mutant (Georgalis, Yeak, et al., 2023).
Although those studies were based on Bacillus subtilis, it is reasonable to
assume that there are similarities in the stress response of L. mono-
cytogenes and B. subtilis, as both share a stressosome and SigB.

The acclimation of L. monocytogenes to heat involves not only the
expression of SigB-dependent genes (Class II stress response genes), but
also specific heat shock regulators (Class I and Class III heat shock genes)
and SOS response (Bucur, Grigore-Gurgu, Crauwels, Riedel, & Nicolau,
2018; van der Veen et al., 2007). Class I heat-shock genes (grpE, dnak,
dnaJ, groEL, and groES) encode heat shock proteins (HSPs), whose
principal function is to stabilize and assist protein folding (Roncarati &
Scarlato, 2017). The expression of class I heat-shock genes is up-
regulated for cells growing under stressful growth conditions (Bucur
et al., 2018), as evidenced by chaperones of this group (GroEL and
GroES) being overexpressed for exponential phase cells grown above
37 °C (Won, Lee, Kim, Choi, & Kim, 2020). Class III heat-shock genes
encode for ATP-dependent proteases (ClpC, ClpP, and ClpE) that
degrade damaged or misfolded proteins (Kriiger, Witt, Ohlmeier,
Hanschke, & Hecker, 2000) and are induced during heat shock (van der
Veen et al., 2007). In turn, the negative transcriptional regulators HrcA
and CtsR regulate class I and class III heat shock genes, respectively
(Bucur et al., 2018; Chaturongakul et al., 2011). The stress response
mechanisms of this microorganism are the result of the overexpression
of genes regulated by both transcriptional regulators (Hu et al., 2007;
Nair, Derré, Msadek, Gaillot, & Berche, 2000). Therefore, despite the
key role of SigB, the adaptive response of L. monocytogenes to heat is not
the result of a single system. Particularly, it is reasonable to assume that
class I heat-shock genes would be up-regulated during the initial stages
of the heating phase. Then, as the temperature increases, class I heat-
shock genes would be downregulated while class II and III would be
up-regulated.

Additional and heat-stress

regulatory pathways response
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mechanisms in L. monocytogenes beyond those studied here may also
contribute to cellular acclimation through distinct regulatory networks.
This study clearly shows how stress acclimation can be highly significant
for thermal resistance, being more impactful than, for instance, strain
variability. Hence, understanding these complex interactions and
incorporating them in kinetic models is crucial to improve risk pre-
dictions. Additional studies are needed to fully elucidate the adaptation
process, as they could provide new insights into stress tolerance strate-
gies, offering a biological basis for predictive models. This would ulti-
mately enable more accurate assessment of bacterial survival under
various environmental conditions, helping mitigate L. monocytogenes
contamination in food processing environments.

4.4. Limitations and future research avenues

One limitation of our study is the lack of specific transcriptomic or
proteomic analysis. Instead, our interpretation of the results is based on
the analyses by Guerreiro et al. (2020). Nonetheless, it is highly unlikely
that there are significant differences in gene expression between both
studies. The study is based on strains with mutations targeted to specific
stress response mechanisms (SigB or the stressosome). Therefore, it is
reasonable to assume that gene expression in response to stress would be
similar in both cases. This is further supported by a qualitative analysis
of the results, which shows strong similarities (e.g., the AsigB mutant
being the least resistant or the rsbR1 T241A strain showing the highest
resistance).

Another limitation of this research is being limited to laboratory
medium. Most food products are complex matrices that affect the ther-
mal resistance of microorganisms both due to their microstructure and
their composition (Maté et al., 2017; Verheyen et al., 2020). Nonethe-
less, current studies on the matrix effect are limited to the population
level, so the interaction between SigB and the food matrix remains
mostly unexplored. This is most likely due to the large knowledge gaps
that still surround SigB, so the state-of-the-art is still limited to labora-
tory conditions (Domen, Porter, McIntyre, Waite-Cusic, & Kovacevic,
2025; Dou et al., 2024; Xu, Ren, Zhang, Han, & Kong, 2025; Zhou et al.,
2025). This limitation presents a clear next step on this research line.
Complex food matrices will most certainly affect the “baseline” heat
resistance (Verheyen et al., 2020), as well as SigB expression. This
should be elucidated by follow-up studies that apply similar experi-
mental designs using a food matrix instead of laboratory media (ideally
supported by transcriptomic and/or proteomic analyses).

Nevertheless, we believe that it is important to first understand and
quantify the effect on simple, laboratory media. This study has taken a
step towards linking SigB expression and thermal resistance, defining
possible ranges of variations for the D-value and shoulder length.
However, this has been based on the Geeraerd model, which is an
empirical model that makes strong simplifications at the population
level. Hence, future studies should solidify the link between gene
expression and microbial kinetics, by defining novel model approaches
that use as variables the expression of relevant stress response genes.

5. Conclusions

Our results emphasize the limitations of “baseline” thermal resis-
tance when predicting the ability of L. monocytogenes to survive heat
treatments. Bacterial cells are dynamic entities, where the activation of
SigB through the stressosome plays a key role in the kinetics of L.
monocytogenes. This is evidenced by mutated strains where SigB was
absent or had impeded activation showing increased sensitivity,
whereas conditions leading to increased SigB activity (transition to
stationary growth phase or application of low heating rates) increased
thermal resistance. The effect of these adaptive mechanisms was very
relevant, affecting both the D-value and shoulder length (up to 5-fold
increase in both parameters). Therefore, future research should aim at
incorporating adaptive mechanisms, as well as genotypic
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characteristics, into predictive models. Nevertheless, dynamic heat
treatments induced stress acclimation even in mutants where SigB was
absent or impeded, so other regulatory pathways and factors beyond
SigB would also play roles in the survival of L. monocytogenes under
stress, suggesting a complex interplay of mechanisms beyond just SigB
activation. Additional studies are needed to better understand how these
mechanisms interact and how they are translated into changes in the
microbial survival at the population level, including their interaction
with matrix effects. This would enable an improvement of current ki-
netic models for microbial inactivation, ultimately resulting in better
risk assessments.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.foodres.2025.117165.
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