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A B S T R A C T

Quantitative Microbiological Risk assessment (QMRA) models are essential tools for setting up mitigation stra
tegies. Traditional QMRA modelling approaches do not account for the correlation between genetic traits and 
variability among pathogens, potentially leading to over- or underestimation of microbial exposure and asso
ciated risks. We aimed to integrate genomic data into QMRA to propagate bacterial strain variability and update 
the existing framework of QMRA, following a Next Generation Risk Assessment (NGRA) approach. We used a 
benchmark QMRA model describing the prevalence and concentration of Campylobacter jejuni on chicken in all 
stages from farm-to-fork, to model the risk of infection and illness related to consumption of chicken meat. We 
integrated extended the storage step, to account for genetic variability in cold inactivation by incorporating gene- 
level genomic data associated with cold tolerance, derived from literature and a large C. jejuni genomic dataset, 
into the traditional QMRA model by setting up cold inactivation curves from existing data to map the rela
tionship between the number of cold tolerance genes and temperature-dependent inactivation. The predicted 
number of cases was 8822 human cases/year in the benchmark QMRA model. The contamination of meat with 
C. jejuni strains having lower cold tolerance genes can reduce the expected number of human campylobacteriosis 
cases up to 100%; on the other hand, higher number of cold tolerance genes resulted in an increase up to 335.8% 
on the expected number of cases. Although our results are based on simulations, we show a potential imple
mentation of the genetic information into QMRA, linking risk estimates with whole-genome sequencing data. 
More research is needed to understand how genetic features shape phenotypical characteristics, which is one of 
the main uncertainties in the current NGRA model, and to further explore the implications for risk management.

1. Introduction

Quantitative microbiological risk assessment (QMRA) is a science- 
based process aimed at estimating health risks, including the vari
ability and uncertainty associated with those risks. QMRA forms the 
scientific basis of risk analysis and is widely employed to support 
decision-makers by offering an objective and transparent evaluation of 
health risks and their underlying causes at a specific point in time (WHO, 
2021). QMRA models can assess the effectiveness of mitigation measures 

and, with that, support the development of policies to prevent infections 
in both animals and humans. It can address a range of critical questions, 
such as the risk of food and water contamination (Teunis and Schijven, 
2018), identifying or attributing sources of infection across populations, 
and prioritizing actions in public health (Pires et al., 2024), or helping 
pinpoint high-risk hazard species or husbandry practices that contribute 
to disease spread (Pires et al., 2018).

In general, QMRA is based on assessing exposure pathways using 
hazard’s information available at the genus/species. However, most 

* Corresponding author.
E-mail address: eduardo.costa@wur.nl (E.F. Costa). 

Contents lists available at ScienceDirect

Microbial Risk Analysis

journal homepage: www.elsevier.com/locate/mran

https://doi.org/10.1016/j.mran.2026.100365
Received 23 September 2025; Received in revised form 13 January 2026; Accepted 17 January 2026  

Microbial Risk Analysis 31 (2026) 100365 

Available online 20 January 2026 
2352-3522/© 2026 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0000-0002-9483-0800
https://orcid.org/0000-0002-9483-0800
mailto:eduardo.costa@wur.nl
www.sciencedirect.com/science/journal/23523522
https://www.elsevier.com/locate/mran
https://doi.org/10.1016/j.mran.2026.100365
https://doi.org/10.1016/j.mran.2026.100365
http://creativecommons.org/licenses/by/4.0/


QMRA approaches neglect the correlation between strain variability and 
genomics, such as within-species heterogeneity in microbial virulence, 
host adaptation, growth/survival potential, and stress tolerance, which 
may result in over- or underestimation of microbial exposure and 
associated risk (Arnaboldi et al., 2023; Franz et al., 2016). Incorporating 
genomic data into QMRA could thus introduce more biologically rele
vant heterogeneity and enable the refinement of risk estimates, such as 
the risk of a certain outcome or the disease severity.

The incorporation of higher resolution omics data at the pathogen 
level, such as sequence data, into QMRA models is termed here Next 
Generation Risk Assessment (NGRA) (Arnaboldi et al., 2023; Cocolin 
et al., 2018; Collineau et al., 2019; den Besten et al., 2018; Franz et al., 
2016; Haddad et al., 2018; Koutsoumanis et al., 2019; Rantsiou et al., 
2018). Given that the link between the genetic marker and phenotypical 
characteristics is known, the NGRA could lead to a better risk estimation 
of, e.g., the number of human cases or health and transmission effects. 
This will contribute to an improved design of surveillance, control 
measures and intervention strategies.

Although developments in diagnostics and omics provide a wealth of 
information about pathogens and sequence data is nowadays increas
ingly available due to decreasing costs for analyses (Carbo et al., 2023; 
Wetterstrand, 2023), this information is not yet fully integrated within 
QMRA. Currently, the inclusion of sequence data within QMRA models 
focuses on foodborne hazards, like Salmonella and Listeria mono
cytogenes. Available examples suggest a more accurate risk prediction, 
concluding that the minority Salmonella and L. monocytogenes variants 
are responsible for most human infections (Fritsch et al., 2018; God
ínez-Oviedo et al., 2022; Njage et al., 2020). In addition, the integration 
of sequence data in QMRA also showed the potential to differentiate the 
number of human cases caused by Shiga toxin-producing Escherichia coli 
infection by health outcomes (Njage et al., 2019).

Various QMRA models have been developed for Campylobacter 
(Nauta et al., 2009), which is considered a major bacterial cause of 
human gastroenteritis worldwide, and the most common bacterial cause 
of foodborne diseases. The QMRA models’ estimates served as an input 
to establish a process hygiene criterion (PHC), impacting surveillance in 
the poultry sector, with poultry being the most important source of 
human campylobacteriosis (Thystrup et al., 2025). These models, as 
well as other models relevant to diverse pathogens, would benefit from 
refinements using existing sequence data, which will lead to the devel
opment of NGRA methods.

Previous models did not integrate genomic determinants of cold 
tolerance. This study aimed to provide proof of concept for the extension 
of an existing QMRA model for Campylobacter jejuni (Nauta et al., 2005) 
by incorporating available genomic data and comparing the outcome of 
the resulting NGRA with traditional QMRA. We describe the identifi
cation of genetic markers related to the cold resistance genes during the 
storage of poultry filets, and its application into one step of the QMRA, 
namely the cold storage step. We describe also the rationale behind 
incorporating the new parameters into a traditional C. jejuni QMRA 
model transforming it into a NGRA model.

2. Methods

2.1. Conceptual NGRA model for Campylobacter in poultry meat

The model framework for NGRA is based on the QMRA model 
developed within the CARMA project (Nauta et al., 2005) called here as 
classic QMRA. This model aimed to simulate the transmission of C. jejuni 
(hereafter called Campylobacter) through the food production chain by 
applying the ‘Modular Process Risk Modelling’ methodology (Lindqvist 
et al., 2002; Nauta, 2005, 2002). In a nutshell, it simulates the trans
mission of Campylobacter from ‘farm to fork’, starting with the entrance 
of a flock of live broilers into the slaughterhouse until the preparation of 
a filet at home, possibly contaminating a portion of salad to be 
consumed. The pathway is split up into some major consecutive: i) 

Processing (slaughter and industrial processing of the carcass), ii) Cut
ting (from the carcass to a skinned chicken breast filet), iii) Storage 
(before and at retail, and by the consumer), and iv) consumer phase 
(preparation and consumption).

NGRA uses a priori knowledge about the relevant genetic markers for 
a given risk pathway/exposure, as part of the hazard identification in 
classic QMRA. In this step, researchers describe the current state of 
knowledge about the phenomenon under study and the genetic features 
that drive the process. As revised by other authors (Arnaboldi et al., 
2023) several properties of Campylobacter through the farm-to-fork 
QMRA are relevant for public health risks and vary among the 
different strains. Thus, these could be explored as points to integrate 
genomic data into classic QMRA. Those properties include survival and 
inactivation of Campylobacter under stressful conditions, such as high 
and low temperatures, during processing and storage of meat. During 
these steps, Campylobacter is exposed to a range of temperatures, and 
genetically adapted strains might survive better previously being 
exposed to these environmental conditions (Murphy et al., 2006).

To determine our focus on NGRA implementation, we first brain
stormed with risk assessors and microbiologists to list the bacterial 
characteristics that could be modelled and would influence the risk 
throughout the risk pathway. Three characteristics were highlighted, 
namely cold tolerance, heat tolerance, and bacterial adherence to sur
faces. Thereafter, we searched the literature for available candidate 
genes. The correlation between genetic markers and heat tolerance or 
microbial adherence was not clearly described in the available litera
ture, but cold tolerant genes (CTGs) were better described (Hur et al., 
2022). Therefore, the focus was on the cold tolerance during the storage 
step of chicken filets; we chose to include the effect of the number of cold 
tolerance genes (CTGs) on the cold tolerance in the classic QMRA model 
(see Section 2.3 for more details). Thus, in the current study, we focus on 
the relationships between the number of CTGs and the expected 
Campylobacter phenotypes that can potentially influence the survival 
during chicken filet storage and potentially drive the risk characterisa
tion (Fig. 1).

2.2. Cold tolerance genes selection

A recent study tested cold tolerance in 79 C. jejuni strains isolated 
from retail raw chicken meat and discovered a set of 58 genes that were 
present in cold stress-resistant isolates, but absent in the cold stress- 
sensitive strains (Hur et al., 2022). This set was used as the represen
tative set of genes linked to cold tolerance in our model, as we assume 
they give a benefit for surviving cold storage. The 79 C. jejuni strains 
could be classified in three categories based on phenotypic tests and 
genetic clustering: tolerant, intermediate and sensitive, respectively 
Cluster 4, Cluster 1 and 3 combined and Cluster 2 as defined by Hur et al. 
(2022).

To assess whether C. jejuni genomes contained the CTGs an ABRicate 
database was built named C. jejuni Cold Tolerance (CjColT), following 
the authors’ instructions available on https://github.com/tseemann/ 
abricate (Seemann, 2025), using FASTA files derived from C. jejuni 
subsp. jejuni NCTC 11,168 (GenBank accession: GCA_000009085.1) by 
extracting them with Artemis (version 17.0.1) (Rutherford et al., 2000), 
as no accession numbers were available but locus tags only. To test our 
assumptions on the number of cold tolerant genes within certain groups 
and hosts and to generate parameters necessary for modelling cold 
tolerance, like minimum, maximum and average number of genes, these 
genes were searched with ABRicate v. 1.0.1., using default settings, 
within the 79 genomes from the (Hur et al., 2022) study and the C. jejuni 
dataset from the DEPICT project (Mughini-Gras et al., 2021). This 
dataset contains 1060 C. jejuni genomes: 272 from patients with 
gastroenteritis, 66 surface water samples, and 689 animal samples. 
Within the animal samples, there are 186 broiler samples primarily from 
meat, 55 layer chicken samples primarily from faeces, 37 turkey meat 
samples, and 30 wild bird samples that are of interest for this study. 
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Combining these animal samples with the samples from patients and 
surface water resulted in a set of 646 whole genome assembled datasets 
used in this study. Parameters for the model were derived based on the 
presence-absence tables created from the ABRicate output.

2.3. Model adaptation

As mentioned in Section 2.1, the classic QMRA model was used as a 
benchmark model to simulate the transmission of Campylobacter 
through the food production chain. We introduced a stochastic node at 
the start of the processing phase, assigning each of the 500 chickens (i) 
from flock (j) a specific number of CTGs yi,j ∼ Poisson

(
λj
)
, where λj is the 

average number of CTGs in the flock j, i.e., the model used the average 
number of CTGs for the Campylobacter population circulating among the 
flocks. The choice for propagating within-flock strain variability was 
based on the reports that although there is a dominant strain, still there 
is a substantial genetic variation reported on Campylobacter within 
broiler flocks (Damjanova et al., 2011; Vidal et al., 2016). The Poisson 
distribution was chosen because it is a natural choice when describing 
independent counts with a fixed average. The subsequent steps 
accounted for the contamination and cross-contamination during 
carcass dressing activities, following the same input parameter values 
and model as the original implementation. Also, similarly to the original 
model, we used the contamination on filets after partitioning as input to 
the storage step.

As input for the storage, 10,000 chicken filets were randomly 
sampled after partitioning. The classic QMRA model uses a stochastic 
node to select the log10 reduction (called rstorage) from a Pert distribution, 
approaching on average, approximately 1 log10 reduction on filets at 4 ̊ C 
for seven days. Here, we used several assumptions to link the parameter 
rstorage with the number of CTGs (i.e., quantity yi,j explained before).

To match the number of CTG with a log10 reduction effect we 
assumed that the cold tolerance is a trait determined by a cumulative 
effect of the selected genes. A gene present in the genome is a functional 

gene, thus any changes within a gene (SNPs, indels) or its regulation are 
not included in this model. Every flock has one “dominant” Campylo
bacter strain carrying a certain number of CTGs, which means that for 
the same flock, only one average number of CTGs will be used for sim
ulations. The number of CTG is not altered by the previous processing 
steps, such as scalding and chilling. The median number of cold toler
ance genes observed in broiler meat samples from the DEPICT project (i. 
e., 39, see the results section for more details) corresponds to the average 
log reduction used in the classic QMRA implementation: rstorage ∼ 1log10. 
Based on the information from 646 isolates from DEPICT project we 
assumed that the number of CTGs present in a Campylobacter strain 
range from minimum 20 to maximum 55. The relationship between the 
number of CTGs and rstorage is assumed to be monotonic and decreasing, 
meaning that an increase in the number of CTG always results in a 
reduction of the log10 inactivation (Figures available in supplementary 
material 1).

We tested three different cold inactivation curves, and the parame
ters are available in Table 1. A sigmoidal curve: given by rstorage =

L1
(1+e− b1∗(y− c1))

, where y is the number of cold tolerance genes; L1 is the 
rstorage value when CTG approaches zero; c1 is the inflection point of the 
curve at the x axis (i.e., the number of CTGs where the curve reaches the 
“middle point” or concavity change); and b1 is the log10 reduction rate 
per tolerance gene. In summary, upon adding more cold tolerance genes, 
the log reduction decreases in a specific pattern that starts slow, speeds 
up, and then slows down again, forming an S-shaped curve.

A linear curve: given by rstorage = L2 − b2 ∗ y, where y is the number 
of cold tolerance genes; L2 is the intercept of the model i.e., the value of 
rstorage when CTG equals zero; and b2 is the slope. The linear model is 
completely characterised by only two coordinate pairs. In our case, we 
set the slope to return approximately 1 log10 at 39 CTG using 4 log10 
reduction as the intercept.

An exponential curve: given by rstorage = L3 ∗ c1− b1∗y, where y is the 
number of cold tolerance genes; L3 is the rstorage value when CTG ap

Fig. 1. Risk pathway used for the next generation risk assessment (NGRA) of chicken filets contamination by Campylobacter. CTG=cold tolerance genes. Red boxes 
indicate implementation of cold tolerance genes, first on the chicken carriage and later on the inactivation curve during storage.
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proaches zero; b1 is the rate parameter; and c1 is the exponent base.

2.4. Consumer phase model

For the start of the consumer phase model, the output from the 
storage i.e., 10,000 chicken filets, were sampled and submitted to do
mestic preparation and consumption. The consumer phase followed the 
same approach as in classic QMRA model, describing cross- 
contamination from raw chicken filets to hands, cutting board, water 
tap, and salad, assuming that the chicken meat is well cooked, and all 
Campylobacter on the meat is killed off, and the cross-contamination to 
the salad, which is consumed raw, is therefore the only relevant route for 
human exposure. The probability of illness, calculated using a Beta 
Poisson dose-response model (Teunis et al., 1999), is averaged over 10, 
000 meals and multiplied by the number of portions consumed by young 
and adults in one year, to obtain the expected number of campylo
bacteriosis cases in humans. Here, we used the same parameter inputs as 
used originally in the classic QMRA model.

2.5. Model scenarios and simulation setup

We have set three different values for the within-flock average 
number of CTGs. Using the nomenclature in Section 2.3, we selected λj =

(20, 39, and 55), perceived here as scenarios of low, medium, and high 
within-flock presence of CTGs, respectively. Those three scenarios are 
further combined with the three different cold inactivation curves 
(sigmoidal, linear and exponential) in a six-factorial scenario setting.

This was based on the information from 646 isolates from the DE
PICT project, in which the median number of CTGs observed in broiler 
meat samples was 39, and the minimum 20 and a maximum 55, 
respectively. It is further assumed that the mean number of CTG is 
constant over the 5,000 flocks in the same scenario, and no between- 

flock variability is implemented for the CTGs. The within-flock varia
tions propagate the between-chickens variability within the same flock. 
That goes in line with the CARMA model that propagates the between- 
chicken variability until the consumer phase. For each scenario, 5,000 
flocks with 500 chickens generating 500 filets were simulated. The 
scripts we implemented in R (R Core Team, 2023) were based on scripts 
written by the German Federal Institute for Risk Assessment to translate 
the original CARMA implementation in @Risk to R (Correia Carreira 
et al., 2023), available on: https://git.wur.nl/wbvr_epi/ngra.git.

3. Results

3.1. Genomic parameters

In order to parameterize the later models correctly, we evaluated the 
number of cold tolerance genes predicted with the CjColT database and 
what their upper and lower thresholds are by screening the Hur et al. 
(2022) dataset of 79 isolates. Based on the phenotypic tests and genetic 
clustering they run, four clusters were defined of which one had a high 
tolerance to cold and one was very sensitive. The two remaining clusters 
both showed very similar intermediate cold tolerance; therefore, we 
classified these isolates in three cold tolerance categories: tolerant, in
termediate and sensitive. The number of CTG in the tolerant cluster 
ranged from 57 to 47 genes, with the 47 being a clear outlier with all 
others having above 56 cold tolerance genes (Fig. 2A and Supplemen
tary material 2). The number of CTG in the intermediate and sensitive 
clusters ranged from 49 to 33 and 17 to 15 genes, respectively.

Similarly, we described the distribution of cold tolerance genes per 
source within the selection obtained from the DEPICT data set consid
ering several host sources. We observed similar CTGs averages for 
humans and broilers, and a lower number of CTGs in wild birds and 
surface water (Fig. 2B and Supplementary material 2). Moreover, the 
distribution of cold tolerance genes per isolate from broilers and humans 
has two bottlenecks that roughly align with the boundaries between the 
three sensitivity categories.

3.2. Integration of the genomic parameters into QMRA

First, for comparison purposes, we compare the results of the classic 
QMRA and the NGRA implementation from the “input” until the 
“chilling” step at the slaughterhouse. Notice that the models are the 
same during the processing steps. In the classic QMRA model, the au
thors report Campylobacter concentration of 6.7 and 4.3 log cfu/carcass 
in the input and chilling step, respectively. For the NGRA model simu
lations, the concentration was 6.8 and 4.4 in the input and chilling steps, 
respectively. (Fig. 3).

With the classic QMRA model, it was observed an average contam
ination on chicken filets, after storage, of 2.7 log10 cfu. This is similar to 
the observed value in NGRA using 39 CTGs for the sigmoidal cold 
inactivation model (2.3 log10 cfu). The average contamination on 
chicken filet using the linear and exponential models were 1.6, and 3.0 
log10 cfu, respectively, at 39 CTGs. Also, the chicken filet contamination 
is higher with larger numbers of CTGs for all cold inactivation models 
(Fig. 4 and Supplementary material 1, Figure S1).

The classic QMRA model estimated 8822 cases of human Campylo
bacteriosis in one year. The NGRA scenarios using 20 CTGs decreased 
the number of cases in all three inactivation curves, approaching 100 % 
reuction in the sigmoidal inactivation curve. When using 39 CTGs 
increased the number of cases to 10,170 (by 15 %, and reduced to 3079 
(− 65 %) in the linear inactivation curve. The increase in the number of 
cases is more proeminent in the scenario with 55 CTGs reaching 335.8 % 
increase in the sigmoidal inactivation curve (Fig. 5).

4. Discussion

In this study, we proposed an extension to the classic QMRA for 

Table 1 
Parameters used to map the number of cold tolerance genes (CTG) into log10 cfu 
Campylobacter in broiler filets during storage for the three cold inactivation 
curves used. The calculated values of rstorage for each curve are available in 
supplementary material 1.

Parameter* Inactivation curve Value (unit)

Sigmoidal
L1 The maximum value for log10 reduction 

observed when the number of cold genes 
tolerance approaches zero by (Hur et al., 2022).

4 (log10 cfu)

c1 Inflection point of the curve at the y axis (i.e., at 
each cold tolerance genes de curve reaches the 
“middle point” or concavity change).

37 (CTG)

b1 Reduction rate on log10 reduction, translating 
how steep the curve is.

− 0.52 (log10 cfu/ 
CTG)

Linear
L2 The maximum value for log10 reduction 

observed when the number of cold genes 
tolerance equals zero by (Hur et al., 2022).

4 (log10 cfu)

b2 Slope of the linear curve. 0.066 (log10 cfu/ 
CTG)

Exponential
L3 The maximum value for log10 reduction 

observed when the number of cold genes 
tolerance approaches zero by (Hur et al., 2022).

4 (log10 cfu)

c2 Exponent base. 1 dimensionless
b3 Reduction rate on log10 reduction, translating 

how steep the curve is.
0.88 (log10 CTG)

*Parameters for the sigmoidal and exponential curves were assessed to fit CTGs: 
(0, 39, 55) into the log10 reduction: (4, 1, 0) minimizing the sum of squared 
errors (SSE) between observed and predicted values, assuming normally 
distributed residuals. Optimization was done using the “L-BFGS-B” algorithm 
implemented as in R function “optim”. For the linear curve the values were 
assessed to have a linear function with intercept equals 4 and rstorage ∼ 1 when 
CTGs equals 39.
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Campylobacter (Nauta et al., 2005) by incorporating available genomic 
data of Campylobacter regarding the cold tolerance during the storage 
step. We described the assumptions and the rationale behind incorpo
rating new parameters into a Campylobacter QMRA, which we now call 
NGRA. In the classic QMRA model, the inactivation was modelled using 
a log10 reduction following a Pert distribution, which leads to an 
“average cold inactivation curve”. Now, the parametrisation of the cold 
inactivation propagates the variation in Campylobacter strains observed 
in the available literature and genetic data (Fig. 1). We provide and 
theoretical exploration of three different curves mapping the cold 
inactivation as a function of the number of cold tolerance genes in 
combination with three different scenarios for the average CTGs present 
in flocks and how this affects the risk characterisation.

Before incorporating the expected effect of CTGs into the classic 

QMRA model, we evaluated if the number of CTGs differ among the 
three cold sensitivity categories, that were defined based on phenotypic 
cold tolerance and phylogenetic clustering, and whether there was a 
difference in CTGs between isolates from different sources. The distri
bution of CTGs did not overlaps for the sensitive, intermediate and 
tolerant phenotypes (see Fig. 2A). Moreover, the distribution of CTGs in 
broiler and human samples also showed some stratification. This in
dicates that the different cold tolerance phenotypes are different con
cerning CTGs and supports our choice for looking at three scenarios 
within the NGRA model. Further, we found that the closer you get to the 
production chain and human consumption, the more CTGs you find 
within the Campylobacter isolates, with the lowest numbers in water and 
wild birds and the highest in broilers and humans (see Fig. 2B). The very 
similar averages for humans (40.1 CTGs) and broilers (39.1 CTGs) 

Fig. 2. Distribution of cold tolerance genes (CTGs): (A) per cold sensitivity category within the Hur et al. (2022) data set and (B) in six different sources of isolates 
from a selection of the DEPICT data set.

Fig. 3. Comparison between the average contamination of carcasses throughout the processing steps between the classic QMRA (dotted line with triangles) and 
NGRA (straight line with circles) models. The data of the classic QMRA results were extracted from the RIVM report 250,911,006, page 78, (Nauta M. et al., 2005).
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suggest that these sources are tightly linked, which is in line with the 
current notion that poultry meat is the main source of human campy
lobacteriosis (Mughini-Gras et al., 2021, 2012; Rosner et al., 2017), and 
the discussion from that isolates having a higher number of CTGs will 
more likely cause a human infection. The mechanism behind this 
proximity between the CTGs averages between humans and broilers 
could be hypothesized given a selective pressure throughout the pro
duction chain, leading, on average, strains with more CTGs to survive 
and be sampled in broiler meat and also expose humans. However, 
further research is needed to confirm this hypothesis.

In general, the classic QMRA and the NGRA QMRAs behave fairly 
similar in the slaughterhouse module. As explored in Fig. 3, the NGRA 
gives a slightly higher carcass contamination score, but still, this dif
ference at the chilling step is 0.11 log10cfu (i.e., ~1.28 cfu). During the 
consumer phase, we can observe similar contamination distributions on 
filets between the classic QMRA and the NGRA when we set the number 
of CTGs to 39. This is expected and happens because we set 39 CTGs to 
be the number of CTGs that leads to approximately 1 log10 reduction 
during the storage, which is the same average log10 reduction used for 
the classic QMRA model. The implementation of this model is robust 
enough to allow changes in the parametrization. For instance, if the 
interest is to explore the uncertainty around the average CTGs one could 
choose to propagate this uncertainty between the flocks using a sto
chastic distribution.

It can be seen that both the number of CTGs and the inactivation 
curve can change the number of campylobacteriosis cases. At 20 CTGs, 
the sigmoidal has the highest bacterial reduction (Fig. 4), leading to zero 
cases (Fig. 5). This is expected given the large shoulder that the 
sigmoidal curve has. On the other hand, the exponential curve quickly 
decreases the log10 reduction at 20 CTGs (see Supplementary material 
1), leading to a larger number of cases compared to the other curves 
withing the same CTGs number. At 55 CTGs, the low and large tail of the 
sigmoidal model result in slightly higher median contamination 

compared with the exponential and linear models (Fig. 4). It is inter
esting to see that the number of cases in the sigmoidal model at 55 CTGs 
is much higher than in the linear and the exponential models. Those 
results reflect the complex relationship between the exposure dose and 
the number of cases caused by the dose-response model. Thus, small 
difference in contamination can lead to larger risk differences, high
lighting the need for a better understanding of how the genetic features 
affect the survival of bacteria and, consequently, the risk.

Also, it is important to highlight that we propose a theoretical ex
ercise making use of several knowledge areas: epidemiology, molecular 
biology, genetics, and bioinformatics, and gathered a large genomic 
dataset to explore similarities in the number of cold tolerance genes in 
our sequence data collection between human and poultry. In realities 
where this knowledge and data are not readily available, the usage of 
NGRA may not be feasible. Still, we were limited by the scarcity of 
experimental data mapping CTGs into cold inactivation. It is already 
discussed in the literature that the lack of knowledge on the state of the 
art about how multidimensional genetic data can be translated into 
tangible phenotypical characteristics for RA implementation (den Bes
ten et al., 2018) is a bottle neck for NGRAs. It could be achieved by 
pipelining bioinformatics analysis, such as genome-wide association 
studies, along with the predictive microbiology experiments and ma
chine learn models that can deal with a large amount of information to 
explore the relationship between genome and microbial dynamics, such 
as growth, inactivation, adherence, and food characteristics: pH, avail
able water (aw), and temperature (Guo et al., 2021).

Hence, before the implementation of NGRA we still miss a “next 
generation predictive microbiology” to underpin the relationships be
tween genetic features and relevant phenotypic characteristics for risk 
assessment, such as thermal resistance, survival, growth, or virulence. 
This could substantiate several assumptions we are taking, such as the 
independence between all CTGs and the shape of the three inactivation 
curves' effect on the cold inactivation assumption. Currently, the impact 

Fig. 4. Distribution of the 10,000 filet contamination comparing results of the classic QMRA model and the NGRA model, where different combinations of cold 
inactivation models (sigmoidal, linear, and exponential) and different next generation risk assessment model scenarios: 20, 39, and 55 cold tolerance genes (CTGs) 
were evaluated.
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of these assumptions on the results remains uncertain. Here, we could 
explore that the cold inactivation model (i.e., sigmoidal, linear, and 
exponential) impacts the risk estimate. Thus, further studies in the field 
of predictive microbiology should explore the interface of genotype and 
phenotype, bringing a more detailed mathematical expression for NGRA 
models.

Campylobacteriosis has been the leading food-borne zoonosis in the 
EU since 2005 (EFSA/ECDC, 2024), and the results of the CARMA 
project were extensively used to set up risk mitigation strategies in 
Europe, such as the microbiological criteria for broiler carcasses 
contamination (Regulation EC No. 2017/1495, 2017). Building on the 
top of that, we have chosen to explore the campylobacter survival during 
storage conditions, due to the available information on identified genes 
(Hur et al., 2022), the availability of sequences allowing for testing the 
presence of these genes in different reservoirs (Mughini-Gras et al., 
2021), and model feasibility. Despite the observation that neglecting the 
hazard’s genetic variability may result in over- or underestimation of 
microbial exposure and associated risk, we still cannot propose a direct 
use of NGRA in risk mitigation strategies.

Although not exhaustive, other implementation of genomics int 
QMRA are available for instance in Fritsch et al. (2018) who explored 
clustering the genes depending on the virulence of L. monocytogenes, and 
concluded that risk management of listeriosis in cold smoked salmon 
should be targeted to monitor the presence of the specific clonal com
plexes of bigger virulence. In Godínez-Oviedo et al. (2022), the authors 
discuss that the ingested dose of salmonella in chicken meat in Mexico 
was not the best predictor of the probability of illness. The authors 
conclude that genotypic and phenotypic characteristics of the strains are 
more relevant and consequently, it should shape new risk assessments. It 
was also concluded that the risk of listeriosis by the consumption of 

cultured milk products, is driven by the distribution of number of 
sub-populations for each of the stress phenotypes (acid, cold, salt, and 
desiccation) of L. monocytogenes; however the authors do not disclaim a 
clear application of the findings into risk mitigation strategies (Njage 
et al., 2020). All the mentioned works also point to the fact that there is 
still a need for translating the multidimensional genetic data into 
parameters/metrics that match the stakeholders' requirements towards 
risk management and mitigation (Franz et al., 2016).

Although the integration of genomics into QMRA has been already 
explored, to our knowledge, this is the first attempt to update 
Campylobacter QMRA with genomic data. We successfully incorporated 
cold tolerance genes of Campylobacter into conventional QMRA, creating 
the NGRA. We provide proof of concept for incorporating whole-genome 
sequence data into risk assessment. Our findings show that accounting 
for genomic variability in gene content can influence risk estimates. This 
approach could be extended to other foodborne hazards, including 
E. coli, Salmonella, and Listeria. We also complement the available sci
entific literature on the awareness that, currently there is limited 
knowledge on how genomic data can be translated to phenotypical 
characteristics and further integrated into QMRA models.
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