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Chapter 1

1.1 Global goals for safe food, lower food waste, and
more sustainable production

The growing world population increases the need for safe, nutritious, and high-quality
food that is accessible worldwide and produced with minimal environmental impact
and minimal food loss and waste. This is a multidimensional challenge that becomes
harder when socioeconomic and ideological factors shape consumer choices (Thirum-
das et al., 2018). The United Nations 2030 Agenda of Sustainable Development Goals
(SDG) is related in multiple points to food production. SDG 2 for zero hunger tar-
gets reliable access to safe, nutritious food through resilient, sustainable agriculture.
SDG 12 for sustainable consumption and production aims the reduction of food loss
and food waste and the adoption of sustainable practices from companies, and SDG 13
for climate action aims to combat climate change and its impacts by integrating mea-
sures into policies (United Nations, 2015). Food systems are responsible for a third
of global anthropogenic GHG emissions (~18 Gt CO2-eq/yr). Distribution, process-
ing, consumption and end-of-life disposal account for 29% of this amount (~5.2 Gt
CO2-eq/yr), whereas processing itself accounts for ~0.59 Gt CO2-eq/yr within the food
system (Crippa et al., 2022, 2021). Food processing is essential in the food supply
chain to ensure a safe and nutritional food supply, contributing at all stages from raw
materials and ingredients to the final product. It enables preservation, palatability,
transport stability, and convenience (Knorr and Watzke, 2019). However, many pro-
cessed foods currently consumed are unhealthy, often containing high levels of salt,
refined starch, sugar, and fat (Augustin et al., 2016). Mild or non-thermal processing
technologies, such as high-pressure processing (HPP), have the potential to provide
alternative preservation methods that enhance food safety and improve shelf life, re-
duce the need for added preservatives such as salt, and, for certain products, help to
retain fresh-like sensory properties (O’ Neill et al., 2018). In addition, emerging ther-
mal technologies (radiofrequency, microwave, and ohmic heating) and non-thermal
technologies (pulsed electric fields (PEF), HPP) may provide environmental benefits by
improving overall energy efficiency or reducing the use of non-renewable resources
(Pereira and Vicente, 2010).

1.2 Consumer preference and the case of mild process-
ing

Greater processing and worldwide supply networks have increased the sense of dis-
tance and information gaps between consumers and food business operators about
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Chapter 1

food’s “how” and “where”. This has contributed to a consumer trend towards clean-
label foods, characterized by front-of-pack cues such as natural or organic logos and
“free-from” claims, and by ingredient lists that, upon back-of-pack inspection, are
short, simple, familiar, and perceived as free of artificial additives or preservatives
(Asioli et al., 2017). Mild processing technologies such as non-thermal plasma (NTP),
PEF, and HPP are often presented as potential tools to meet these expectations because
they can enhance safety and shelf life with a lower thermal load and, in some cases,
reduced need for added preservatives (Zhang et al., 2019). This thesis therefore evalu-
ates the decontamination efficacy of NTP, PEF, and HPP using available literature data,
providing a quantitative basis to judge when, and to what extent, such mild technolo-
gies can realistically substitute or complement conventional preservation processes
such as thermal treatments or the use of food additives.

1.3 The different mild processing technologies

NTP is an ionized gas that is commonly described as a fourth state of matter in which
electrons possess much higher energy than ions, neutrals, and atoms. Plasmas are
thermal when electron and heavy-particle temperatures are similar and non-thermal
when these temperatures differ. In the non-thermal case, electron temperatures can
approach about 10,000 °C while the bulk gas remains comparatively cool, typically
below 70 °C, and loses heat quickly because it is a gas (Liao et al., 2017; Schnabel
et al., 2021a). For food applications, microbial inactivation by non-thermal plasma
involves multiple pathways that include UV-sourced DNA damage, lipid oxidation,
protein modification, apoptosis, electrostatic disruption, and electroporation (Liao et
al., 2017). Non-thermal plasma has a broad range of applications in food processing.
It enables dry decontamination of food surfaces on meat, poultry, fish, and freshly
harvested produce, and it can treat granular and particulate foods such as dried milk,
herbs, spices, and sprouting seeds (Misra et al., 2011). In general, dry decontamination
is preferable for dry food processing facilities, and NTP can be useful due to a broad
antimicrobial and application spectrum (Dhaliwal et al., 2025). Another interesting
application of NTP is the use of plasma-treated water (PTW) for washing fresh-cut
produce (Schnabel et al., 2021b).

PEF applies short high-voltage pulses between electrodes while the food flows through
the treatment zone. The treatment increases membrane permeability through electro-
poration, oxidative damage, and changes to membrane proteins, which leads to mi-
crobial inactivation (Kotnik et al., 2019). Because the product flows through the treat-
ment zone, PEF can be applied as a continuous in-line process. However, PEF can only
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work for liquid products for decontamination purposes. For industrial-scale applica-
tions, typically an electric field strength of 10-20 kV/cm (Toepfl, 2012) and an energy
input up to 200 kJ/kg is used for fresh fruit juices and acidified vegetable juices to bal-
ance between the effectiveness of treatments and costs (Kempkes, 2017; Timmermans
et al., 2022). Interesting applications of PEF for microbial inactivation include fruit
juices (Timmermans et al., 2019), milk and dairy products (Cavalcanti et al., 2023), al-
coholic products (González-Arenzana et al., 2015), egg products (Monfort et al., 2010),
and plant-based beverages (Thamsuaidee et al., 2024).

HPP involves the use of pressures in the range of 100-800 MPa to inactivate microor-
ganisms through altering their membrane lipid state, shifting intracellular pH, and
disrupting essential physiological function (Balasubramaniam et al., 2015). Currently,
food industry applications of HPP involve processing at hydrostatic pressures of 400
to 600 MPa for up to 6 minutes to inactivate pathogenic and spoilage microorganisms
in various food products (EFSA Panel on Biological Hazards (BIOHAZ) et al., 2022).
The process is typically in-container and batch. The product portfolio of HPP has a
wide variety, including both solid and liquid products such as ready-to-eat products,
fruit and vegetable juices and purees, beverages, seafood, etc. A lot of these product
categories, such as deli meats, fruit, and vegetable purees, juices, and beverages, are
already available in the global food market (Ghafoor et al., 2020). Additionally, EFSA
has recognized high-pressure processing as effective for milk pasteurization and for
control of L. monocytogenes in ready-to-eat products (EFSA Panel on Biological Haz-
ards (BIOHAZ) et al., 2022).

The three mild processing technologies share the common feature of operating un-
der non-thermal or mildly thermal conditions, but they also differ in important ways.
All three can inactivate pathogenic and spoilage vegetative bacteria, yeasts, molds,
viruses, and parasites. However, for spore-forming microorganisms, substantial in-
activation by PEF and HPP generally requires the combination with thermal effects,
whereas non-thermal plasma has been shown to inactivate spores without such com-
binations under prolonged exposure time to the reactive oxygen and nitrogen species
(RONS) produced (Battaggia et al., 2024; EFSA Panel on Biological Hazards (BIOHAZ)
et al., 2022; Siemer et al., 2014). Among the three technologies, HPP is currently the
most successfully commercialized non-thermal process for decontamination purposes
(Farkas, 2016; Huang et al., 2017). PEF is also widely commercialized, but mainly
for structural modification of plant tissues in the potato industry (fries and chips) to
reduce oil uptake and breakage and to obtain smoother cutting surfaces and higher
yield, rather than primarily for microbial inactivation (Hill et al., 2022). NTP appli-
cations are largely at laboratory and pilot scale and, although upscaling efforts are
ongoing, industrial implementation for food decontamination remains limited (Weihe
et al., 2024).
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Despite these advantages and opportunities, several issues limit the broader adoption
of mild-processing technologies. These include high investment costs, a limited range
of products with demonstrated suitability, engineering challenges at industrial scale,
limited knowledge about variability in microbial resistance, low consumer awareness,
the absence of generic predictive models for efficacy, incomplete risk assessment for
large-scale use, and, in some cases, unclear regulatory status.

1.4 Quantifying efficacy with data-driven methods

1.4.1 The approach of meta-regression

Food business operators need to anticipate the performance of their decontamination
processes in order to design and validate effective control measures. EU food hygiene
legislation, notably Regulation (EC) No 852/2004 and its associated guidance on food
safety management systems, requires food business operators to validate HACCP-
based procedures and recognises that validation can be supported by scientific evi-
dence such as predictive microbiology or challenge testing, provided that this demon-
strates that the chosen critical limits achieve the intended effect on the hazard (Eu-
ropean Commission, 2016; European Parliament and Council of the European Union,
2004). Predictive modelling contributes to such validation by quantifying the survival
or growth of relevant microorganisms under defined product and process conditions
and by explicitly accounting for variability in product, organism, and processing fac-
tors. Data for predictive models can be obtained from dedicated laboratory experi-
ments, from publicly available repositories and databases, or from the broader scien-
tific literature. Scientific literature is growing exponentially, with an average doubling
period of 15 years (Fortunato et al., 2018). In order to make sense of the rapidly ex-
panding literature and provide stakeholders with digestible overviews, meta-analysis
can be a useful tool.

Meta-analysis is a statistical method that combines a large collection of analysis results
from individual studies for the purpose of integrating the findings (Glass, 1976). In
medical sciences, formal meta-analyses can sometimes substitute for a pivotal clinical
trial or extend and strengthen the generalizability of evidence on drug efficacy (Berlin
and Colditz, 1999). In food sciences, meta-analyses have been applied across diverse
sub-domains. They have been used to study willingness to pay for local, sustainable,
or functional foods (Dolgopolova and Teuber, 2018; Printezis et al., 2019; Tran et al.,
2024). They also synthesize evidence on sensory acceptance of fortified foods and on
how sensory and physical characteristics affect satiation (Appleton et al., 2021; Grigor
et al., 2016). Other applications include evaluating the effectiveness of consumer and
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food-handler food-safety education (Insfran-Rivarola et al., 2020; Young et al., 2015)
and assessing the efficacy of interventions and processing stages along the food chain
on microbial safety (Dogan et al., 2022; Torrents-Masoliver et al., 2025; Zdolec et al.,
2022).

Although a meta-analysis can assess the study effects that induce variabil-
ity/heterogeneity in the data, meta-regression is a tool that merges meta-analysis
with linear regression principles to better explore and quantify these effects (Baker
et al., 2009). Meta-regression models have gained popularity in predictive food
microbiology as a way to create more generic models for Microbial Risk Assessments
that also include variability (Den Besten and Zwietering, 2012; Garre et al., 2023;
Gonzales-Barron and Butler, 2011). In food processing, meta-regression can be used
to obtain global inactivation kinetic parameters. For example, in thermal processing,
a global estimate of the D-value, which is the time needed for a ten-fold reduction
of the microbial population, can be calculated using data from multiple laboratories.
This global D-value can then be refined by stratifying the data for different microbial
species and food matrices. Additionally, because the D-value corresponds to a single
processing condition (temperature level), it is useful to estimate the z-value, the
temperature increase needed to reduce the D-value by tenfold, to predict D-values at
other temperatures (Bigelow, 1921). The same principle extends to other technologies,
such as HPP, where pressure replaces temperature to estimate the 𝑧𝑃 -value. Reported
D-values are typically log10-transformed and fitted with a linear regression on
temperature (or pressure for HPP), so that the transformation stabilizes variances and
improves the normality of residuals (Box and Cox, 1964), and the z- or 𝑧𝑃 -value is
then obtained as the negative inverse of the regression slope. The described meta-
regression framework has been implemented in thermal processing (Diao et al., 2014;
Rigaux et al., 2013; Van Asselt and Zwietering, 2006) and high-pressure processing
(Santillana Farakos and Zwietering, 2011; Torrents-Masoliver et al., 2025).

1.4.2 The approach of data science

While meta-analysis and meta-regression describe how quantitative evidence can be
synthesised and modelled, data science provides the broader framework for how such
data are found, curated, explored, and ultimately analysed. Data science can be de-
fined as the interdisciplinary science that combines statistics, data mining, databases,
and distributed systems and focuses on extracting useful insights from data through
programming and domain expertise (Van der Aalst, 2016). Extracting value from data
requires a data processing pipeline, which typically includes data retrieval, data wran-
gling (cleaning) procedures, duplicate elimination, storage in a centralized repository,
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pre-processing for a given analysis, and statistical analysis through predictive ap-
proaches (e.g., machine learning) or graph analytics. In practice, most effort is spent
on data pre-processing rather than on fitting the final models. Therefore, data science
needs to be paired with appropriate data management practices to ensure that datasets
are ready for statistical analysis and require less ad hoc pre-processing. In this direc-
tion, data engineering, which primarily focuses on data management and on building
systems that standardise and partly automate pre-processing and other error-prone
steps in the pipeline, can be particularly useful (Romero and Wrembel, 2020).

Moving from data management to analysis, exploratory data analysis (EDA) is usu-
ally the first formal step in a data science project (Chatfield, 1986). EDA summarizes
and visualizes data to reveal structure, detect anomalies, and generate hypotheses
before modeling. It relies on simple plots and robust summaries. Interactive data-
visualization tools can further support EDA by allowing users to examine data in
real time and reduce information overload (Yigitbasioglu and Velcu, 2012). Once the
dataset has been compiled, cleaned, and explored so that its structure and main pat-
terns are understood, the analysis can proceed to formal statistical and regressionmod-
eling and, where appropriate, to machine-learning approaches.

The meta-regression framework was introduced in Section 1.4.1 as a linear regression
concept. However, the same concept can be extended to a multivariable framework
when several factors influence the outcome. For example, for thermal processing, tem-
perature, microbial species, and food matrix can all affect decontamination efficacy
as expressed by the D-value. This can be addressed either by stratifying the dataset
(e.g., fitting separate linear models within combinations of species and matrices) or by
using multivariable regression models, alternative parametric equations, or machine-
learning algorithms that incorporate all relevant predictors simultaneously. Multiple
linear regression models a continuous response (e.g., a D-value or log10D) as a linear
combination of several explanatory variables plus random error (Montgomery et al.,
2021). Each explanatory variable has its own regression coefficient (and z-value, i.e.,
the negative inverse of this coefficient/slope), and multiplicative (cross) terms com-
bining two explanatory variables can be introduced to allow the model to capture
non-additive, nonlinear patterns.

Machine learning (ML) refers to a family of algorithms that learn patterns from data
to make predictions or discover structure, with minimal or no reliance on previous
knowledge. Core categories include supervised learning (e.g., regression and classi-
fication), unsupervised learning (e.g., clustering and dimensionality reduction), and
neural-network-based models, often referred to as deep learning (Bishop, 2006; Hastie
et al., 2009). In contrast to classical linear regression, which assumes a fixed functional
form between predictors and response specified a priori, manyMLmethods learn flex-
ible mappings from high-dimensional inputs to outputs, which can improve predictive
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performance but typically reduce model interpretability (Hastie et al., 2009).

In practice, meta-regression and data science approaches are complementary rather
than competing. EDA and interactive visualization clarify the structure of complex
datasets and help identify relevant predictors. Then, based on the outcome, meta-
regression can be implemented using simple or multiple linear models, or extended
withmachine-learning algorithms, depending on the research question and data struc-
ture. In this context, greater model complexity does not necessarily yield better or
more complete insight. From an information-theoretic perspective, model selection is
a bias-variance trade-off, and the statistical principle of parsimony implies that mod-
els should include no more parameters than are needed to describe a problem, because
overly complex models inflate variance and tend to overfit (Burnham and Anderson,
2002; Hastie et al., 2009). Following Box, “since all models are wrong”, they cannot
be made correct by “excessive elaboration”; instead, one should seek models that are
useful for the purpose at hand (Box, 1976). In line with this view, Shmueli emphasizes
that model complexity and choice should be guided by whether the primary goal is
explanation or prediction, and that more complex models do not inherently provide
better predictive performance (Shmueli, 2010).

Together, these concepts, meta-regression, and data science, provide the methodolog-
ical backbone of this thesis. The next section translates this combined framework into
the concrete aims, research questions, and contributions that structure the subsequent
chapters.

1.4.3 Aims, research questions, and novelty of the thesis

Using the meta-regression and data-science framework described above, this thesis
aimed to obtain quantitative, generic insights into the decontamination efficacy of
NTP, PEF, and HPP under industrially relevant applications. The goal was not to opti-
mize a single product or process, but to organize and exploit existing literature so that
decontamination efficacy and its sources of variability can be described in terms of
global kinetic parameters, matrix effects, and microbial species effects, and to translate
these into benchmarking insights that can inform process designers and risk assessors.
The sources of variability were explored, such as matrix category, pH, microbial genus
or hazard group, shape resistance across these technologies, and how these relation-
ships can be summarized in a way that is directly usable in practice.

Within this aim, the thesis addressed a series of interrelated research questions. A
first question concerned non-thermal plasma (Chapter 2): which process, product,
and microbial factors most strongly affect its decontamination efficacy, and whether
an integrated descriptor of power input can capture a substantial part of the variability
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in log10D-values across different plasma configurations. However, the available NTP
literature was too heterogeneous and inconsistently reported to support robust esti-
mation of global kinetic parameters that would be comparable to those derived for PEF
and HPP, and it was therefore not taken forward into the subsequent global-parameter
benchmarking and efficiency comparisons.

The thesis then examined how improved data management and metadata standardiza-
tion, particularly for non-thermal plasma, can enhance comparability, reproducibility,
and reusability of decontamination data and thereby support more robust modelling
and the establishment of global kinetic parameters in future work (Chapter 3).

Building on this foundation, a next question was whether and to what extent global
kinetic parameters for mild technologies can be derived from heterogeneous litera-
ture data, and how these parameters change when separating the microbial species
and food matrix effects. For pulsed electric fields (Chapter 4) and high-pressure pro-
cessing (Chapter 5), this involved estimating global and matrix-specific parameter es-
timates of decontamination efficacy and quantifying how matrix characteristics, such
as acidity, shift the required processing intensity for a given log10-reduction target.
Lastly, thermal processing (TP) was compared to HPP and PEF in terms of efficacy but
also efficiency (Chapter 6). The outline of the thesis is presented in Figure 1.1.

The thesis is novel in several respects. It applied a unified quantitative strategy across
three different mild technologies, showing that global kinetic parameters and generic
patterns can be extracted from dispersed literature once data are carefully curated and
harmonized. For non-thermal plasma, the most important factors affecting decon-
tamination efficacy were ranked using machine learning to help in process optimiza-
tion. The literature screening was supported by active learning (a subfield of machine
learning) to improve the efficiency of the procedure. The approach of active learn-
ing for making literature screening was introduced and evaluated for the first time in
food microbiology. It also introduced a dedicated metadata schema for non-thermal
plasma decontamination in food-related applications, implemented as an extension
of an existing plasma metadata schema, and illustrated with concrete, human- and
machine-readable examples. For pulsed electric fields, the thesis compiled a large,
harmonised database across multiple microbial groups and matrices and expressed
decontamination efficacy consistently in terms of the volumetric energy input (esti-
mated by multiple process and matrix components) per log10-reduction, linking these
results to a decision tree that provides first-order estimates of the energy needed to
achieve targets such as 5-log10-reductions and their prediction intervals in different
product categories. It also developed an interactive dashboard that can be used to vi-
sualize different parameters of the underlying database in real time. For high-pressure
processing, it extended previously developed databases, aggregated log10D-values ob-
tained at non-thermal temperatures, compared them to an industrially relevant pres-
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sure level, and ranked microbiological hazards into resistance categories while taking
into account the matrix effects on inactivation. Chapter 6 brings all pieces together
by comparing PEF and HPP with conventional TP at matched microbiological targets
and by linking the resulting efficacy benchmarks to energy use and greenhouse gas
emissions. In doing so, the general discussion brings the meta-regression models de-
veloped in the previous chapters to a broader food safety and sustainability framework
and outlines how the same data-driven approach can be extended to other emerging
technologies (Figure 1.1).

These contributions are relevant as benchmarks for several groups of stakeholders.
For risk assessors, the global kinetic parameters, hazard resistance rankings, and
matrix effects provide transparent, literature-based inputs for quantitative microbial
risk assessments and for evaluating whether specific non-thermal processes can meet
required levels of risk reduction in different products. For food business operators,
the parameter estimates can serve as practical starting points for process design
and validation, allowing them to position their own data against broader evidence
and to perform scenario analyses without having to build models from scratch. For
data scientists working in food and microbiology, the curated datasets, metadata
schema, and analysis workflows provide concrete examples of how active learning,
meta-regression, and machine learning can be integrated into domain-specific
pipelines, highlighting the gains that can be achieved when experimental data
are made compliant with the FAIR (findable, accessible, interoperable, reusable)
principles. For society at large, the thesis contributes to a more transparent evidence
base on mild processing technologies, clarifying under which conditions and to what
extent they can deliver microbial safety with lower processing severity, and how such
processes might support cleaner labels, reduced food waste, and more sustainable
production. In this way, the work helps to connect methodological advances in
data-driven modelling with practical decision-making in food safety management
and with broader discussions on the role of emerging technologies in future food
systems.

11

1



Chapter 1

Figure
1.1:A

n
overview

ofthe
thesis

chapters
after

the
GeneralIntroduction.

Chapter
2:

Ranking
factors

affecting
the

decontam
ination

effi
cacy

ofnon-therm
alplasm

a:
The

approach
ofdissipated

pow
er

per
plasm

a
volum

e
through

m
achine

learning
m
odeling;

Chapter
3:

A
m
etadata

schem
a
to

standardize
non-therm

alplasm
a
decontam

ination
param

eters
in

food-related
applications;

Chapter
4:

The
decontam

ination
effi

cacy
ofPulsed

Electric
Field

in
food:

Establishing
globalkinetic

param
eters;Chapter

5:
H
igh-pressure

processing
inactivation

offoodborne
bacteria

and
virusesin

foods,and
Chapter6:GeneralD

iscussion.

12

1



Chapter 2
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Abstract

Non-thermal plasma treatment can preserve food, but a meta-analysis assessing its ef-
ficacy has not been performed. This study retrieved the inactivation kinetics parame-
ter log10D (n = 519), which varied largely among different plasma setups. Atmospheric
pressure plasma jet, corona discharge, surface barrier discharge, dielectric barrier dis-
charge, and inductively-coupled plasma had the highest efficacywithmedianD-values
under 2 minutes. Dielectric barrier discharge, the most frequent setup (n = 160), was
analyzed using dissipated power per plasma volume (W/cm3) as an integrated predic-
tor of decontamination efficacy. Using conventional and machine learning approaches
the most correlated parameters to the log10D were: dissipated power per plasma vol-
ume and matrix category, followed by microbial genus and pH. This study uses active
learning to improve literature screening for data collection and various data analysis
techniques for data treatment and ranking of the factors affecting non-thermal plasma
decontamination.
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2.1 Introduction

Food safety accounts annually for 33 million disability-adjusted life years (DALY) and
420,000 deaths, globally (World Health Organization, 2015). Additionally, a lot of food
spoils and is wasted. In Europe, 186 Mt CO2-eq., 1.7 Mt SO2-eq., and 0.7 Mt PO4-eq.
can be attributed to food waste which means that food waste is responsible for 15%
of the total climate impacts of the entire food supply chain (Scherhaufer et al., 2018),
posing major challenges to ending global hunger and malnutrition (FAO et al., 2023).
To enhance food safety and reduce food spoilage, various methods have been proposed
in the past to preserve food, and thermal processing and food additives prevailed in
the food industry. However, some food additives face consumer acceptance issues
(Bearth et al., 2014), while others can affect the organoleptic characteristics of food.
The latter stands true also for thermal processing, where for certain applications the
thermal effects are not desirable (e.g., fresh produce). Along with the trends toward
the application of sustainable food processing technologies, the development of non-
thermal processing methods such as non-thermal plasma (NTP) has emerged.

Plasma is a partially or fully ionized gas that can be considered the fourth state of mat-
ter with the highest energy level followed by gas, liquid, and solid. The categorization
of thermal and non-thermal is based on the relationship of electrons’ temperature with
the temperature of ions, neutral molecules, and atoms. When these temperatures are
almost the same, then the plasma is categorized as thermal, while when these are dif-
ferent it is categorized as non-thermal. In the latter case, the electrons can reach tem-
peratures up to 10,000 °C (Liao et al., 2017; Scholtz et al., 2015). However, this is not the
overall gas (plasma) temperature which remains below 70 °C (Schnabel et al., 2021a)
and cools down rapidly after its production due to its gaseous state. Possible mecha-
nisms of microbial inactivation through NTP include DNA damage by UV radiation,
lipid oxidation, protein modulation, apoptosis, electrostatic disruption, and electropo-
ration (Liao et al., 2017). The different devices, the ambient conditions, and the mode
of treatment (i.e., direct or indirect) can affect the production and stability (i.e., concen-
tration, life cycle) of the reactive oxygen and nitrogen species (RONS) present in the
plasma gas. Examples of indirect treatment include applications where the plasma gas
is produced distantly from the sample or applications related to plasma-treated water
that is then used to decontaminate the sample. The NTP devices that are described
in the literature are dielectric barrier discharge (DBD), atmospheric pressure plasma
jet (APPJ), inductively-coupled plasma (ICP), gliding arc discharge (GAD), point-to-
plate (PTP), corona discharge (CD), glow discharge (GD), surface barrier discharge
(SBD), and surface micro-discharge (SMD). Additional categorization methods exist
based on the type of source (i.e., microwave plasma source (MPS), radio-frequency
(RF)), the pressure (i.e., low pressure, atmospheric pressure), and the discharge type
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(i.e., filamentary, diffuse). Several studies have used machine learning for more effi-
cient screening in systematic reviews (Ferdinands et al., 2023; Miwa et al., 2014), but
also in the non-thermal plasma domain. Some of these studies aimed to predict the best
non-thermal plasma parameters’ combinations for seed priming (Shelar et al., 2022),
or to predict the microbial inactivation of plasma-activated liquids for biomedical ap-
plications (Özdemir et al., 2023), and for real-time plasma diagnostics (Bonzanini et al.,
2022).

Our study used active learning for the retrieval of relevant NTP studies and investi-
gated the overall differences in the decontamination efficacy of ten different setups.
Then, the concept of dissipated power per plasma volume was selected as a basis to
prioritize and rank the parameters that affected the decontamination efficacy of NTP
using a DBD setup through conventional and machine learning approaches.

2.2 Materials and methods

2.2.1 Data collection

The data were collected using five databases, namely, Scopus, Web of Science,
SciFinder, Food Science and Technology (FSTA), and CAB Abstracts. Three sets of
keywords were used, one for plasma, one for inactivation/decontamination, and one
for the microbial species of interest (Supplementary Material A). The microorganisms
of interest were Escherichia coli (including total coliform counts), Listeria spp., Sac-
charomyces cerevisiae (including total yeast counts), lactic acid bacteria, and Bacillus
spp. These microorganisms were selected as a broad set of representants of typical
pathogenic or spoilage Gram-negative and Gram-positive bacteria, spore formers, and
yeasts. Each search was performed independently for each microbial genus, before
merging, and the duplicates were removed. The data screening was conducted in two
steps. For the first step, the studies were screened based on the information on the
type of plasma device, achieved microbial inactivation > 0.5-log10-reduction, and re-
ported power expression such as applied, forward, reverse, reflected, active, apparent,
operating, generating, discharge, dissociated, transferred, input, or dissipated power.
The threshold of 0.5-log10-reduction was selected because the inherent uncertainty
of the measurement below this level is highly affected by the detection limit of
the method and could mean that there was no actual inactivation. For the second
step, the studies were screened in more detail for one specific plasma device setup,
namely, the DBD setup, and expressions of input or dissipated power, electrodes’
dimensions, and distance between the electrodes were compiled. The rationale
behind this was a first investigation of the individual studies that demonstrated that
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the different plasma setups induce a high variation of different parameters, that were
not consistently reported. For NTP, a defining parameter equivalent to temperature
for thermal processing and pressure for high-pressure processing could not be easily
found. Multiple expressions of power exist in the literature such as transferred,
active, applied, and apparent power, which cannot be compared with certainty, as
well as different approaches for estimating the RONS either in the sample or in
the plasma gas, different analytical methods, and different chemical components
involved. Parameters such as voltage and frequency, although often reported in the
literature, are not descriptive because they do not provide information regarding
the waveform characteristics of the applied voltage. Furthermore, in most cases, it
was not clear if the voltage reported was the peak-to-peak or the maximum voltage
and if the frequency was the frequency of the powered device or the frequency
related to the actual discharges. Thus, the second step of the screening procedure
was performed by narrowing it down to only include DBD setups, because this
setup was most frequently used in the studies, with clear expressions of power (i.e.,
input or dissipated power), electrodes’ dimensions, and distance, to standardize the
setup and compare the studies more consistently. In-package DBD setups where
the powered electrode is placed inside a packaged food product were excluded due
to the different approach of this setup and the difficulties in standardizing when
compared to the remainder of the setups. Also, studies that reported synergistic
effects when combining NTP with other technologies or substances were excluded,
except for the studies that provided the individual effect of NTP. Lastly, studies
referring to plasma-treated water or plasma-activated water were excluded due to the
difficulties of comparing the microbial inactivation with the remainder of the setups.
The workflow of our study is illustrated in Figure 2.1.
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2.2.2 Screening with an active learning approach

In order to optimize the screening procedure, active learning was used for the second
step of the screening process after narrowing down the scope of research to the DBD
setup. Active learning is a subfield of machine learning in which the learning algo-
rithm is allowed to choose the data from which it learns (Settles, 2009). This approach
can work for various concepts such as speech recognition and information extraction,
but in screening literature studies, the goal is to change the original order of the stud-
ies that are to be screened as relevant or irrelevant, choosing first the studies that have
a higher probability of being relevant according to the previous researcher’s choices
(Settles, 2009; Van de Schoot et al., 2021). The researcher still has full control of the
screening process, since active learning only changes the order of the studies to be re-
viewed and does not label them as relevant or irrelevant. This approach was used and
evaluated in various studies (Harrison et al., 2020; Marshall andWallace, 2019; O’Mara-
Eves et al., 2015; Van de Schoot et al., 2021; Wallace et al., 2010), but, to our knowledge,
not yet in the field of food microbiology. As the first step of the active learning proce-
dure, an initial screening (prior knowledge) of some studies is conducted manually by
the researcher to point out some relevant and irrelevant studies and then this knowl-
edge is used to train machine learning algorithms. In our case, these algorithms were
term frequency-inverse document frequency (TF-IDF) as the extractor, Naive Bayes as
the classifier, and Dynamic resampling as the data rebalancing strategy that makes the
process more efficient for datasets that potentially include many irrelevant and a few
relevant studies. The query strategy was set to maximum so that the algorithms put
first for screening the study with the highest probability of being relevant based on
the title and the abstract (Van de Schoot et al., 2021). Based on the researcher’s choice
for this study (relevant or irrelevant) the algorithms are trained again including the
new knowledge and put another study first etc. The procedure stops after reaching
the stopping criterion that has to be defined by the researcher and is the number of
consecutive irrelevant studies after which the process stops. This approach is assumed
to save time as the number of studies to be screened is more realistic, and at the same
time, it also does not make the search too precise and ensures that relevant studies are
not missed (Van de Schoot et al., 2021). The latter is crucial for non-thermal plasma
since the term is undoubtedly broad and making it more specific for certain applica-
tions or setups can induce selection bias, already from the first step. Our total study
list included 4800 studies (after removing the duplicates) for all plasma setups and Es-
cherichia coli (including total coliform counts), Listeria spp., Saccharomyces cerevisiae
(including total yeast counts), lactic acid bacteria, and Bacillus spp. From the first step
2896 (of 4800) studies were randomly selected and screened manually (without active
learning) for information on the type of plasma device, achieved microbial inactiva-
tion > 0.5-log10-reduction, and reported power expression. At this point 1904 (4800
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minus 2896) studies were not screened yet. From the 2896 studies, that were initially
screened manually, 57 were labeled as relevant and 2839 as irrelevant. To start the
active learning procedure to screen the remaining 1904 studies and train the active
learning algorithms for the second step, these 2896 labeled studies were used as prior
knowledge to start with. The active learning procedure was performed using the AS-
Review LAB software (v1.2.1) (ASReview LAB developers, 2024). It should be noted
that this prior knowledge can be established by using a way more limited number of
studies (e.g., 10) just to “warm-up” the active learning algorithms. The “warm-up” in
the context of an active learning procedure is the input of several starting data (like
10, or in our case 2896, and not like a “seed” which is one starting value). For the
second step, the 1904 studies that were not screened previously were used as input
for the active learning procedure with a focus on DBD setup. The studies that were
screened with active learning were 582 (from 1904), before reaching the stopping cri-
terion of 200 consecutive irrelevant studies. From the second step of screening, 32
out of the 582 additional relevant studies were retrieved. The reviewing process with
active learning is illustrated in Figure 2.2. So in total, 3478 out of 4800 (2896 plus 582)
studies were screened from which 89 (32 plus 57) were relevant, 3389 were irrelevant
and the remaining 1322 (1904 minus 582) studies were not screened. The stopping
criterion of 200 was an arbitrary choice, but was expected to be a conservative one
in the manner that in this sequence of 200 studies not even one relevant study was
found, suggesting that active learning successfully had put already on the top of the
order the relevant studies (Figure 2.2). In addition to the 4800 studies, 294 Salmonella
studies were searched, screened, and compiled retrospectively, when it was perceived
that there were a lot of valuable studies available for Salmonella that could further
assist in exploring NTP decontamination efficacy using the DBD setup. The search
for Salmonella spp. was conducted using keywords only relevant to the DBD setup
and not for all plasma setups as was done for the remainder of the microorganisms
(Supplementary Material A). From this search, 7 more studies (in addition to the 89)
were found to be relevant. In total, after the finalized screening for the inclusion of
parameters in the database, 19 studies from both steps of the preliminary screening
(i.e., manual or active learning assisted) were excluded because information on power
or achieved reduction, or both, was incomplete. As a result, 77 studies (519D-values or
517 microbial reduction entries (for two D-values the reductions were not reported))
were assessed qualitatively (for all setups), of which 9 studies on the DBD setup (160
D-values) were used for the quantitative modeling analyses (the 77 studies included
in our database can be found in Supplementary Material B). The studies that reported
the input power instead of the dissipated one, could not be utilized because the power
loss can vary significantly for different DBD devices.
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Figure 2.2: A visualization of the two different approaches to screening i.e., the manual screening
procedure (blue line) and the screening procedure as assisted by active learning (yellow
line). The random relevant studies (blue line) are the number of studies that are expected
to be relevant in a random dataset during amanual screening procedure and are estimated
based on a generic simulation of this procedure as provided by ASReview LAB software
(v1.2.1). The relevant studies that are illustrated in the figure (yellow line) are based on
our dataset.

2.2.3 Overview of data points and qualitative analysis

The decontamination efficacy of the different plasma setups was evaluated using the
D-value, which is the time needed to reduce a microbial population with a factor of
10 or 1 log10. The D-values were estimated by fitting the Bigelow model (Bigelow,
1921) to the log10-counts data (mean values per time point) versus time, using the
software “Bioinactivation” (Garre et al., 2017), or calculated when the maximum rate
of inactivation (kmax) was reported (i.e., using the equation ln10/kmax). When inacti-
vation kinetics were only reported as a graph, the tool “WebPlotDigitizer” (Rohatgi,
2025) was used to extract the log10-counts. It should be noted that the inactivation
kinetics were also fitted using the Weibull model where possible (Mafart et al., 2002),
but due to the limited number of observations in most of the NTP experiments (only
165/519 entries reported more than 4 observations, including the zero time point, and
only 135/519 reported more than 5 observations), tail and shoulder effects could not
be accurately estimated. Thus, the Weibull shape parameter estimates were not fur-
ther used in this study but can be shared upon request. All log10D values were stan-
dardized to log10 min. The log10D values of the different setups found in the literature
were compared, namely, ICP: Inductively coupled plasma, APPJ: Atmospheric pressure
plasma jet, DBD: Dielectric barrier discharge, LPDBD: Low-pressure dielectric barrier
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discharge, SBD: Surface barrier discharge, RFLPCP: Radiofrequency low-pressure cold
plasma, CD: Corona discharge, LPMPS: Low-pressure microwave plasma source, PTP:
Point-to-plate plasma, MPS: Microwave plasma source. The overview of the achieved
reductions was assessed for five different matrix categories: i., solid food; ii., liquid
food (treated on an abiotic surface); iii., solid medium; iv., liquid medium (treated on
an abiotic surface) and, v., (dry) abiotic surface. The corresponding products for each
category can be found in Supplementary Table 2.1.

2.2.4 The concept of dissipated power per plasma volume

In this research, the concept of dissipated power per plasma volume is proposed as a
defining descriptor of NTP inactivation efficacy that can be easily estimated for DBD
devices. This is because RONS concentrations, although directly associated with inac-
tivation efficacy, are difficult to define (which species, where), measure (which device,
whichmethod, trained personnel) and report consistently (concentration, relative con-
centration, or spectrograph), making plasma diagnostics very complex. Additionally,
the approach of RONS could be too specific or not include reactive species that could
have an effect and are not measured accurately with the current methodology (e.g.,
short-lived reactive species). Thus, we used the power that is used for the creation
of plasma (dissipated power, Pdis), divided by the volume of the plasma produced,
i.e. power density (Pdens), as an integrated plasma descriptor. Dissipated power was
chosen, because it is a more comprehensive parameter compared to other devices’
properties as the peak-to-peak voltage and frequency, as explained above. The method
to estimate the dissipated power can be found in Equation 2.1.

𝑃dis = 𝑈 ⋅ 𝐼 ⋅ cos(𝜙) (W) (2.1)

where U is the voltage (in volts, V) and I is the current (in amperes, A), and 𝜙 (-) is
the phase shift between current and voltage (Golda et al., 2016). Some modifications
of this equation to make estimations easily applicable for some setups can be found in
Golda et al. (2019).

For DBD devices this concept can be approximated using the dissipated power, divided
by the powered electrode area and the distance between the powered and the ground
electrode (Equation 2.2).

𝑃dens = 𝑃dis
𝐴 ⋅ 𝑑 (W/cm3) (2.2)
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where A is the powered electrode area (in cm2) and d is the distance (in cm) between
the powered and ground electrode.

It should be noted that the true plasma area can be smaller than the powered elec-
trode’s area, because the effective area in which plasma is created can be smaller than
the area that is defined by the electrodes’ dimensions. In the same manner, the width
can be smaller than the distance between the electrodes, especially as the distance
increases (Souza et al., 2016). However, these two system parameters together with
the dissipated power are expected to affect most of the plasma creation and the corre-
sponding inactivation efficacy.

2.2.5 Exploratory data analysis

An exploratory data analysis was conducted using Python programming language
(v3.11) (Van Rossum and Drake, 2009) and the libraries “numpy” (Harris et al., 2020),
“pandas” (McKinney, 2010), “seaborn” (Waskom, 2021), “matplotlib” (Hunter, 2007),
“scikit” (Pedregosa et al., 2011), and “scipy” (Virtanen et al., 2020). Firstly, all the
relevant power and energy expressions (dissipated power (W), dissipated power per
plasma area (W/cm2), dissipated power per plasma volume (W/cm3), dissipated en-
ergy (W·min), dissipated energy per plasma area (W·min/cm2), dissipated energy per
plasma volume (W·min/cm3)) were separately checked for their correlation with the
log10D (log10 min) using the Spearman’s rank correlation coefficients (Supplementary
Figure 2.1) to evaluate which could function as an integrated plasma descriptor. Then
the other numerical and categorical variables that were included in the database for
the DBD studies were evaluated, namely, the numerical variables peak-to-peak volt-
age (kV), frequency (kHz), relative humidity (%), product temperature (°C) after treat-
ment, sample area (cm2), pH (-), and the categorical variables ground electrode shape
(circular plate, rectangle), ground electrode material (copper, stainless steel), upper
electrode shape (circular plate, rectangle), upper electrode material (copper, stain-
less steel), dominant working gas (air, Ar, He, N2, N2/O2), matrix category, food (yes,
no), microbial genus (Listeria, Salmonella, Escherichia, and Bacillus (no data for the
non-mentioned genera)), species (monocytogenes, innocua, enterica, coli, cereus), strain
(LMG 23775, ATCC 33090, ATCC 25922, Amp-res-mutant, LMG 13305, LMG 14933, SL
1344, ATCC 13311), type of cells (vegetative, biofilm), mode of inoculation (surface,
whole sample), selective recovery medium (yes, no). For the categorical variables,
the Kruskal-Wallis H test (non-parametric alternative to one-way ANOVA) was used
to test if there are statistically significant differences between the different groups’
log10D median value for each categorical variable. The Kruskal-Wallis H test provides
two outputs, the H-statistic (the higher, the greater the differences) and the p-value,
to see if the differences between the subgroups are statistically significant. Cramér’s
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V was also performed as a measure of association between the categorical variables to
test if the categorical variables are associated with each other. Cramer’s V provides
the φc value which is the intercorrelation coefficient and can take values from 0 (no as-
sociation) to 1 (perfect association). The summaries of statistics and violin plots were
also used in this case to explore potential parameters affecting the log10D.

2.2.6 Quantitative modeling

2.2.6.1 Data splitting and scaling of numerical variables

Unless mentioned differently, the data were first split into a training and a test set.
This step was implemented before scaling to avoid data leakage (from the training to
the test set during the scaling step) (Lones, 2021). The test set was set to 20% of the full
dataset (ntraining = 128, ntest = 32). The training and test sets were selected randomly
using the “random_state” function (pseudo-random numbers) of the “scikit” library
(Pedregosa et al., 2011). The numerical variables of the training set were then scaled
using the standard score (z) of a sample value (x) with mean (u) and standard deviation
(s), and the estimated mean and standard deviation of each of the variables were used
for scaling also the test data (Equation 2.3).

𝑧 = (𝑥 − 𝑢)
𝑠 (2.3)

Subtracting the mean from a sample value typically improves the interpretation of
main effects in the presence of interactions, while dividing by the standard deviation
puts all variables on a common scale (Gelman, 2008). After scaling, the variable coef-
ficients indicate the expected difference in the dependent variable for each standard
deviation change in the variable’s value. This was done because the scale i.e., the range
of values of the numerical variables was varying significantly. For example, the dissi-
pated power per plasma volume (W/cm3) values ranged from 0.02 W/cm3 to 2 W/cm3,
whereas the peak-to-peak voltage (V) ranged from 4.5 kV to 25 kV, and the relative
humidity from 0% to 80%. With scaling the statistical significance of the variables
does not change i.e., the p-values of the predictors’ set will remain the same, but the
interpretation and comparison of the relative importance (comparing the coefficients
instead of their p-value) is improved (Schielzeth, 2010).
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2.2.6.2 Imputation strategies

A selected set of values for some studies was imputed so as not to have missing values
for the modeling part. For the relative humidity and pH, the imputation strategy was
quite straightforward. For the cases with missing information, the relative humid-
ity was assumed to be 50% (the average of 40-60% which is assumed to be a common
relative humidity range at room temperature), whilst the pH of abiotic surfaces was as-
sumed to be 7 (including the eggshells’ surface). The pH of Trypticase Soy Broth with
Yeast Extract was assumed to be 7.3 (U.S. Food and Drug Administration, 1998), with or
without the addition of xanthan gum. For the sample area, a more complex approach
was implemented. The approach was to use k-nearest neighbor (k-NN). The k-NN is
a method that tries to classify an unknown sample based on the known classification
of its neighbors (Mucherino et al., 2009). In our case, to predict the missing values of
the sample area we used the matrix category, the sample size, and the research team
(on the assumption that research teams often work with the same product dimensions
based on their equipment) neighbor values to estimate the non-reported sample area
based on the value of the sample area that the neighbor values of the aforementioned
parameters were pointing to. The number of neighbors to be used was set at 8. This is
an arbitrary choice that in our case was based on the density plot that compared the
distribution of the original values with the imputed ones. This number of neighbors
yielded the best overlap between the two distributions (Figure 2.3).

2.2.6.3 Multiple linear regression and regularization techniques

The approach of multiple linear regression (MLR) was implemented due to its sim-
plicity and its high interpretability. This approach was performed to the full dataset
(n = 160), as well as to the training dataset used for the machine learning approaches
(80% i.e., ntrain = 128), to compare the different methods. Ordinary least squares re-
gression was used for this step using backward elimination with a threshold of p-
value = 0.05. The dependent variable was the log10D (log10 min) and the potential
predictors were, as determined by the exploratory data analysis, the dissipated power
per plasma volume (W/cm3), the peak-to-peak voltage (kV), the relative humidity (%),
the sample area (cm2), the pH (-), the upper electrode shape (circular plate, rectan-
gle), the upper electrode material (copper, stainless steel), the matrix category (solid
medium, liquid medium, abiotic surface), and the microbial genus (Listeria, Salmonella,
Escherichia). The categories that are not mentioned here, i.e., solid and liquid foods,
Saccharomyces cerevisiae and yeasts, lactic acid bacteria, and coliforms were not in-
cluded in the dataset used for the regression because they could not meet the criteria
set i.e., DBD setup, achieved microbial inactivation > 0.5-log10-reduction, and reported
dissipated power per plasma volume (W/cm3) parameters. For Bacillus cereus, there
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Figure 2.3: The density results of the imputation strategy applied to the sample area. The density
of the reported sample area is colored with purple, whereas the imputed one is colored
with green.

was only one entry (additional to the 160) that met the criteria and thus it was ex-
cluded. The categorical variables were converted to dummy variables (0, 1) and the
first category of each variable, which was most often reported in the studies, was set
as the base to avoid the dummy variable trap which would lead to multicollinearity
between the dummy variables (Suits, 1957), although the effect of the base selection
for each category was evaluated. In an attempt to further improve variable selection
while retaining interpretability, regularization techniques were applied, as a differ-
ent approach to backward elimination. Regularization is a technique used in statistics
to help deal with multicollinearity and predictors’ selection, through two main steps:
parameter approximations’ construction, and approximation selection based on bias-
variance trade-off (Bickel et al., 2006), instead of relying on the p-value of each in-
dependent variable as it is done with backward elimination. Thus, lasso (Tibshirani,
1996), ridge (Hoerl and Kennard, 1970), and elastic net (Zou and Hastie, 2005) were
used for their ability to perform regularization L1 (Supplementary Material C, equa-
tion S2.1), L2 (Supplementary Material C, equation S2.2), or both (Supplementary Ma-
terial C, equation S2.3), respectively. In general, ridge performs better than lasso for
datasets with a substantial number of (collinear) variables, but of the two only lasso can
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shrink some variables’ coefficients to 0, and thus perform variable selection (Neto et
al., 2014), and elastic net combines both approaches. As with every machine learning
concept, there are two different parameter categories involved i.e., the ones that can be
initialized and updated through the data learning process (i.e., model parameters) and
the ones that cannot be directly estimated from data learning and must be set before
training because they define the model architecture (i.e., hyperparameters) (Yang and
Shami, 2020). The model parameters in this case are the intercept and the coefficients
of the multiple linear regression model, while the hyperparameters are constants that
control the regularization penalties from which the model architecture is defined (the
starting point from which the “machine” starts to “learn”) and the iterative learning
process starts to minimize the least squares penalty. The hyperparameter selection
tuning is an arbitrary choice that involves trial-error simulations, using the training
set. In order to make this approach more systematic the hyperparameter tuning was
conducted using Optuna which is a software that uses sampling algorithms to find
more promising hyperparameters based on past trial results and pruning algorithms
to eliminate the less promising ones (Akiba et al., 2019). In our case, we split the train-
ing set into 5 and in each iteration, the four parts were used to train the model and the
one was used to validate it. The procedure using Optuna continues for 5000 iterations
to find the optimal combination that yields the best model fit with the lowest Root
Mean Square Error (RMSE).

2.2.6.4 Machine learning approaches

To unveil more complex relationships between the dependent and the independent
variables, four machine learning algorithms were tested, namely, random forests, ex-
treme gradient boosting, support vectormachines, and artificial neural networks. Ran-
dom forests are a combination of tree predictors such that each decision tree depends
on the values of a random vector sampled independently and with the same distribu-
tion for all trees in the forest (Breiman, 2001). Each decision tree consists of the root
node, internal nodes, leaf nodes, and branches. The root node is the initial decision
after which the data is split. The internal nodes are the points where the data is split
further, and the leaf nodes are the nodes where the data cannot be split any further.
The branches are the links between the nodes that represent the outcome of each test.
The hyperparameters that were chosen for tuning for our case were the number of
trees in the forest, the maximum depth of each tree, the minimum number of sam-
ples required to split an internal node, and the minimum number of samples required
to be a leaf node. Gradient boosting, as random forests, is also a form of ensemble
learning i.e., using a set of hypotheses instead of one to choose a set of weights to
construct the “voted” classifier (or regressor) (Dietterich, 2002). This means that also
for this case we compose our model based on multiple decision trees. The difference is
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that the approach of gradient boosting is sequential and can formulate additive expan-
sions for any fitting criterion (Friedman, 2001). Extreme gradient boosting (XGBoost)
algorithm was used with tree booster, where each new tree attempts to correct the
errors made by the previous ones. The hyperparameters that were chosen for tuning
were the number of gradient-boosting trees, the maximum depth of each tree (from
the root to the leaf node), the learning rate (shrinkage factor) that scales the contribu-
tion of each tree corrections to the next one to avoid overfitting, and the subsample
ratio of the instances used for training before growing each tree that also helps to
avoid overfitting (Chen and Guestrin, 2016). Support vector machines (SVM) use the
SV algorithm that regulates the capacity by considering the function corresponding to
the hyperplane that separates, according to the labels, the given training data and it
is maximally distant from them (Boser et al., 1992; Cristianini and Ricci, 2016; Hearst
et al., 1998). As such, SVM tries to find a decision boundary (i.e., hyperplane) that
separates distinctly different data points into categories. It focuses on maximizing the
distance (margin) between the data points of each category and the decision boundary,
ensuring a clear separation of the data points into categories. The hyperparameters
that were chosen for tuning were the regularization parameter (C), the epsilon tube,
and the kernel coefficient. Regularization parameter C controls the balance between
minimizing the misclassification and maximizing the margin between categories. The
epsilon tube refers to a margin of tolerance within which some prediction errors are
not penalized, to avoid overfitting i.e., a larger tube allows more errors, and a lower
forces to a higher sensitivity which may lead to overfitting (Chang and Lin, 2011).
Lastly, the kernel coefficient chooses the way to transform the data in higher dimen-
sional space to make it possible to perform linear separation, when the original data
are not linearly separable. Artificial neural networks simulate networks of multiple
interconnected building blocks called model neurons. Each model neuron receives in-
put data, assigns a weight factor to each input, and then sums the weighted inputs.
This sum is then passed through an activation function which converts it to a modi-
fied output. For instance, an activation function can be used to introduce non-linearity
to the model enabling the network to learn complex patterns in the data. The output
from the activation function is then passed to the next layer and the process is re-
peated for multiple layers and data combinations. Back-propagation is implemented
in every pass from the input to the output data to correct the weight factors in each
layer. This is done based on the loss function change concerning each weight value in
the network (Krogh, 2008). In this study, the number of model neurons in the input
layer corresponded to the number of parameters of the database, and each row of the
database constituted the input data. Each model neuron in one layer was connected to
every model neuron in the next layer. This connection between the layers was made
possible by assigning different weight factors for each parameter’s value, summing up
the weighted values for all parameters, and passing them to the next layer through an
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activation function. The activation function used was the activation function rectifier
linear activation which converts the non-positive sums of the inputs to 0 and the pos-
itive ones to their actual value, essentially creating a piecewise linear function with
two linear pieces (Goodfellow et al., 2016). The loss function that was used in this
study for the back-propagation step was the mean square error. The hyperparameters
that were chosen for tuning were the number of hidden layers (the layers between
the input and the output layers), the number of model neurons on each hidden layer,
the dropout rate which selects a fraction of the model neurons not to be included in
every pass (to avoid overfitting), and the learning rate which controls how much the
weight factors change in each pass. All the above machine learning approaches have
a lot more hyperparameters that can be tuned for better results, but given the lim-
ited number of data points (n = 160), this was unnecessary. The hyperparameters that
were not tuned, were set to their default values, as determined by the “Scikit-learn”
software that was used for random forests, XGBoost, and SVM (Pedregosa et al., 2011).
For neural networks, the “TensorFlow” software was used (Abadi et al., 2015). For the
hyperparameters that were tuned, Optuna (Akiba et al., 2019) was used for all ma-
chine learning approaches, as explained in Section 2.2.6.3. For the interpretation of
the parameters that contribute the most to the machine learning models, the Shapley
Additive exPlanations (SHAP) approach was followed and the Shapley values were
estimated for each independent variable. The SHAP framework is based on the game
theory and identifies the class of additive feature importance methods and shows that
there is a unique solution in this class that adheres to desirable properties (Lundberg
and Lee, 2017). In a typical SHAP summary plot, each dot represents the SHAP value
for each parameter for each data point of the test set which means that the number
of dots matches the number of the data points in the test set. The SHAP value scale
(x-axis) is relative and centered around 0 and the dots that are on the right side push
the dependent variable to positive correlations with the independent variable (higher
log10D), whereas the dots on the left push it to the negative correlations with the in-
dependent variable (lower log10D). The variables’ colors are based on the actual value
of each parameter i.e., when the color is leaning to red then this corresponds to the
data points that have higher values of this parameter, while blue corresponds to lower
values of this parameter. If the red dots of a parameter are scattered on the left side
and the blue dots are scattered on the right side this could imply a negative correlation
of the independent variable with the dependent variable, whereas when the blue dots
of a parameter are on the left side, and the red dots are on the right side, this could
imply a positive correlation. If the red or blue data points or both are scattered on both
sides, then this could imply that the correlation exists but the positive or negative ef-
fect is condition-dependent. If both dots are centered around 0 (low mean absolute
SHAP value) this could imply that the parameter has low or no contribution to the
model’s output. For dummy variables, there are only two possible outcomes (colors),
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where red corresponds to the presence of the effect, and blue to the absence of the
effect (base), but their interpretation is analogous; for instance, red dots on the left
side could imply a negative correlation, and so forth.

2.3 Results

2.3.1 Overview of D-value entries for all setups

The log10D values obtained for the different NTP setups are shown in Figure 2.4 and
are in line with Baier et al. (2013), who reported that there is significant variation be-
tween the different types of plasma sources and their mode of application. Our results
showed that the APPJ was the setup with the lowest median D-value (0.5 minutes),
and LPDBD had the highest median D-value (15 minutes). Differences in the extent of
variability also exist, for instance, in the log10D of the LPDBD setup where the vari-
ability was higher than LPMPS despite the more data points of the latter. It should
be noted that the reliability of these estimates is not the same for all setups since the
number of data points differs for the different plasma setups (Figure 2.4).
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The overview of the microbial reductions achieved with NTP against various microor-
ganisms andmatrices is shown in Table 2.1. For lactic acid bacteria, therewere no stud-
ies in the literature that met the eligibility criteria (information on the type of plasma
device, achieved microbial inactivation > 0.5-log10-reduction, and reported power ex-
pression). This table can serve as a map of what decontamination is to be expected in
general for most NTP setups. A huge variation between the different combinations of
matrix-microorganism can be observed with the median reduction using NTP rang-
ing from 1.1 to 7.9 log10. This variation entails the effect of the setup as well as other
effects such as the specific matrix (e.g., the particular food product), the power, and
the processing time used, but it is informative in terms of answering simple questions
regarding NTP decontamination efficacy according to the current literature, without
specific criteria. It should be noted that these values were most probably an underes-
timation of the efficacy since in experiments where NTP processing led to microbial
counts below the detection limit, the previous time-point was used. However, con-
sidering also the inactivation entries that led to microbial counts below the detection
limit using only the entries with an initial inoculum of ≥ 5 log10, 20.1% (71 of 352) of the
total entries led to an inactivation ≥ 5 log10 or below the detection limit with entries
for all microorganisms and matrix categories and with DBD, APPJ, ICP, PTP and SBD
setups (data not shown).

Table 2.1: Overview of microbial log10-reductions across different matrix categories

Matrix category Listeria spp.a, b Salmonella spp.a, b Bacillus spp.a, c Coliformsa Yeastsa

solid food 1.7, 2.0±1.3
(𝑛 = 39)

7.9, 7.9
(𝑛 = 1)

1.7, 2.2±1.3
(𝑛 = 12)

1.5, 1.9±1.3
(𝑛 = 67)

2.4, 2.4±1.0
(𝑛 = 6)

liquid food 5.4, 4.4±1.7
(𝑛 = 3)

- 5.2, 4.7±0.9
(𝑛 = 3)

3.4, 3.2±1.1
(𝑛 = 9)

1.1, 1.1±0.7
(𝑛 = 2)

solid medium 1.7, 2.0±1.5
(𝑛 = 25)

1.5, 1.6±0.6
(𝑛 = 14)

- 3.5, 3.4±1.2
(𝑛 = 22)

-

liquid medium 1.4, 2.6±2.7
(𝑛 = 18)

2.2, 2.0±0.7
(𝑛 = 14)

3.6, 3.4±1.5
(𝑛 = 14)

4.5, 4.4±1.4
(𝑛 = 40)

3.9, 3.7±2.4
(𝑛 = 24)

abiotic surface 1.9, 2.1±1.0
(𝑛 = 69)

2.2, 2.4±1.0
(𝑛 = 51)

4.0, 3.9±1.2
(𝑛 = 35)

2.7, 2.5±1.3
(𝑛 = 46)

2.6, 3.1±1.0
(𝑛 = 3)

Total 154 80 64 184 35

a: The values correspond to the reductions above the detection limit and are reported as median,
mean ± SD
b: For Listeria spp. and Salmonella spp. both vegetative and biofilm cells are reported
c: For Bacillus spp. both vegetative and spore cells are reported

From a modeling perspective, the most important issue in assessing the sources of
variability within each setup was the lack of a parameter present in all studies, that
is equivalent for example to temperature for thermal processing or pressure for high-
pressure processing to standardize the results. We focused on the DBD setup because
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according to the findings of this study (Figure 2.4) and previous research (Asl et al.,
2022; Liao et al., 2017), it is the most common setup with the most data reported on.
Atmospheric pressure plasma jet (APPJ) was the second most frequent setup in our
database. It should be noted that DBD offers a short but wide discharge in which the
sample is part of it, whereas the APPJ can treat a sample from a longer distance (the
sample is not part of the discharge), but in a smaller area (Yan et al., 2016). DBD devices
can produce stable and uniform NTP while working at relatively low temperatures
under atmospheric pressure (Liao et al., 2017). Additionally, for the DBD setup, it was
easier to estimate the plasma volume and thus the dissipated power per plasma volume
(W/cm3). This concept is not so easily transferable to APPJ or other setups.

2.3.2 Exploratory data analysis for DBD

2.3.2.1 Power expression selection and evaluation

Moving to the DBD setup, 160 D-values were estimated that reported all the required
power density equation components (dissipated power, electrodes’ dimensions, dis-
tance between the electrodes) (Equation 2.2) concerning Listeria spp., Salmonella en-
terica, Escherichia coli. For yeasts, lactic acid bacteria, and coliforms (different than
E. coli) no entries were reporting the aforementioned parameters. The entries for Lis-
teria spp., Salmonella enterica, and Escherichia coli were 70, 79, and 11, respectively.
The corresponding products for each category can be found in Supplementary Table
2.2. The exploratory data analysis indicated that from the power- and energy-related
expressions, the most negatively correlated (with the log10D (log10 min)) were the dis-
sipated power per plasma volume (W/cm3) and the dissipated power per plasma area
(W/cm2) with the highest Spearman’s rank correlation coefficients (Supplementary
Figure 2.1). The Spearman’s rank correlation coefficient was -0.16 for both expres-
sions which was rather low but still the highest among the power expressions. From
the two expressions, the dissipated power per plasma volume (W/cm3) was selected,
because it incorporates one more parameter that is crucial for DBD i.e., the electrodes’
distance, in a rational and parsimonious way (Liu et al., 2004; Souza et al., 2016).

2.3.2.2 Variable selection

Based on the exploratory data analysis, from the numerical variables, the product tem-
perature (°C) was excluded based on the scatterplot with the log10D (log10 min) and the
low Spearman’s rank correlation coefficient (Supplementary Figure 2.2). The peak-to-
peak voltage was considered for the next steps even though it showed a low Spear-
man’s rank correlation coefficient, because of a slight trend in its scatterplot with the

33

2



Chapter 2

log10D, whereas the frequency (kHz) was not considered because no trend could be ob-
served in its scatterplot (Supplementary Figure 2.3). The dissipated power per plasma
volume (W/cm3), sample area (cm2), relative humidity (%), peak-to-peak voltage (kV),
and pH (-) were considered for the imputation and modeling steps. It should be noted
that the RONS, although important, were not reported in any of these entries, neither
as a whole nor as individual chemical compounds. Moving to the categorical variables,
from the Kruskal-Wallis H-test and the violin plots, dominant working gas, type of
cells, food (yes, no), and selective recovery medium (yes, no) did not seem to have a
significant influence (both statistically and visually) on the log10D (log10 min). From
the results of Cramér’s V, the shape and material of the ground and upper electrodes
were intercorrelated with intercorrelation coefficient φc > 0.95 respectively, hence, the
upper electrode shape and the upper electrode material were selected as categorical
variables, because the upper electrode is also the powered one. The microbial genus
was intercorrelated with the species (φc = 0.99) and the strain (φc = 0.98) and thus
only the microbial genus was used because it has fewer categories (i.e., fewer dummy
variables) and thus sets a more parsimonious basis. The mode of inoculation was in-
tercorrelated with the matrix category (φc = 0.99) and thus only the matrix category
was used. To sum up, from the numerical variables, dissipated power per plasma vol-
ume (W/cm3), sample area (cm2), relative humidity (%), peak-to-peak voltage (kV), and
pH were considered, and from the categorical variables, upper electrode shape, upper
electrode material, matrix category, and microbial genus were considered as potential
predictors for the next steps, respectively. These potential predictors were selected
to be imputed where needed so as not to have missing values for the modeling part.
From the numerical variables, sample area, relative humidity, and pH had 77, 155, and
84 missing values, respectively. From the categorical variables, only the upper elec-
trode material had 149 missing values but was not imputed, and therefore excluded
from the next steps, because no possible strategy could be established. All other vari-
ables were imputed as explained in Section 2.2.6.2.

Multiple linear regression was performed for the parameters power density (W/cm3),
sample area (cm2), upper electrode shape, matrix category, pH, microbial genus, peak-
to-peak voltage (kV), and relative humidity (%). The upper electrode shape of the cir-
cular plate (one of the two categories), the matrix category of the abiotic surface (one
of the three categories), and the microbial genus of Salmonella (one of the three cat-
egories) were the most frequent categories and were set as the base for all regression
analyses. The categorical variables with three categories (microbial species, matrix
category) were evaluated per category, and the effect of base selection on the signifi-
cance evaluation of the variables was checked through separate trials. The order of the
variable coefficients changed as a result of scaling all numerical variable values using
Equation 2.3 (Table 2.2), which underlined the need for scaling for better insights into
the relative importance based on the coefficients. The mean and the standard devi-
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ation used for scaling the numerical variables can be found in Supplementary Table
2.3. Using all data points (n = 160) (Figure 2.5) and backward elimination using scaled
variables, the peak-to-peak voltage, and the relative humidity were excluded as non-
significant variables (Table 2.2). It should be noted that the Bacillus entry that was
excluded because it was the only one for this microbial genus (although it matched
the eligibility criteria, see Section 2.2.6.3) had the same power density level as the E.
coli at 2 W/cm3 (Figure 2.5). In addition, the model was tested by excluding the E.
coli entry at 2 W/cm3 and the effect of power density was still prominent. The results
suggested that the upper electrode shape, the matrix category, the sample area, and
the power density significantly affected the log10D, next to the pH and the microbial
genus, with the latter two variables being just significant. The microbial genus of
Listeria was significantly different from Salmonella, while Escherichia was not signifi-
cant for the model’s output. For the matrix category, the matrix category of the liquid
mediumwas significantly different from both the abiotic surface and the solidmedium,
whereas the abiotic surface and the solid mediumwere not significantly different from
each other.

Table 2.2: The effect of scaling in the order of the coefficients using all data points (𝑛 = 160) and
multiple linear regression with backward elimination. The coefficients are ordered based
on the absolute coefficient values with scaling. The 𝑅2 of the multiple linear regression
model with or without scaling was 0.342

Parameters Coefficients with scaling SE Coefficients without scaling SE p-value

Upper electrode shape of rectangle -1.31 0.36 -1.31 0.36 < 0.001
Matrix category of liquid medium 0.47 0.10 0.47 0.10 < 0.001
Sample area (cm2) -0.34 0.09 -0.07 0.02 < 0.001
Power density (W/cm3) -0.31 0.05 -1.52 0.23 < 0.001
Microbial genus of Listeria -0.16 0.07 -0.16 0.07 0.022
pH -0.07 0.03 -0.12 0.06 0.033
Peak-to-peak voltage (kV) - - - - > 0.05
Matrix category of solid medium - - - - > 0.05
Relative humidity (%) - - - - > 0.05
Microbial genus of Escherichia - - - - > 0.05
Intercept 0.33 0.06 2.89 0.58 < 0.001

When we split the data, to consistently compare the multiple linear regression results
with themachine learning approaches, in training and test i.e., 80:20 (ntrain = 128, ntest =
32), then the coefficients with scaling were slightly different but with the same order as
with the full dataset (Figure 2.6). Then, elastic net was selected to perform the multiple
linear regression with regularization due to its ability to penalize the variables’ coef-
ficients (reduce their value) in case of multicollinearity and even shrink them to zero
(exclusion of the variable from the model), in case needed. This approach is more ben-
eficial for datasets with a lot of variables but not so many observations and deals with
the predictor selection in a different way than using the p-values of the coefficients
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Figure 2.5: Overview of the log10D values of the DBD setup that was used for modeling purposes.
The regression lines of the log10D (log10 min) are fitted as a linear function of dissipated
power per plasma volume (W/cm3) for each matrix category.

in the elimination procedure (backward elimination). For the optimal combination of
the hyperparameter 𝛼 and 𝜌, Optuna was used as explained in Section 2.2.6.3. The
optimal hyperparameter 𝛼 and 𝜌 were found 0.0005 and 0.00002, respectively. The
low 𝛼 indicated that a minimal regularization was applied, while the low 𝜌 indicated
that from the two components of the elastic net regularization equation (i.e., lasso and
ridge), the ridge component was mostly used (Supplementary Material C, equation
S2.3). All variables were selected from the regression as predictors and none of them
was shrunk to 0, and the 𝑅2 on the training and test dataset were 0.40 and 0.07, re-
spectively while the RMSE on the test dataset was 0.46 log10 min. Since the elastic
net did not improve the model’s performance much as the 𝑅2 only slightly increased
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(from 0.38 (for the training dataset) to 0.40), we used multiple linear regression with
backward elimination (with scaling and data split in training and test) as the basis for
comparing the multiple linear regression with the machine learning approaches.
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2.3.3 Machine learning approaches

To unveil more complex relationships between the dependent and the independent
variables, random forests, eXtreme Gradient Boosting (XGBoost), support vector ma-
chines (SVM), and neural networks were used. Based on cross-validation in the train-
ing set, Optuna used 5000 iterations to determine the combination of hyperparameters
with the lowest RMSE. The best-fitted model was with the use of the XGBoost algo-
rithm (𝑅2 on test dataset = 0.71) followed closely by random forests (𝑅2 on test dataset
= 0.70) and then SVM (𝑅2 on test dataset = 0.65), and neural networks (𝑅2 on test
dataset = 0.34). Therefore, the XGBoost model was used for further comparison with
multiple linear regression. The corresponding hyperparameters for XGBoost were:
number of estimators (the number of gradient-boosted trees) = 69, maximum depth
(the maximum depth of each tree) = 3, learning rate (the shrinkage factor of new trees
added to the model) = 0.29, and subsample (the fraction of samples to be used for fit-
ting each tree) = 0.63. The test dataset was used for interpretations in all machine
learning approaches. Based on the mean absolute SHAP values in the test dataset
(Figure 2.6), the power density, the sample area, and the matrix category of liquid
medium were in the top five parameters with the highest effect on the log10D, which
were also the highly significant parameters of the multiple linear regression. The pH
and the microbial genus of Listeriawhich were just significant with the multiple linear
regression, were the remaining two of the top five based on the mean absolute SHAP
values of the XGBoost model. The microbial genus of Listeria had lower log10D values
than Salmonella, as indicated by the majority of the red data points scattered on the
left side, and the blue data points on the right side of the SHAP figure. The microbial
genus of Escherichia had a minimal contribution to the model with all data points scat-
tered around zero. For the matrix category of liquid medium, the red dots on the right
side and the blue data points on the left side indicated that the matrix category of liq-
uid medium had higher log10D values than the abiotic surface (in accordance with the
positive coefficient of multiple linear regression), while the matrix category of solid
medium had a minimal contribution to the model with all points scattered on the left
side and close to zero. The insignificant variables of the multiple linear regression
were also the variables with the lowest mean absolute SHAP values of the XGBoost
model i.e., peak-to-peak voltage (kV), and relative humidity (Figure 2.6). The direction
of the effect on the efficacy (positive or negative) was also consistent (i.e., the neg-
ative correlation coefficients of multiple linear regression matched with the red dots
on the left side of the SHAP figure) except for the effect of sample area, where the
negative coefficient of multiple linear regression was “translated” to red dots in both
sides of the SHAP figure, pushing the model to either a positive or negative direc-
tion depending on the context which occurs, and not in a uniform way in the whole
dataset. The main difference between the two methods was regarding the effect of the
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upper electrode shape which was highly significant based on multiple linear regres-
sion analysis, but with almost zero contribution to the XGBoost model. This could be
due to the huge differences in the frequency of the two shapes i.e., 145 data points for
the circular plate shape and 15 data points for the rectangle shape, which can induce
uncertainty in the parameter estimate (Supplementary Figure 2.4). Using the hyperpa-
rameters determined with Optuna, a reduced model with only the 5 parameters with
the highest mean absolute SHAP values, i.e., power density, microbial genus of Listeria,
sample area, pH, and the matrix category of liquid medium, was tested. In this case,
the power density was the most important factor with a mean absolute SHAP value
of 0.2, whereas the rest of the parameters were scattered around 0.1. The direction of
the effect on the efficacy was the same as with the full model. Combining the results
of MLR and XGBoost, it can be concluded that power density and matrix category
are important parameters affecting the log10D, followed by microbial genus and pH,
while peak-to-peak voltage and relative humidity have lower importance. The impact
of sample area and electrode shape could not be well defined based on the current
data set. The fact that the XGBoost SHAP values were estimated from the test data,
while the linear coefficients were obtained based on the training data, and still align
to mostly the same ranking of parameters makes the conclusions more robust.

2.4 Discussion

Active learning demonstrated to be a useful tool for making the literature screening
more efficient, in terms of time but also for exploring a broad domain where keywords
cannot make the search specific enough (e.g., plasma). The selection of the stopping
criterion for this study was based on pragmatic criteria that fit the purpose of hav-
ing the overview of the technology’s literature before narrowing it down to the DBD
setup (Callaghan and Müller-Hansen, 2020). However, a more complex approach for
its optimal selection such as statistical stopping criteria should also be considered for
fully systematic literature reviews (Callaghan and Müller-Hansen, 2020).

The different setups of NTP showed huge variations in the decontamination efficacy.
As mentioned in previous research, different plasma systems generate different plas-
mas with different reactive plasma cocktails that in general cannot be compared (Ni-
quet et al., 2018; Shimizu et al., 2017). Based on the data collected, the top 50% of setups
(i.e., 5 out of 10) in terms of decontamination efficacy were APPJ, CD, SBD, DBD, and
ICP with a median D-value below 2 minutes for all cases. The lowest 50% had median
D-values higher than 3 minutes for all cases reaching up to 15 minutes for the case of
LPDBD (Figure 2.4). As mentioned, some parameters and the lack of data for some se-
tups could change this outcome but at the same time, our research during the first step
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was performed with simple criteria and without restrictions to any particular setup.

The dissipated power was selected as an accurate enough basis since RONS are rarely
reported in the literature and the results are not easily comparable. Not only was
power rarely reported in the literature, but the terminology was also not consistent in
the studies, because power was reported as applied, forward, reverse, reflected, active,
apparent, operating, generating, discharge, dissociated, transferred, input, or dissi-
pated power and also their mean, min, and max values or terms like power density
without further explanation. Hence, dissipated power was used for consistency rea-
sons, because it is correlated to the inactivation efficacy according to the literature
(Gabriel et al., 2016; Govaert et al., 2019) and was more often reported than the other
variants e.g., discharge. It should be noted that in most of the studies, the power that
is dissipated to the plasma is the same for different working gas compositions, for in-
stance, Georgescu et al. (2017) pointed out that power dissipation in the plasma gas
was the same for different working gas compositions (Georgescu et al., 2017). How-
ever, Govaert et al. (2019) reported a disparity in the power that is dissipated to the
plasma when using different working gas compositions (Govaert et al., 2019).

The concept of dissipated power per plasma volume that is established in the current
study, although easily approximated for DBD devices using the dissipated power, elec-
trodes’ dimensions, and the distance between them, can be more challenging to apply
for other setups such as plasma jets, where the estimation of the plasma volume is
more complex to be approximated. According to most of the existing literature, the
power that is applied to the gas can predict the production of RONS. However, due
to inconsistencies in reporting and the difficulties of measuring the RONS, this corre-
lation could not be quantified in the current study. From our results, the dissipated
power per plasma volume seems to have an important effect on the decontamination
efficacy of NTP with the DBD setup.

The majority of studies in the literature report an increase in the decontamination ef-
ficacy of NTP through the increase in power density. However, there are a few studies
that determine a decrease in decontamination efficacy with increasing power, through
the decrease of ozone species, in favor of other species that are less effective (Bauer et
al., 2017; Pavlovich et al., 2013). These studies suggest that there should be a threshold
for maximum inactivation efficacy, however, this threshold is not consistent, so if it
exists it should be system and ambient conditions specific. Also, according to Wan et
al. (2021), the other ROS and RNS formed with higher voltage (and power) are more
efficient than ozone and it could be that strong electric fields could also be influencing
bacterial inactivation except for the RONS (Wan et al., 2021). Thus, the power den-
sity (dissipated power per plasma volume (W/cm3)) has been proposed in the current
study to be reported in the experiments related to NTP as a basis for comparison of
decontamination efficacy results.
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The modeling framework started from the simple approach of multiple linear regres-
sion and was compared to more complex approaches using machine learning. The
final modeling strategies are rather complex for the number of observations that are
available at the moment, but so are the parameters and the variability involved in NTP
inactivation. The linear regression with or without regularization showed a poor fit,
which could be mainly attributed to the high variance of the dataset, a significant
amount of which cannot be explained with a linear model using the predetermined
parameters. The elastic net regularization did not improve the obtained results, which
could be due to the limited parameters selected that were already determined from the
exploratory data analysis. XGBoost and random forests, followed by support vector
machines, showed higher 𝑅2 values on the test dataset when compared to artificial
neural networks. This aligns with existing literature which suggests that while deep
learning has achieved remarkable success in various fields such as image, audio, and
text processing, it often underperforms on small, tabular datasets (Grinsztajn et al.,
2022; Shwartz-Ziv and Armon, 2022).

Based on the exploratory data analysis, the frequency, the product temperature, the
dominant working gas, the type of cells, and the selective recovery medium (yes, no)
were excluded from the set of potential predictors, before the modeling steps. Our
results showed that dissipated power per plasma volume and matrix category, fol-
lowed by the microbial genus and the pH were the most important parameters affect-
ing decontamination efficacy. Regarding the effect of pH, higher pH values seemed to
increase the decontamination efficacy, which seemed contrary to what would be ex-
pected based on other technologies such as thermal treatment but given the mean pH
value of 6.8 of our dataset (Supplementary Table 2.3), both higher and lower pH values
would be expected to increase the decontamination efficacy. Also, the pH could par-
tially mask the effect of other correlated parameters for which there were not enough
data or variation to accurately separate them. For example, in one study included in
the database, the NaCl concentration changed along with the pH, and this adaptation
to osmotic stress and suboptimal pH before CAP treatment led to lower inactivation
efficacy (Smet et al., 2019). XGBoost showed some differences in this order, but these
four were still the most important parameters affecting decontamination efficacy, and
with the same direction, together with the sample area. However, the effect of the
sample area was condition-dependent according to XGBoost, and opposite than ex-
pected through multiple linear regression (i.e., higher sample area, higher decontami-
nation efficacy), so it was not considered in the list of the most important parameters
according to both models i.e., dissipated power per plasma volume and matrix cate-
gory, pH and the microbial genus. The pH and the microbial genus are ranked lower
than dissipated power per plasma volume and matrix category, because they were just
significant in the multiple linear regression model. The effect of the upper electrode
shape was not consistent for both models. The least correlated parameters accord-
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ing to both models were: peak-to-peak voltage, frequency, relative humidity, product
temperature, dominant working gas, type of cells (vegetative, biofilm), and selective
recovery medium (yes, no).

The unexplained variability of the quantitative models for DBD (Section 2.3) has to do
with multiple reasons. Some of this part has to do with the experimental bias included
in the original studies (Garre et al., 2023), and more importantly with unspecified prac-
tices of each research team and the specific goals of each study that are difficult to cap-
ture with meta-regression models. The specific goals that were not captured with the
current study are the generation cycle of the biofilms before treatment (from 1st to 5th
generation cycle), if the cells were grown before treatment in preculture, planktonic
or surface mode, different proportions of working gases (even though the dominant
gas was remaining the same) and the effect of dual-species presence in the matrix. Re-
garding the different salt concentrations that were used in some matrices, it should be
noted that for these cases the authors listed also different pH levels for the correspond-
ing cases i.e., pH 7.4 for 0% NaCl concentration, pH 6.5 for 2% NaCl concentration, and
pH 5.5 for 6% NaCl concentration. All the aforementioned parameters are expected to
be highly associated with the parameters that were already reported (microbial genus,
strain, growth stage, type of cells, working gas, pH). Although other parameters that
are assumed to affect the decontamination efficacy, i.e., flow rate, temperature, and
water activity (Anuntagool et al., 2023), were reported in our structural database, there
was not enough variation in our dataset to see their actual contribution. Useful pa-
rameters related to the solid surface properties (e.g., roughness, porosity) were not
reported in any of the studies included in our database, while information regarding
the protein and lipid profile and concentration was limited and difficult to compare
consistently. Thus, we expect that the establishment of guidelines regarding the cru-
cial parameters that should be reported in NTP microbial inactivation studies such
as the dissipated power per plasma volume, and other technical characteristics of the
setup used for the experiment as well as more detailed information about the product
intrinsic and extrinsic characteristics would improve the research quality and would
make comparisons more robust, while the implication of the produced results would
make the technology more applicable.

2.5 Conclusion

This study used active learning, for the first time in the field of food microbiology for
an efficient literature review and investigated the decontamination efficacy of NTP,
qualitatively for various setups and quantitatively for DBD. It established the concept
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of dissipated power per plasma volume as a valuable metric of microbial inactiva-
tion. Using conventional and machine learning approaches, it was shown that dissi-
pated power per plasma volume and matrix category, followed by the microbial genus
and the pH affect significantly the decontamination efficacy and explain a significant
amount of the variability. The machine learning framework that was established in
this study could be a valuable tool for future research.
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Supplementary Material

Supplementary Material A and Supplementary Material B are not reproduced below.
They remain available with the published article (DOI: 10.1016/j.ifset.2024.103773).

Supplementary Material C: The Lasso, Ridge and Elastic net regres-
sion approaches

The LASSO estimate minimizes the least-squares penalty with the 𝛼‖𝑤‖1, where 𝛼 is a
constant and the hyperparameter that controls the regularization penalty and ‖𝑤‖1 is
the ℓ1-norm of the coefficient vector 𝑤 of the model parameters (Equation S2.1). The
approach for the ridge is the same, with the same hyperparameter 𝛼 but with ‖𝑤‖2

2
instead, as the ℓ2-norm of the coefficient vector 𝑤 (Equation S2.2). LASSO can penalize
a parameter’s coefficient high enough and essentially reduce it to zero (exclusion).
With Ridge, this is not possible. The elastic net combines both approaches with ℓ1 and
ℓ2, i.e., 𝛼𝜌‖𝑤‖1 + 𝛼(1−𝜌)

2 ‖𝑤‖2
2, with two hyperparameters: 𝛼, as explained above, and

𝜌 which is a constant and the hyperparameter that controls the ratio between the two
penalties (Equation S2.3).

min
𝑤

( 1
2𝑛samples

‖𝑦 − 𝑋𝑤‖2
2 + 𝛼‖𝑤‖1) (S2.1)

min
𝑤

( 1
2𝑛samples

‖𝑦 − 𝑋𝑤‖2
2 + 𝛼‖𝑤‖2

2) (S2.2)

min
𝑤

( 1
2𝑛samples

‖𝑦 − 𝑋𝑤‖2
2 + 𝛼𝜌‖𝑤‖1 + 𝛼(1 − 𝜌)

2 ‖𝑤‖2
2) (S2.3)

where min
𝑤

is the minimization objective i.e., to find the coefficient vector 𝑤 (weight),
that minimizes the expression that follows, 1

2𝑛samples
is a scaling factor that uses the

number of samples (data points), ‖𝑦−𝑋𝑤‖2
2 represents the sum of the squared residual

errors i.e., the sum of the differences between the observed values (𝑦) and the values
fitted by the multiple linear model (𝑋) multiplied by the coefficient vector 𝑤, 𝛼 is
a hyperparameter that controls the regularization strength, ‖𝑤‖1 is the ℓ1-norm of
the coefficient vector 𝑤, ‖𝑤‖2

2 is the ℓ2-norm of the coefficient vector 𝑤, and 𝜌 is the
hyperparameter that controls the ratio between the two penalties.
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Supplementary Tables

Supplementary Table 2.1: Overview of the products per matrix category for all the studies col-
lected in the database (n = 519)

Matrix category Products

Solid food ham, bacon, beef, chicken, pork, frozen pork, red pepper, apple, cabbage, corn salad, cucumber, fig, let-
tuce, tomato, almond, hazelnuts, pine nuts, walnut, brown cooked rice, brown raw rice, mixed grains,
wheat grain, white cooked rice, allspice berries, allspice dried berries, black pepper, dried peppermint,
dried stinging nettle, red pepper powder, saffron, cheese, powder infant formula, flour

Liquid food apple juice, tomato juice, orange juice, coconut juice, sour cherry juice, milk, tiger nut milk
Solid medium gelatin brain heart infusion (BHI) with different salt concentrations, gelatin-solidified tryptic soy

broth (TSB) with different salt concentrations, agar, tryptic soy broth with yeast extract solidified with
xanthan gum

Liquid medium water with different salt concentrations, phosphate-buffered saline (PBS) suspensions, sorbitol sus-
pensions in various concentrations, BHI with different salt concentrations, TSB with different salt
concentrations, TSB with yeast extract, NaNO 3 suspensions

Abiotic surface dried BHI with different salt concentrations dried on polycarbonate, TSB with different salt con-
centrations dried on polycarbonate surface, egg shell, glass, low density polyethylene, paper, nylon,
polyethylene terephthalate, polyamide, gluconate surgical suture, polystyrene with or without back-
ground microbiota, polypropylene, sporestrips, stainless steel, textile surface

Supplementary Table 2.2: The overview of the products per matrix category for the studies used
for the quantitative analysis (n = 160)

Matrix category Products

Solid medium gelatin brain heart infusion (BHI) with different salt concentrations, gelatin tryptic soy broth (TSB)
with different salt concentrations, tryptic soy broth with yeast extract solidified with xanthan gum

Liquid medium BHI with different salt concentrations, TSB with different salt concentrations, TSB with yeast extract
Abiotic surface dried BHI with different salt concentrations dried on polycarbonate, TSB with different salt concen-

trations dried on polycarbonate surface, eggshell, glass, polystyrene with or without background
microbiota

Supplementary Table 2.3: The mean and the standard deviation of each significant numerical
variable, as used for scaling with Equation 2.3

Parameters Mean SD

Sample area (cm2) 16.9 5.06
Power density (W/cm3) 0.38 0.21
pH 6.8 0.57
Peak-to-peak voltage (kV) 7.5 3.30
Relative humidity (%) 49.2 7.27
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Supplementary Figures

Supplementary Figure 2.1: The power- and energy-related expressions heatmap using
Spearman’s rank correlation coefficients.
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Supplementary Figure 2.2: The numerical variables heatmap using Spearman’s
rank correlation coefficients. The empty cells indicate that there is not enough data
available for the corresponding pair of numerical variables in question.

Supplementary Figure 2.3: The paired scatterplot of frequency (kHz) and peak-to-
peak Voltage (kV) versus the log10D (log10 min).
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Supplementary Figure 2.4: The violin plot for the upper electrode shape using the
DBD setup.
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Abstract

Non-thermal plasma research has gained significant attention as a promising technol-
ogy for food-related decontamination. However, the lack of standardization in report-
ing key parameters restricts the applicability and reusability of results in this field.
To address this, the present study introduces a metadata schema (MDS) that stan-
dardizes critical parameters and provides operational details for non-thermal plasma
microbial inactivation in food-related applications. The metadata schema is imple-
mented as an extension to Plasma-MDS, a metadata schema for plasma science, and
aims to apply the FAIR (findable, accessible, interoperable, and reusable) data prin-
ciples to food-related applications. The framework highlights relevant parameters
related to the plasma source, the medium in which the plasma is ignited, the tar-
get (food- and microbial-related parameters) treated with the plasma, and the diag-
nostic methods used to investigate these properties. Concrete examples of accurate
metadata descriptions of all relevant parameter categories are provided in a human
and machine-readable format to simplify adoption and dissemination. The introduced
metadata schema strives to improve the comparability, reproducibility, and reuse of
non-thermal plasma research data for food-related applications, paving the way for
more generalizable insights to legal authorities and the food industry.
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3.1 Introduction

Non-thermal plasma is a partially ionized gas with a broad range of practical appli-
cations. It has received much attention in a wide variety of food-related applications
including microbial inactivation on food and food processing surfaces (Katsigiannis
et al., 2021) or their simulants, enzyme inactivation, seed germination, and physico-
chemical modifications of food products (Thirumdas et al., 2015). This is mainly due
to its gentle and mild character, low temperature, antimicrobial efficacy, integrability,
and upscaling possibilities in existing food processing chains (Laroque et al., 2022).
For microbial inactivation purposes, there are three main fields of research interest:
(i) the decontamination of food product surfaces (including spore inactivation); (ii)
the antimicrobial treatment of fresh products using plasma-treated water, and (iii) the
decontamination of abiotic surfaces such as packaging materials and food processing
surfaces, including the inactivation of biofilms (Misra et al., 2011; Scholtz et al., 2015).
This research interest led to the production of a vast amount of experimental data
related to non-thermal plasma microbial inactivation. However, in multiple research
articles published in the literature, various non-thermal plasma processing conditions
crucial for understanding the experimental setup are not indicated precisely (Ozen
and Singh, 2020). One explanation for this issue could be that many studies lack mul-
tidisciplinary teams with expertise in multiple scientific fields such as plasma physics,
chemistry, and microbiology.

The importance of well-reported scientific data and the resulting data quality has re-
ceived more attention in recent years (Keller et al., 2017; Pampoukis et al., 2024).
Frameworks for assessing data quality have become established, particularly in the
area of big data (Batini et al., 2015; Cichy and Rass, 2019). To improve reproducibil-
ity and replicability, standard research practices must be improved. In addition to
improving study design and data analysis, it is also important to provide relevant ex-
perimental details that are needed to increase transparency in research and therefore
reproducibility and reuse (National Academies of Sciences and Medicine, 2019). For
novel technologies, there can be challenges to accurate descriptions of the processing
conditions. For example, with Pulsed Electric Fields (PEF), inconsistencies in reporting
crucial parameters led to the establishment of guidelines by the International Society
for Electroporation-Based Technologies and Treatments (Raso et al., 2016).

Plasma classification remains challenging because by definition it is an inherently
broad term and multiple categorization methods for plasmas and their applications do
exist in the literature. Briefly, plasma can be categorized as thermal and non-thermal
based on the thermodynamic equilibrium status. The plasma is categorized as ther-
mal when the electron temperature matches the temperature of heavy particles in the
gas, while in non-thermal plasmas the temperature of electrons is significantly higher

53

3



Chapter 3

than the gas temperature (Liao et al., 2017; Scholtz et al., 2015). Non-thermal plasma
categorization is often based on the mode of treatment (direct, indirect), the type of
the device used for generating the plasma (e.g., dielectric barrier discharge (DBD)), the
voltage frequency to generate the plasma (e.g., microwave plasma source (MPS), radio-
frequency (RF)), the operating pressure level, and the discharge type (e.g., filamentary,
diffuse) (Franke et al., 2020; Pampoukis et al., 2024). These options are just an excerpt
as one type of device can be combined with a different one in the same setup, but also
the different power supplies and operating pressures can form new categories.

In recent years, efforts have been started to develop a scheme for the categorization
and structured description of plasma studies, including the adoption of the FAIR data
principles (Wilkinson et al., 2016) in plasma-related research. This has led to the
creation of the metadata schema for plasma (Plasma-MDS), which is an extension of
generic metadata schemata to cover all plasma applications (Franke et al., 2020). Ad-
ditionally, a data platform has been developed to serve as a repository for the stored
data (Leibniz Institute for Plasma Science and Technology, 2019).

In the current study, Plasma-MDS was tailored specifically to non-thermal plasma
decontamination data and metadata for food-related applications, covering (i) the de-
contamination of food product surfaces and their simulants (including spore inacti-
vation); (ii) the antimicrobial treatment of food products and their simulants using
plasma-treated liquids, and (iii) the decontamination of abiotic surfaces such as pack-
aging materials and food processing surfaces, including the inactivation of biofilms.
This extension includes recommendations for specific data and metadata descriptions
and examples of which processing, microbial, and food-related parameters are critical,
in a machine-readable format that adheres to the FAIR data principles. This aims at
helping researchers in the field to better describe the key parameters, making results in
the literature more comparable and reusable. Additionally, it forms the foundation for
providing more generalized insights into the feasibility and decontamination efficacy
of non-thermal plasmas for legal authorities and the food industry.

3.2 Current standards and missing gaps

The challenge to provide understandable, reproducible, and interoperable data of non-
thermal plasma sources, diagnostics (physical and chemical), and application proper-
ties is among the largest hurdles to improving the communication of scientific out-
comes and supporting the industry to implement non-thermal plasma into their value
chains. Recently, the standards needed for plasma sources and their process param-
eters, diagnostics, and properties have been discussed by Alves et al. (2023). Based
on the experience obtained at the Gaseous Electronics Conference (GEC) Reference
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Cell (GECRC) and the Cooperation in Science and Technology (COST) Jet, the authors
have recommended developing new standards which include best practices and avail-
able standards as well as new inventions to come to shared practices in reporting data
sets to enhance the exchange between researchers and industry, to increase the re-
producibility and reuse of experiments and models, to strengthen the transparency
of methods and data, and to increase the reliability of models and digital data. With
better alignment of scientists on reporting practices within the plasma physics com-
munity, the fundamental findings within research may be transferred more efficiently
to practice (Alves et al., 2023).

3.2.1 Standardization of parameters in plasma medicine

Nowadays, the use of non-thermal plasma at atmospheric pressure in medical ther-
apy is widely accepted and partly co-financed by health insurance companies. In
2022, the first guideline on the therapeutic use of cold physical plasma in the med-
ical field in Germany was published (Deutsche Gesellschaft für Mund-, Kiefer- und
Gesichtschirurgie (DGMKG), 2022). However, over 15 years ago, when research in the
field of plasma medicine began, the requirements from physical, chemical, and biolog-
ical points of view had not yet been defined (Oehmigen et al., 2011). Therefore, during
this time frame, the necessary knowledge and understanding of mechanisms of action
were investigated by researchers and physicians (Bernhardt et al., 2019). During this
time, physical properties like plasma temperature, UV radiation, and electromagnetic
fields were characterized, as well as the toxicological aspects of the plasma effluents for
patients and therapists, given that direct contact was the preferred application inmedi-
cal therapies. Additionally, the antimicrobial and in vitro / in vivo cell biological effects
and their mode of action were analyzed. Some of these investigation requirements re-
sulted in national standards like DIN SPEC 91315 (DIN SPEC 91315:2014-06 General
requirements for plasma sources in medicine: https://dx.doi.org/10.31030/2141389, ac-
cessed 29.07.2024) (Mann et al., 2016; Tiede et al., 2016). However, as the therapeutical
application of plasma in the field of plasma medicine is dependent on national guide-
lines, challenges in harmonization across different countries still exist.

3.2.2 The challenges of standardization in food-related applica-
tions

In the agricultural field, Waskow et al. (2022) attempted to standardize the reporting
of parameters for plasma treatment of seeds to aid reproducibility and comparison
between experiments. They developed a protocol organized into four main parts: (i)

55

3



Chapter 3

plasma device characteristics; (ii) seed pre-treatment; (iii) seed plasma treatment, and
(iv) seed post-treatment. For food-related applications, similar to the challenges in
plasma medicine, the different plasma sources and application modes make it neces-
sary to define specific requirements for describing the physical and chemical properties
of the non-thermal plasma itself as well as the treated target. Differences in applica-
tions for food processing involve the consensus of the carrier gas used, which is in
most cases atmospheric or compressed air, due to the acceptable consumable costs in
the food industry. Another unique aspect is the broad range of applicable tempera-
tures, from sub-zero temperatures (as low as -20 °C) to pasteurization temperatures
(up to +70 °C) depending on the application. Therefore, more plasma sources can be
used, including DBDs, jets, and microwave discharges (Laroque et al., 2022). Depend-
ing on the energy input, variations in reactive species within the gas composition
can be expected. In combination with humidity (originating from the food itself, pro-
cessing conditions, or intentionally added water) this results in a variety of reactive
species forming a bouquet of antimicrobial active components. These components
must be understood from a physicochemical and biochemical point of view to under-
stand their mode of action. Further, the impact of plasma treatment on the sensorial
aspects of foods, and the toxicological risks need to be assessed to ensure the safety of
the technology to the consumers and applicants. In non-thermal plasma applications
for food processing and for extending products’ shelf life, packaging is also a crucial
factor to consider, as the process can impact thematerial surface properties (Štěpánová
et al., 2021). The selected plasma parameters must be compatible with the materials
and surfaces used in the food industry, including the processing line and packaging
materials. This is particularly important for ready-to-eat food products, where the
packaging comes into direct contact with the food, which will not undergo further
processing before consumption. As most review articles and current guidelines for
non-thermal plasma applications in food processing do not provide consistent param-
eters and terminology for plasma sources, gases, and chemical / biological character-
izations, the comparability of the different processes is often lacking, which inhibits
the upscaling process and the successful transfer from lab to industry. Inconsistencies
in descriptions exist even for the same plasma sources or even for the “same” parame-
ters. A good example of this issue is the term power, where multiple expressions can
be found in the literature without being clear about what they represent and how they
were estimated, such as applied, forward, reverse, reflected, active, apparent, operat-
ing, generating, dissociated, transferred, input, or dissipated power (Pampoukis et al.,
2024). These inconsistencies undermine the general understanding of stakeholders,
potentially leading to less acceptance and realization / applicability within the indus-
try where conventional alternatives are still being used despite their disadvantages.
Following the example set by Raso et al. (2016) for PEF, where the key information
to be reported in microbial inactivation and PEF-assisted processing studies has been
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outlined, a similar approach was applied here for non-thermal plasma applications to
improve the comparability of results.

Therefore, this study introduces recommendations and a practical scheme extending
Plasma-MDS for standardized documentation of data and metadata that should ac-
company non-thermal plasma decontamination research in food-related applications.
It is worth noting that this also contributes to the implementation of the FAIR data
principles in this field of research and development, which is an urgent challenge in
many areas. Moreover, explanations and examples are provided through a case study
simulation to support the use and dissemination of the suggested metadata schema.

3.3 A metadata schema for food-related applications

3.3.1 Extension of Plasma-MDS

In order to extend Plasma-MDS for the description of plasma research studies re-
lated to decontamination and food-related applications, the scheme presented in Fig-
ure 3.1 and detailed in Table 3.1, Table 3.2, Table 3.3, Table 3.4, Table 3.5, and Ta-
ble 3.6 was developed. Based on this metadata schema, benchmarking examples were
also developed, as presented in Table 3.7, Table 3.8, Table 3.9, and Table 3.10. These
should assist researchers in selecting the critical parameters along with their meta-
data. Plasma-MDS consists of five main schema elements that should be reported in
plasma studies if applicable, namely, (i) “Source” (information about the plasma source,
i.e., the device used to generate the plasma); (ii) “Medium” (information about the
medium in which the plasma is generated); (iii) “Target” (information about the target
treated with the plasma); (iv) “Diagnostics” (information on the diagnostic methods
and instruments used to investigate plasma, medium or target properties); and (v)
“Resource” (information about the file and data types of the research data belonging
to the plasma study) (Franke et al., 2020). The suggested metadata schema (Figure 3.1)
for food-related applications of non-thermal plasmas specifically extends the “Proper-
ties” and “Procedure” attributes of the schema elements “Source”, “Medium”, “Target”,
and “Diagnostics”, while “Resource” remains unchanged since it applies to all meta-
data documents. Further attributes of the main schema elements, i.e., “source.name”,
“source.application”, “source.specification”, “medium.name”, “target.name”, and “diag-
nostics.name” also remain unchanged and should be used as intended for general nam-
ing and categorization of the data. While for the sake of generality, Plasma-MDS does
not further specify the attributes “Properties” and “Procedure” for the different schema
elements and considers them free text fields, the metadata schema proposed here spec-
ifies and structures the information for the dedicated application field. “Properties”
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should include specific information and measurable parameters and “Procedure” de-
fines the steps involved, such as those required to stabilize the plasma.

Figure 3.1 summarizes all relevant categories of parameters that affect the decontami-
nation efficacy of non-thermal plasmas as an extension to the core elements of Plasma-
MDS for food-related applications. Those parameters are organized into four levels,
which cover the source (i) used in the process, the medium (ii) used for the process,
the target (iii) of the process, and possible diagnostics (iv) to mirror the process. The
extended metadata schema for all parameters is also publicly available in a machine-
readable JSON-schema format (Pampoukis, 2025). The JSON-schema representation
was developed using Adamant: a JSON schema-based metadata editor, allowing the
user-friendly collection of standardizedmetadata in accordance with the given schema
(Chaerony Siffa et al., 2022).

Figure 3.1: Extension of the Plasma-MDS core schema elements (solid color) with categories of pa-
rameters that are critical in food-related plasma decontamination applications.

3.3.2 Plasma source-related parameters

Examples of plasma sources, which are about to enter the field of food processing
or agriculture are summarized in various reviews (Birania et al., 2022; Keener et al.,
2012; Laroque et al., 2022; Misra et al., 2016; Rajan et al., 2023; Thirumdas et al., 2015).
For instance, Misra et al. (2019) reviewed devices for plasma generation inside sealed
packages. In general, DBD is the most frequent setup in food-related applications (Asl
et al., 2022; Liao et al., 2017; Pampoukis et al., 2024). That being said, DBD is not al-
ways ideal for food applications particularly those involving matrices with complex
3D shapes. These shapes are difficult to position between two electrodes that require
a relatively short distance for effective plasma generation. In these cases, an indirect
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mode of treatment using plasma-processed gases or plasma-treated liquids, or alterna-
tive plasma sources such as plasma jets, or corona discharges may be more suitable.

Plasma source-related parameters are critical in all non-thermal plasma applications
and can significantly affect the decontamination efficacy. Additionally, several plasma
source properties can serve as substitutes for plasma diagnostics in some applications,
as the latter are often complex and difficult to obtain. Specifically, the dissipated power
and the estimated dimensions of the generated plasma (e.g., based on the source ge-
ometry settings) were used in previous research as an indirect method for summariz-
ing the plasma process intensity for microbial inactivation experiments in the food
domain (Pampoukis et al., 2024). Table 3.1 presents the relevant plasma source pa-
rameters that are critical in food-related applications. The main properties include
the geometry settings, the power supply settings, and the source settings. Source ge-
ometry can define the volume and the composition of the generated plasma and thus
its decontamination efficacy. Additionally, electrode materials can also play a role, as
seen in DBD plasma sources (Ragni et al., 2016). The power supply specifications are
important because as mentioned in Section 3.1, different plasma categories can be de-
fined based on them such as RF and MPS, and the chosen settings can lead to different
reactive oxygen and nitrogen species in the plasma medium. In addition, non-thermal
plasma processes can be categorized based on the operating pressure: (i) low-pressure
(≤103 Pa); (ii) medium-pressure (103 to 105 Pa); (iii) atmospheric-pressure (≈105 Pa),
and (iv) high-pressure (≥105 Pa), as considered by the “source.specification” attribute
of Plasma-MDS. Among these, atmospheric-pressure plasma processes are the most
interesting for industrial applications, including food processing, because they do not
need any complex vacuum techniques and they are frequently able to ignite plasma in
ambient air.

Table 3.1: Minimal set of plasma source-related parameters that are critical in non-thermal plasma
research for decontamination purposes

Id Field name Description Field type

1.1.1 Geometry settings Object including all attributes defining the configu-
ration of the plasma setup such as the type of plasma
device used (e.g., DBD, plasma jet, corona discharge,
etc.), its physical shape, structure, dimensions, and
materials.

Object

1.1.1.1 Geometry description Free text description of the source geometry and materi-
als.

String

1.1.2 Power supply settings Object including all attributes defining the electrical
power supply used in plasma generation.

Object

1.1.2.1 Power supply [AC, DC] The electrical power used to generate the plasma. Enumerated list
1.1.2.2 Waveform [sinusoidal, square,

ramp, pulse, arbitrary]
The shape of the electrical signal. Enumerated list

1.1.2.3 Input power [W] Total power supplied to the plasma system. Number
1.1.2.4 Peak-to-peak discharge voltage

[kV]
The voltage difference between the highest and lowest
points of the discharge.

Number
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Id Field name Description Field type

1.1.2.5 Frequency [kHz] Frequency of the electrical discharge. Number
1.1.3 Source settings Object including all attributes of the plasma source used

to generate the desired plasma.
Object

1.1.3.1 Discharge current [A] Current passing through the plasma discharge. Number
1.1.3.2 Dissipated power [W] Power actually used by the plasma discharge, excluding

losses.
Number

1.1.3.3 Specific energy input [J/cm3] Energy supplied per unit volume of the treated medium. Number
1.2.1 Standardization procedures Object including all attributes defining how the plasma

source is standardized to ensure consistency across
experimental runs.

Object

1.2.1.1 Waiting time [min] The time needed to reach a stable plasma state before
starting the treatment.

Number

Note: Bold rows denote parent categories; regular rows denote subordinate fields within those cate-
gories.

Not only the specifications and the corresponding categorization of the plasma source
are important, but also the chosen experimental settings (properties). The power sup-
ply settings that can affect the plasma decontamination efficacy, and are therefore crit-
ical, include input power (Song et al., 2015), peak-to-peak discharge voltage (Govaert
et al., 2019), and frequency (Stulić et al., 2021). The source settings that can affect the
plasma decontamination efficacy include the discharge current, the dissipated power
(the power that goes to plasma generation) (Bauer et al., 2017), and the specific energy
input (combination of the dissipated power, time, and volume of the plasma gas).

When it comes to plasma source procedures, the standardization procedures, and es-
pecially the waiting time required to achieve a stable plasma, are a critical factor for
ensuring comparability between experiments conducted across different laboratories,
especially in cases where no plasma diagnostic procedures are implemented.

Where applicable, the parameters reported in Table 3.1 should also be accompanied
by a description of the method used for their estimation in terms of diagnostics (see
Section 3.3.5 below) to make the parameters of different research studies transparent
and traceable.

3.3.3 Plasma medium-related parameters

The medium of the process transports the active compounds generated by the source
to the site of action (target). Table 3.2 presents the relevant plasma medium-related
parameters that are critical in food-related applications. The measurable properties
of the plasma medium include gas properties, precursor properties, and liquid proper-
ties (only relevant for plasma-treated liquids). Regarding gas properties, the pressure
level can affect the decontamination efficacy, especially in low-pressure applications
(Tanino et al., 2020). Plasma can be generated in a static gas environment (enclosed
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reactor, no gas flow), where the plasma volume is defined by the reactor’s size, or in a
continuous mode, where the gas flows at a predetermined rate. The flow rate is criti-
cal since it affects the gas residence time, which in turn affects the plasma chemistry
(Waskow et al., 2022). The temperature of the gas during plasma operation can also be
important, especially if it affects the target’s temperature. Additionally, temperature,
carrier gas composition, and humidity can all affect the concentration of reactive oxy-
gen and nitrogen species generated in the plasma gas. Moving to the precursor prop-
erties, the addition of precursors can create different plasma processes, with the extent
of variation dependent on the carrier gas and the amount of added compounds or pre-
cursors. For example, Saremnezhad et al. (2021) observed variations in the efficacy of
non-thermal plasma in reducing food allergens and mycotoxins depending on changes
in the plasma medium. For decontamination purposes, Majumdar et al. (2009), Her-
twig et al. (2017), and Patil et al. (2014) are only a few of the studies that evaluated the
effect of the plasma medium (carrier gas) on the decontamination efficacy. Moreover,
the influence of added compounds or precursors on a plasma process can be adjusted
to achieve the desired target reaction. Numerous studies, for instance, have examined
the role of inducer gases with varying oxygen levels, while many contemporary stud-
ies continue to employ helium or argon to achieve desired plasma properties (Cullen
et al., 2018; Kim et al., 2017; Moritz et al., 2017).

Table 3.2: Minimal set of plasma medium-related parameters that are critical in non-thermal
plasma research for decontamination purposes

Id Field name Description Field type

2.1.1 Gas properties Object including all attributes defining the carrier gas. Object
2.1.1.1 Gas description Free text description of the carrier gas. String
2.1.1.2 Pressure [Pa] Pressure of the carrier gas during plasma operation. Number
2.1.1.3 Flow rate [L/min] The rate at which the gas is supplied to the plasma source. Number
2.1.1.4 Carrier gas composition The type and composition of the gas mixture used in the

plasma (e.g., 90% N2, 10% O2).
String

2.1.1.5 Purity [%] Purity level of the gases used (e.g., 99.99% purity). Number
2.1.1.6 Temperature [°C] Temperature of the gas during plasma operation. Number
2.1.1.7 Humidity [% RH] Relative humidity level of the plasma medium. Number
2.1.2 Precursor properties (where

applicable)
Object including all attributes defining the presence
of any precursors or added compounds in the plasma
medium.

Object

2.1.2.1 Precursor description Free text description of the precursor added in the carrier
gas.

String

2.1.2.2 Amount of precursor added to
the medium [ml or g]

Quantity of the precursor added to the plasma medium. Number

2.1.3 Liquid properties (where appli-
cable)

Object including all attributes defining the plasma-
treated liquid.

Object

2.1.3.1 Liquid description Free text description of the liquid being treated by the
plasma.

String

2.1.3.2 Volume [L] The volume of the liquid being treated. Number
2.1.3.3 Distance [cm] The distance between the plasma source and the liquid

surface.
Number
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Id Field name Description Field type

2.1.3.4 Stirring [yes, no] Indicates whether the liquid was stirred during plasma
treatment.

Enumerated list

2.1.3.5 pH The pH level of the liquid before and after treatment. Number
2.1.3.6 Oxidation-reduction potential

[mV]
The oxidation-reduction potential of the liquid. Number

2.1.3.7 Minimum conductivity [S/m] The minimum electrical conductivity needed for plasma
ignition.

Number

2.1.3.8 Conductivity [S/m] The electrical conductivity of the liquid. Number
2.1.3.9 Treatment time [min] The duration for which the plasma source was applied

to treat the liquid, creating a plasma-treated liquid (PTL)
intended for subsequent decontamination purposes.

Number

2.1.3.10 Reactive oxygen and nitrogen
species

Free text description of the reactive oxygen and nitrogen
species measured in the plasma liquid (e.g., hydroxyl
radical, hydrogen peroxide, nitric oxide, nitrite, nitrate).

String

2.1.3.11 Temperature [°C] The temperature of the liquid during plasma treatment. Number
2.2.1 Medium treatment Object including all attributes defining the plasma

medium.
Object

2.2.1.1 Medium modification (where
applicable)

The way the medium was modified before the plasma
generation (e.g., humidification of the carrier gas).

String

2.2.1.2 Medium treatment time (where
applicable) [min]

The treatment time in which the medium (gas, liquid, or
both) is treated by a plasma source that will then be used
to treat a target. Only applicable in the indirect mode of
treatment.

Number

Note: Bold rows denote parent categories; regular rows denote subordinate fields within those cate-
gories.

In cases where a plasma-treated liquid is used as the medium for decontamination,
the properties of the plasma-treated liquid must also be described in addition to the
previously mentioned parameters. These properties include the liquid’s composition,
volume, distance from the plasma source, stirring conditions, pH, oxidation-reduction
potential (ORP), minimum conductivity to ignite the plasma, conductivity, treatment
time, reactive oxygen and nitrogen species (RONS), and temperature. These parame-
ters are crucial since they can determine the antimicrobial compounds present in the
liquid and therefore its decontamination efficacy (Weihe et al., 2023; Zhao et al., 2020).
In addition to these parameters, it is essential to report the actual volume of the plasma
medium that was used to treat the target.

As for the plasma medium procedures, the medium treatment consists of two main
attributes: (i) medium modification, and (ii) medium treatment time. As discussed
in Section 3.2.2, but also in other studies (Georgescu et al., 2017; Patil et al., 2014),
medium modification, such as humidification procedures, can result in a variety of
different reactive species, and therefore it is crucial to be described. The medium
treatment time applies to indirect plasma applications, such as plasma-processed gas
or plasma-treated liquid. It refers to the duration during which the plasma source
treats the medium (gas, liquid, or both). For these applications, this is distinct from
the target treatment time, which refers to the duration the treated medium is applied
to the target.

62

3



Chapter 3

3.3.4 Plasma target-related parameters

The target treated with plasma is the focus of any application whether it is a food prod-
uct, packaging material, food processing surface, or a simulant of these. As mentioned
in Section 3.3.3, plasma-processed gases or plasma-treated liquids are considered part
of the plasma medium (and not of the target), as they are used to treat a target in an
indirect mode of treatment. Table 3.3 presents the relevant plasma target-related pa-
rameters that are critical in food-related applications. In addition to specific food- and
microbial-related parameters which will be discussed in detail in the following section,
other important properties applicable to all food-related matrices include the distance
between the plasma source and the target surface and the surface temperature during
treatment.

Table 3.3: Minimal set of plasma target-related parameters that are critical in non-thermal plasma
research for decontamination purposes

Id Field name Description Field type

3.1.1 Food-related parame-
ters

Object including all attributes defining the food matrix, the pack-
aging material, or the food processing surface being treated.

Object

3.1.1.1 Matrix description Free text description of the matrix being treated. String
3.1.1.2 Distance to surface

[cm]
The distance from the plasma source to the target surface. Number

3.1.1.3 Surface temperature
[∘C]

The temperature of the target surface during plasma treatment. Number

3.1.2 Microbial-related
parameters

Object including all attributes defining the microbial properties of
the target.

Object

3.2.1 Target treatment Object including all attributes defining the methodology followed
to treat the target.

Object

3.2.1.1 Mode of treatment
[direct, indirect]

Specifies whether the plasma treatment was applied to the target in
direct (UV / vacuum ultraviolet (VUV) irradiation, plasma particles)
or indirect (plasma-processed gas / plasma-treated liquid) way.

Enumerated list

3.2.1.2 Spatial location rel-
ative to the plasma
source

Free text description of the spatial position of the target with respect
to the electrodes or the plasma source geometry (how the target
is exposed to the plasma medium (UV / VUV irradiation, plasma
particles, plasma-processed gas / plasma-treated liquid)).

String

3.2.1.3 Target treatment time
[min]

The duration for which the plasma medium was applied to the target
matrix. For direct treatments the medium treatment time and the
target treatment time match.

Number

Note: Bold rows denote parent categories; regular rows denote subordinate fields within those cate-
gories.

As for the plasma target procedures, the target treatment consists of three main at-
tributes: (i) themode of treatment, (ii) the spatial location relative to the plasma source,
and (iii) the target treatment time. Regarding the first attribute, the mode of treatment
is considered a plasma target-related parameter because it defines how the plasma
source is acting on the target (Franke et al., 2020). In this aspect, two main categories
can be formed, i.e., (i) direct (including direct and semi-direct), and (ii) indirect treat-
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ment. In direct treatments, plasma is in direct contact with the substrate, and the
interaction is based on irradiation (UV, VUV), charged molecules, radicals, and reac-
tive species. In semi-direct treatments, the distance between plasma and substrate is
larger, and therefore, only irradiation, long-lived radicals, and metastable inhibitory
substances reach the target. In this case, the antimicrobial effect is due to irradiation,
long-lived radicals as well as metastable and inhibitory substances, but no interac-
tions with charged particles take place (Schlüter et al., 2013). In the food industry and
agriculture, products with a resistant matrix are predominantly treated with a direct
treatment. Numerous studies have used direct treatment to decontaminate various
products including black peppercorn (Mošovská et al., 2018), fresh vegetables, fruits,
nuts, powdered food samples (Han et al., 2020), and sliced cheese (Huang et al., 2020).
Additionally, direct treatment has been applied to decontaminate food processing sur-
faces (Alessandria et al., 2019; Tanino et al., 2005). However, direct treatments are
predominantly surface treatments that can be applied for treatment goals without any
vulnerable surface. Indirect treatments can be applied through irradiation with UV
and VUV (where applicable) light (e.g., UV lamps) where plasma is enclosed in a UV
/ VUV-transparent reactor without any interaction with plasma particles or by using
previously generated plasma to process a gas or treat a liquid (Schlüter et al., 2013).
The decision between direct and indirect treatment is mainly based on the desired goal
and the matrix properties (including geometry) of the target. Vulnerable products are
better treated with an indirect plasma-based method, whereas more resistant products
with regular surfaces can also be subjected to direct treatment. Schnabel et al. (2012)
described the differences between direct and indirect treatment of food products for
decontamination purposes. Indirect treatments are regularly applied for treatment
goals with vulnerable surfaces that may change color, texture, or taste. Whichever
process type, direct or indirect, is chosen, the effect of such a process is always real-
ized by the chemical components that are generated by an ignited plasma. In contrast
to direct treatment, in which the plasma-produced reactive compounds directly act on
the treatment target, the reactive compounds used in indirect treatments do not act at
their production site. Consequently, processes designed upon indirect plasma treat-
ments need a carrier for the reactive compounds such as RONS. This carrier can be
either a plasma-processed gas (PPG) or a plasma-treated liquid (PTL), as explained in
Section 3.3.3. Among gases, plasma-processed air (PPA) is themost extensively studied
category in recent literature, while among liquids, plasma-treated water (PTW) also
referred to as plasma-activated water (PAW) or plasma-functionalized water (PFW)
is the primary focus. For instance, PTW can be used to improve the microbiological
safety of fresh-cut produce (mainly leafy greens) (Gülenç et al., 2024; Laurita et al.,
2021; Schnabel et al., 2021a). Indirect treatments offer the possibility of mild plasma
treatments for vulnerable treatment goals like food products or other sensitive goods.
Additionally, indirect treatments are realized on the laboratory scale for water treat-

64

3



Chapter 3

ments (Piskarev and Ivanova, 2021). It should be noted that in most cases indirect
treatments involve additional parameters to be described, for example, the plasma-
treated liquid parameters (Table 3.2). Also, the description of the design of the setup,
the definition of the distance of the plasma source, and how plasma is transferred to
the target are often more challenging. Clearly defining the spatial location of the tar-
get relative to the plasma source is essential for both direct and indirect treatments,
as it impacts the treatment uniformity due to variations in plasma source geometry.
Additionally, this spatial relationship complements the mode of treatment as it helps
clarify whether the target is exposed to UV / VUV irradiation, plasma particles, re-
active species within the plasma effluent, or a combination of these factors. The last
attribute of the plasma target procedures refers to the target treatment time because
as with all processing technologies, the treatment time of the target is essential for
determining the decontamination efficacy.

3.3.4.1 Food-related parameters

Based on the target matrix, important parameters or prerequisites and restrictions
may enter the process design. Product properties such as the structure (Muhammad
et al., 2018), vulnerable ingredients (Dharini et al., 2023; Gavahian et al., 2018), or the
water content (Shanker et al., 2023) may play a crucial role in the process design since
they may alter the whole process chemistry. In Table 3.4, there is a summary of the
food-related parameters that can affect the decontamination efficacy of non-thermal
plasma.

Table 3.4: Minimal set of food-related parameters that are critical in non-thermal plasma research
for decontamination purposes

Treatment matrix Parameters

Abiotic surface - Surface material
- Surface metrology [roughness, waviness in cm]
- Dimensions [e.g., L x W x H or radius, in cm]

Liquid medium - Type
- Volume [L]
- Salt content [% w/v] or aw
- Viscosity [Pa⋅s]
- Reflection index [∘Brix]
- Conductivity [S/m]
- Oxidation-reduction potential [mV]
- pH
- (Commercial brand)
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Treatment matrix Parameters

Solid medium - Type
- Weight [g]
- Medium shape
- Dimensions [e.g., L x W x H or radius, in cm]
- Treated surface area [cm2]
- Contact angle (where applicable) [∘]
- Salt content [% w/v] or aw
- pH
- (Commercial brand)

Liquid food - Volume [L]
- Salt content [% w/v] or aw
- Viscosity [Pa⋅s]
- Reflection index [∘Brix]
- Conductivity [S/m]
- Oxidation-reduction potential [mV]
- pH
- Fat percentage [%]
- Protein content [%]
- Density [kg/m3]

Solid food - Weight [g]
- Food shape
- Dimensions [e.g., L x W x H or radius in cm]
- Treated surface area [cm2]
- Contact angle (where applicable) [∘]
- Salt content [% w/v] or aw
- pH
- Fat percentage [%]
- Protein content [%]

It should be noted for clarification purposes that an abiotic surface is different from
the other treatment matrices due to the condition of being dry. The surface material
(Table 3.4) refers to the part of the abiotic surface that is contaminated with microor-
ganisms and treated with non-thermal plasma. If more than one material constitutes
the abiotic surface then all of them should be described. The matrix category of solid
/ liquid medium corresponds to those experimental setups where the microorganism
is inoculated to a growth medium, a buffer, or water and then treated directly with
non-thermal plasma. Solid medium is the category that covers all the experiments
conducted in growth media contaminated with microorganisms, either inoculated and
mixed before solidification or inoculated as a drop, a spread, a stamp, or a spray after
the medium has solidified. In contrast, the liquid medium is the equivalent of an abi-
otic surface but when treated in a wet mode (e.g., as a droplet on an abiotic surface),
and can correspond to a growth medium (e.g., brain heart infusion), or water (e.g., dis-
tilled or saline). Additionally, the shape of a solid matrix (food or medium), is critical,
as the dimensions can be used to estimate the treated area during a plasma process.
This aspect is particularly important for direct plasma experiments, where treatment
predominantly occurs at the surface. Lastly, for some of the parameters mentioned,
it needs to be clear where they were measured (location in the product or the pro-
cessing environment) and if they were measured before, after treatment, or both (e.g.,
temperature, conductivity, pH).

66

3



Chapter 3

3.3.4.2 Microbial-related parameters

In Table 3.5, there is a summary of the relevant microbial-related parameters that can
affect the decontamination efficacy of non-thermal plasma. These parameters relate
to how the microorganism of interest was cultured and inoculated in the matrix be-
fore plasma treatment. The importance of these parameters has been demonstrated
across various non-thermal processing technologies such as pulsed electric fields (PEF)
(Lytras et al., 2024b; Raso et al., 2016; Thamsuaidee et al., 2024), high-pressure pro-
cessing (HPP) (Serra-Castelló et al., 2021; Tsagkaropoulou and Karatzas, 2024), and
non-thermal plasma (Battaggia et al., 2024).

Table 3.5: Minimal set of microbial-related parameters that are critical in non-thermal plasma
research for decontamination purposes

Microbial forms Parameters

Vegetative bacteria - Genus
- Species
- Serotype
- Single- or multi-culture
- Strain [ATCC / DSM / NCTC No, or equivalent]
- Growth medium before and after treatment
- Incubation time before and after treatment [h]
- Incubation temperature [∘C]
- Growth stage [exponential, stationary]
- Mode of inoculation [spraying, spotting, spreading, stamping, mixing]
- Inoculation procedure
- Microbial counts before and after treatment [log10 CFU/(mL, or cm2, or g)]
- Enumeration / quantification procedure

Bacterial cells / spores in biofilms - Biofilm age [days]
- Biofilm formation protocol
- Sporulation protocol
- All parameters from “Vegetative bacteria”

Yeasts and molds - Ascospores or endospores [molds]
- All parameters from “Vegetative bacteria”

3.3.5 Plasma diagnostics

In food-related applications of plasma decontamination, diagnostics usually refer to
the processes that take place to monitor plasma generation and stability throughout
processing. Table 3.6 presents the relevant plasma diagnostics parameters that should
be described in food-related applications. The main properties include the diagnos-
tic settings and the environmental parameters, whereas the important procedures in-
volved are the diagnostic methodology and the data processing procedures.
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Table 3.6: Minimal set of parameters that should be described in plasma diagnostics procedures
taking place in non-thermal plasma research for decontamination purposes

Id Field name Description Field type

4.1.1 Diagnostic settings Object including all attributes defining the diagnostic method
used to assess plasma source-, medium-, or target-related proper-
ties.

Object

4.1.1.1 Setting description Free text description of the diagnostic settings (e.g., spectroscopy
settings, sensor calibration).

String

4.1.2 Environmental parameters Object including all attributes defining the conditions in the
measurement chamber during diagnostics (e.g., humidity, tem-
perature, pressure).

Object

4.1.2.1 Temperature [∘C] The temperature of the processing environment. Number
4.1.2.2 Humidity [% RH] Relative humidity of the processing environment. Number
4.1.2.3 Pressure [Pa] The pressure of the processing environment. Number
4.2.1 Diagnostic methodology Object including all attributes defining the experimental setup of

the diagnostic procedures implemented, such as location, targets,
and quantification methods.

Object

4.2.1.1 Methodology description Free text description of the experimental setup of the diagnostic
procedures.

String

4.2.1.2 Location of the diagnostic
application

The specific location where the diagnostic method was applied
(e.g., on the plasma source, in the plasma medium, on the target).

String

4.2.1.3 Targets of qualitative /
quantitative analysis

The specific components being analyzed (e.g., reactive species,
target surface properties).

String

4.2.1.4 Quantification method The technique used for the quantification of the analytes (e.g., sim-
ulation with online databases, calibration curves using standards,
machine built-in library, sensor direct output). For direct outputs,
the limit of detection (LOD) should be provided.

String

4.2.2 Data processing Object including all attributes defining how raw data were pro-
cessed and analyzed.

Object

4.2.2.1 Data processing description Free text description of the data processing and analysis procedures
(e.g., spectral deconvolution, data smoothing, software used for
data interpretation).

String

Note: Bold rows denote parent categories; regular rows denote subordinate fields within those cate-
gories.

The most representative application of plasma diagnostics involves processes used to
monitor the generation of reactive species. In this respect, the key information on
reactive oxygen and nitrogen species (RONS) in the plasma gas should be provided
not only in relative terms but also as absolute values with clear metric units. Spectro-
graphs, though commonly reported in the literature, are often challenging to compare
across studies due to their qualitative nature. Therefore, they should be accompanied
by detailed metadata, including the conditions and devices used for sample analysis,
as well as the raw data used to create the corresponding graphs. Additionally, the
methodology used to identify the reactive species (including the analytical method,
specific species measured, and location in the product or the processing environment)
as well as environmental conditions (humidity, temperature, pressure) must also be
documented.
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3.4 Examples of data descriptions

To make the schema-based collection of the parameters more accessible to the reader,
the aforementioned metadata schema was used to generate a complete, hypotheti-
cal non-thermal plasma case study. This case study includes tables for the elements of
Plasma-MDS and the corresponding parameters. The scenario involves the decontam-
ination of black peppercorns contaminated with Salmonella (plasma target), treated
with a DBD device (plasma source) in a direct mode of treatment using ambient air
(plasma medium). Plasma diagnostics were also simulated to assess the RONS in the
plasma gas. This case study is summarized in the tables below and is also made pub-
licly available in a machine-readable JSON format, generated by completing only the
relevant fields of the metadata schema for this example (Pampoukis, 2025). Again, the
“Adamant” tool was used to facilitate this task (Chaerony Siffa et al., 2022).

3.4.1 Plasma source- and plasma medium-related parameters

In Table 3.7, an example of plasma source- and plasma medium-related parameters is
presented. For this example, a DBD devicewas simulated, but the same approach could
be applied to generate equivalent tables for other plasma sources and devices. Some
parameters from Figure 3.1 for the plasma medium were not reported in Table 3.7 (i.e.,
precursor properties, liquid properties, medium treatment) as they were irrelevant to
this scenario (see also: Table 3.2). If the plasma medium was a plasma-treated liquid
(e.g., water), then its properties would also need to be reported (Table 3.2).

Table 3.7: An example of accurately describing the plasma source- and plasma medium-related
parameters of non-thermal plasma using a DBD device

Id Field name Value

1.1.1 Geometry settings
1.1.1.1 Geometry description DBD plasma reactor treats the sample between two circular electrodes;

a circular dielectric barrier covers the upper electrode. The diameter of
the electrodes, as well as the diameter and thickness of the dielectric
barrier, were measured.

1.1.1.2 Upper electrode diameter [cm] 5.5
1.1.1.3 Ground electrode diameter [cm] 5.5
1.1.1.4 Dielectric barrier diameter [cm] 7.5
1.1.1.5 Dielectric barrier thickness [cm] 0.1
1.1.1.6 Electrode distance [cm] 0.8
1.1.1.7 Upper electrode material Stainless steel
1.1.1.8 Ground electrode material Stainless steel
1.1.1.9 Dielectric material Glass
1.1.2 Power supply settings
1.1.2.1 Power supply AC
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Id Field name Value

1.1.2.2 Waveform sinusoidal
1.1.2.3 Input power [W] 30
1.1.2.4 Peak-to-peak discharge voltage

[kV]
9

1.1.2.5 Frequency [kHz] 9
1.1.3 Source settings
1.1.3.1 Discharge current [A] 0.01
1.1.3.2 Dissipated power [W] 25
1.1.3.3 Specific energy input [J/cm3] 300
1.2.1 Standardization procedures
1.2.1.1 Waiting time [min] 5
2.1.1 Gas properties
2.1.1.1 Gas description The plasma medium (gas) was ambient air without any further treat-

ment or precursors.
2.1.1.2 Pressure [Pa] 1.01 × 105

2.1.1.3 Flow rate [L/min] 4
2.1.1.4 Carrier gas composition NA
2.1.1.5 Purity [%] NA
2.1.1.6 Temperature [∘C] 35
2.1.1.7 Humidity [% RH] 40

Note: Bold rows denote parent categories; regular rows denote subordinate fields within those cate-
gories.

3.4.2 Plasma target-related parameters

3.4.2.1 Food-related parameters

In Table 3.8, the matrix (solid food)-related parameters and the target treatment pro-
cedures are presented, as sub-schemes of the plasma target-related parameters. In this
example, a solid food matrix (black peppercorn) that is treated in a direct mode of
treatment was simulated, but the table could also be adapted to describe the informa-
tion of other matrices, for example, an abiotic surface such as a packaging material
or a food processing surface (Table 3.4). The “distance to surface” was reported as
“NA” (not applicable) because of the direct treatment scenario where the product is
placed between the two electrodes. Also, the treated surface was not quantified in this
example due to the complexity of the food product (multiple spheres being treated si-
multaneously) which would require further diagnostics for precise assessment. This
highlights the flexibility of the presented metadata schema, allowing adaptation based
on the resources available in each laboratory.
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Table 3.8: An example of accurately describing the food-related parameters and the target treat-
ment procedures (plasma target-related parameters) in non-thermal plasma decontami-
nation studies

Id Field name Value

3.1.1 Food-related parameters
3.1.1.1 Matrix description The target matrix was black peppercorns bought from a local supermar-

ket and sterilized before treatment.
3.1.1.2 Distance to surface [cm] NA
3.1.1.3 Surface temperature [∘C] 30
3.1.1.4 Weight [g] 5
3.1.1.5 Food shape spherical
3.1.1.6 Dimensions [cm] ~0.5 diameter
3.1.1.7 Treated surface area [cm2] NA
3.1.1.8 𝑎𝑤 0.6
3.1.1.9 pH 5.5
3.1.1.10 Fat percentage [%] 3
3.1.1.11 Protein content [%] 10
3.2.1 Target treatment
3.2.1.1 Mode of treatment [direct, indi-

rect]
direct

3.2.1.2 Spatial location relative to the
plasma source

The peppercorns were placed directly between the two electrodes of
the DBD device. The product was exposed simultaneously to plasma-
generated reactive species, charged particles, and UV irradiation emitted
uniformly from the electrode surfaces.

3.2.1.3 Target treatment time [min] 5

Note: Bold rows denote parent categories; regular rows denote subordinate fields within those cate-
gories.

3.4.2.2 Microbial-related parameters

In Table 3.9, an example of the microbial-related parameters is presented, as a sub-
scheme of the plasma target-related parameters. In this example, a vegetative bac-
terium, i.e., Salmonella Typhimurium, is simulated but the table could also be adapted
to report the information of other microorganisms, for example, Listeria cells in a
biofilm or Bacillus spores (Table 3.5). Regardless of the microbial form, ensuring FAIR
data in microbial-related parameters requires that preculture conditions are clearly de-
fined and thoroughly discussed. This example was based on the assumption that the
product of interest, i.e., black peppercorn, was sterilized before the inoculation with
Salmonella, and then treated with non-thermal plasma.

Table 3.9: An example of accurately describing the microbial-related parameters (plasma target-
related parameters) in non-thermal plasma decontamination studies

Id Field name Value

3.1.2 Microbial-related parameters
3.1.2.1 Microbial form Vegetative bacteria
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Id Field name Value

3.1.2.2 Genus Salmonella
3.1.2.3 Species enterica
3.1.2.4 Serotype Typhimurium
3.1.2.5 Single- or multi-culture single-culture
3.1.2.6 Strain LMG 14933
3.1.2.7 Growth medium before and after

treatment
From -80 ∘C, the stock culture was grown in Tryptic Soy Agar (TSA) for
48 h and then a single colony was inoculated to Tryptic Soy Broth (TSB).
TSA was used for the enumeration after treatment.

3.1.2.8 Incubation time before treatment
[h]

24

3.1.2.9 Incubation temperature [∘C] 37
3.1.2.10 Growth stage stationary
3.1.2.11 Mode of inoculation mixing
3.1.2.12 Inoculation procedure 1 ml of the initial inoculum of known concentration was mixed with the

treatment matrix and let dry for 30 min at room temperature.
3.1.2.13 Microbial counts before treat-

ment [log10 CFU/g]
8.0

3.1.2.14 Enumeration / quantification
procedure

Samples were immediately analyzed after treatment through homoge-
nization with physiological salt solution (PPS) followed by serial dilu-
tion. A 0.1 ml aliquot of each dilution was plated on TSA, and incubated.

3.1.2.15 Incubation time after treatment
[h]

48

3.1.2.16 Microbial counts after treatment
[log10 CFU/g]

1.5

Note: Bold rows denote parent categories; regular rows denote subordinate fields within those cate-
gories.

While the example provided is comprehensive, more complex experimental setups
would require additional parameters. For instance, if the microbial form were spores,
then the sporulation protocol would also need to be reported (Table 3.5).

3.4.3 Plasma diagnostics-related parameters

In Table 3.10, an example of the plasma diagnostics-related parameters is presented. In
this example, Fourier Transform Infrared Spectroscopy (FTIR) was used to analyze re-
active oxygen and nitrogen species (RONS) generated directly in the gas phase within
the discharge region, immediately above the peppercorn surface.

Table 3.10: An example of accurately describing the plasma diagnostics-related parameters in
non-thermal plasma decontamination studies

Id Field name Value

4.1.1 Diagnostic settings
4.1.1.1 Setting description RONS in the plasma-processed medium were determined with FTIR spec-

troscopy with the following settings: absorption path length 0.25 m, reso-
lution 0.6 cm−1, wavenumber range of 4000 – 400 cm−1, 64 scans in each
measurement.

4.1.2 Environmental parameters
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Id Field name Value

4.1.2.1 Temperature [∘C] 22
4.1.2.2 Humidity [% RH] 40
4.1.2.3 Pressure [Pa] 1.01 × 105

4.2.1 Diagnostic methodology
4.2.1.1 Methodology description After the plasma discharge had stabilized, FTIR measurements of reactive

species were performed in the gas phase adjacent to the peppercorns placed
between the electrodes, using a device (specify brand and model).

4.2.1.2 Location of the diagnostic appli-
cation

The plasma gas phase was sampled 1 cm above the peppercorn surface,
within the discharge region between the two electrodes.

4.2.1.3 Targets of qualitative / quantita-
tive analysis

Hydrogen peroxide (H2O2), Ozone (O3), Nitrate (NO), Nitrite (NO2). FTIR
spectroscopy, specific peak centers: 1400 cm−1 and 876 cm−1 for H2O2;
1050 cm−1 for O3; 1875 cm−1 for NO; and 1600 cm−1 and 2900 cm−1 for
NO2.

4.2.1.4 Quantification method Calibration curves based on known standards for H2O2, O3, NO, NO2.
4.2.1.5 H2O2 [mol/m3] 1.6 × 10−4

4.2.1.6 O3 [mol/m3] 2.04 × 10−3

4.2.1.7 NO [mol/m3] 1.2 × 10−4

4.2.1.8 NO2 [mol/m3] 4.08 × 10−5

4.2.2 Data processing
4.2.2.1 Data processing description Spectral deconvolution and baseline correction using a data analysis soft-

ware (specify), and Savitzky-Golay smoothing. Peaks were identified via an
atomic spectra database (specify).

Note: Bold rows denote parent categories; regular rows denote subordinate fields within those cate-
gories.

It should be noted that although FTIR can characterize the plasma-generated reactive
species that were mentioned in Table 3.10, other plasma-induced effects, such as UV
irradiation may require additional diagnostic techniques for a comprehensive assess-
ment.

3.5 Additional considerations for better data descrip-
tions

Besides the specific challenges related to describing parameters in non-thermal plasma
research, as discussed in Section 3.2.2, it is important to note that the principle of
“findable” data can be challenged when authors reference one or more previously pub-
lished studies to describe certain experimental parameters. Although in general this
approach is considered valid to avoid repetition, it can be problematic when one or
more experimental parameters are already different when compared to the study of
interest because it becomes then unsure if also other parameters have changed over
time or not. Therefore, it is advisable for authors to clearly define the reported pa-
rameters and specify precisely which aspects remain the same and which differ from
previous research.
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The parameters discussed in this study can set the basis for researchers to determine
which information is critical to document in non-thermal plasma decontamination ex-
periments for food-related applications, and how this information can be effectively
described. However, these parameters can be expanded to cover certain applications
if needed. A practical way to facilitate process validation and regulatory approval is to
distinguish between parameters that directly affect plasma chemistry and those that
are more device-specific. In this view, environmental and operational conditions such
as humidity, temperature, and pressure are different from factors such as electrodes’
material or geometry that are essential to replicate the setup but are not always directly
comparable across different systems. This approach can help identify and quantify the
most critical processing conditions (e.g., a “dose”) in a standardized manner. Never-
theless, the metadata schema that is presented in this study covers all use cases either
when comparing the same or different systems since the relevance of each parame-
ter (and the determination of the “dose”) highly depends on the context. The more
comprehensively the data are documented, the broader the range of potential reuse
scenarios, ultimately bringing non-thermal plasma applications closer to regulatory
approval. That being said, we acknowledge that not all parameters, such as plasma
diagnostics-related parameters, are equally accessible and can be limited by expen-
sive methods and the need for trained personnel. Therefore, in this study, we provide
definitions and guidance on parameters ranging from easily accessible to more com-
plex, to assist researchers in clearly and accurately describing their experimental data,
regardless of their laboratory equipment. In this way, parameters that are generally
more easily accessible to researchers could be used by other researchers as indirect
methods of plasma diagnostics through the estimation of more complex metrics. For
example, as mentioned in Section 3.3.2, the dimensions and geometry of the electrodes
(e.g., in DBD devices), when clearly defined, can be used to calculate their respective
areas, volumes, and other relevant physical properties depending on the shape. These
properties can then be combined with the plasma source-related parameters (e.g., the
dissipated power and the processing time) and be used as metrics for comparison of
the decontamination efficacy (Pampoukis et al., 2024).

3.6 Conclusion

The purpose of this study is to provide a metadata schema to guide the consistent and
traceable descriptions of the relevant parameters and to improve the interoperability,
reproducibility, and reuse within the non-thermal plasma community for food-related
applications. This would allow for more accurate overviews, and comparisons of the
results in the literature, for example in the context of systematic reviews and meta-
analyses. With this study, the Plasma-MDS platform that was previously developed
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(Franke et al., 2020) is given a specific context for decontamination in food-related
applications, to become easier to implement. That is because it provides specific guid-
ance with examples regarding what is expected to be reported for each case while still
maintaining some flexibility for additional or less information. In this way, researchers
without specific expertise in non-thermal plasma can still conduct more reproducible
research. Similarly, non-thermal plasma experts can use this metadata schema to ac-
curately describe relevant food- and microbial-related parameters. From a data man-
agement perspective, like all schemes, Plasma-MDS will benefit from continuous up-
dates as knowledge advances in the field of non-thermal plasma and new applications
emerge. This will ensure its relevance and effectiveness in capturing essential infor-
mation for future applications. The parameters provided in this study are expected to
also be applicable to other non-thermal plasma applications.
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Abstract

Pulsed electric field (PEF) is a promising technology for microbial decontamination
of liquid products such as fruit juices and beverages. This study developed a database
with 569 PEF experiments for Escherichia coli, Listeria spp., Pseudomonas spp.,
Staphylococcus aureus, Saccharomyces cerevisiae, Salmonella spp., and lactic acid
bacteria (LAB) in a range of food matrices. The efficacy of PEF for different microbial
species was evaluated through the decimal-reduction volumetric energy input 𝐷𝐸vol

,
which is the energy input required to achieve a one log10-reduction. The matrix
composition had a significant impact on the 𝐷𝐸vol

, decreasing the 𝐷𝐸vol
in high-acid

fruit juices and increasing it in high-acid alcoholic products, revealing effects beyond
acidity alone. Data for most species were available for high-acid fruit juices, and in
this matrix, S. cerevisiae was the most sensitive species. A decision tree with eight
matrix categories was developed to estimate the volumetric energy input needed for
a 5-log10-reduction for different target microbial species in different matrices. The
global kinetic parameters reported in this study provide a quantitative benchmark for
food business operators and risk assessors, and can serve as a first indication of PEF
treatment efficacy.
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4.1 Introduction

Assurance of food safety and quality remains a fundamental goal of the food-
processing sector. The increasing demand for foods with high nutritional value, a
clean label, and fresh-like sensory characteristics led to the development of mild
food treatment processes to enhance or substitute conventional techniques such as
heat treatment and chemical preservatives (Toepfl et al., 2005). Pulsed electric field
(PEF) has therefore gained more attention as a mild processing technology that can
retain “fresh-like” sensory and nutritional properties. PEF is powered by electricity
that can be generated from renewable sources, and avoids natural gas boilers and
steam generators, which reduces wastewater in food plants (Pereira and Vicente,
2010). However, life cycle assessments indicate higher CO2 emissions than thermal
processing, because of greater electricity consumption and limited energy-recovery
options, yet lower emissions than high-pressure processing (Aganovic et al., 2017;
Aganovic and Smetana, 2022; Sampedro et al., 2014). Compared with other alternative
processing technologies, such as high-pressure processing, PEF operates in continu-
ous flow, making it attractive for industrial scale-up (Andreou et al., 2016; Lytras et
al., 2024a; Niu et al., 2020). However, its use is restricted to liquid products such as
fruit juices and beverages.

When PEF raises the transmembrane potential significantly, irreversible membrane
permeabilization will impair vital physiological control systems and cause cell death
(Heinz et al., 2001). In practice, irreversible microbial membrane permeabilization is
usually obtained with electric field strengths of 15-40 kV/cm (Raso et al., 2016), total
pulse durations of 20-2000 μs (Timmermans et al., 2019), and specific energy inputs of
5-250 kJ/kg (Toepfl, 2011). In the United States, based on the Code of Federal Regula-
tions (CFR) for HACCP systems (21 CFR Part 120) (U.S. Food and Drug Administration,
2001), juice processors must demonstrate that at least a 5-log10-reduction of the perti-
nent pathogen is achieved, immediately before or after packaging (U.S. Food and Drug
Administration, 2004), making this a starting reference for process validation and to
determine the process parameters that are needed to achieve it.

A meta-analysis is a systematic analysis of a large collection of data from individual
studies aiming to integrate the findings to produce a global estimate of the effect of a
particular intervention or treatment (Den Besten and Zwietering, 2012). In food mi-
crobiology, meta-regression has been applied to derive global kinetic parameters for
thermal processing (Halder et al., 2010; Muñoz-Cuevas et al., 2012; Van Asselt and
Zwietering, 2006) and high-pressure processing (EFSA Panel on Biological Hazards
(BIOHAZ) et al., 2022; Santillana Farakos and Zwietering, 2011; Torrents-Masoliver et
al., 2025), and to rank factors affecting non-thermal plasma decontamination (Pam-
poukis et al., 2024). By combining data from multiple laboratories, meta-regression
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captures variability arising from differences in strains, matrices, and equipment, and
yields parameter estimates that single-laboratory experiments cannot provide (Garre
et al., 2025). In this way, the “study” effects are averaged, and the insights are based on
the available evidence. Nevertheless, a meta-regression quantifying PEF decontamina-
tion efficacy across microbial species and food matrices has not yet been performed.

Therefore, the aims of this work were to (i) compile available PEF inactivation data
of different microbial species in diverse foods, (ii) establish global and matrix-specific
kinetic parameters through meta-regression, and (iii) construct a decision tree that
estimates the volumetric energy input required for a 5-log10-reduction, thereby sup-
porting food-business operators, risk assessors and regulators.

4.2 Materials and methods

4.2.1 Data collection & active learning

To assure FAIR (findable, accessible, interoperable, and reusable) data, we defined ex-
plicit eligibility criteria and a three-block searching query. No restriction on pub-
lication year was applied. The searching query consisted of (i) pulsed-electric-field
descriptors (e.g., “electric field”, “PEF”, etc.), (ii) processing terms (e.g., “processing”,
“treatment”, etc.), and (iii) the taxonomic name of the target microorganism (e.g., E.
coli, Escherichia, etc.). Eligible studies had to involve continuous flow processing (in-
dustrial applications require continuous flow (Raso et al., 2016)), report a microbial
reduction > 0.5-log10, and provide the variables needed to calculate the volumetric en-
ergy input, which was used in this study as an integrated metric for decontamination
efficacy comparisons. Literature searches were performed in Scopus, Web of Science,
SciFinder, FSTA & CAB Abstracts for E. coli, Listeria spp., Pseudomonas spp., S. aureus,
S. cerevisiae, Salmonella spp., Bacillus spp., and lactic acid bacteria (LAB). These micro-
bial species were selected because they cover Gram-negative and Gram-positive veg-
etative cells, spore-forming bacteria, yeasts, and pathogenic, spoilage, fermentation,
and hygiene indicator microorganisms. To build meta-regression models, sufficient,
suitable data must be available in the literature, which is not always the case for all
microbial species. A PRISMA flow diagram (Page et al., 2021) with detailed eligibil-
ity criteria is provided in Supplementary Material A (section “PRISMA flow diagram
for data collection and eligibility criteria”), together with the complete search queries
and the data-extraction protocol. Each microbial genus was searched independently;
studies were then merged, and duplicates were removed. The studies were screened
as relevant or irrelevant with support from active learning (Settles, 2009) using the
ASReview software (Van de Schoot et al., 2021). After an initial set of studies had been
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decided as relevant or irrelevant by the reviewer, the software (TF-IDF features + Naive
Bayes classifier + dynamic resampling) continuously retrained on the accumulated de-
cisions and re-ordered the remaining studies so that studies with the highest predicted
relevance were presented first for review by the researcher. The screening procedure
was terminated when 200 consecutive irrelevant studies were encountered, indicating
near-exhaustive retrieval of relevant studies. The approach of active learning was ex-
plained in detail in previous research (Pampoukis et al., 2024). Out of the 2156 studies
retrieved from the literature, 78 were relevant and contributed 1725 log10-reduction
values to the database. To maintain industrially realistic conditions, studies with vol-
umetric energy inputs above 300 kJ/L were excluded, given that process parameters
suitable for PEF commercial scale-up typically fall within 5-250 kJ/kg (Toepfl, 2011).
Mild thermal effects may already occur above ~200 kJ/kg: assuming an average liquid
specific heat capacity 𝐶𝑝 ~4 kJ/(kg·°C), this corresponds to an estimated temperature
rise of about 50 °C over a short residence time (𝜇s to ms), especially if no cooling is
applied. Information on outlet temperatures and the use of cooling is provided in Sup-
plementary Table 4.1. The highest temperature recorded in our database was 64 °C,
observed in a single study with a short residence time of 0.43 s before cooling to room
temperature. To ensure comparable pulse conditions and more accurate volumetric
energy input estimations, only studies employing square-wave pulses were retained;
studies using exponential decay pulses were discarded because the pulse width and,
therefore, the volumetric energy input cannot be accurately estimated from the PEF
settings, as will be explained in the following sections. Square wave pulses are also
considered to be the most energy-efficient form of PEF delivery (Beveridge et al., 2005).
Application of these filters yielded a curated set of 569 log10-reduction values for E.
coli, Listeria spp., Pseudomonas spp., S. aureus, S. cerevisiae, Salmonella spp., and lactic
acid bacteria (Lactiplantibacillus; Lacticaseibacillus; Lactococcus; Leuconostoc; Oenococ-
cus and Pediococcus), derived from 28 studies; no eligible data were found for Bacillus
spp. (vegetative cells or spores). In general, inactivation of bacterial spores, such as
Bacillus spores, can only be achieved when PEF is combined with substantial thermal
treatment, with outlet temperatures typically exceeding 100 °C (Siemer et al., 2014).

4.2.2 Matrix classification

Once microbial targets and PEF-processing boundaries had been standardized, each
experimental conditionwas annotatedwith product type and intrinsic acidity. To eval-
uate food-matrix effects while retaining statistical parsimony, all 569 data points were
grouped into eight categories that combine pH category (high-acid ≤ 4.5, low-acid >
4.5) with product type. The resulting groups were: (i) high-acid fruit juice (apple juice,
model solution simulating strawberry juice, orange juice, pomegranate juice); (ii) low-
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acid fruit juice (Kyoho grape juice); (iii) high-acid liquid medium (McIlvaine buffer,
phosphate buffer, both with pH adjusted to ≤ 4.5); (iv) low-acid liquid medium (0.1%
NaCl water solution, Chlorella vulgaris suspension, citrate-phosphate buffer, deionised
water, McIlvaine buffer, phosphate buffer, tryptic soy broth with yeast extract); (v)
low-acid animal milk (raw goat milk, skim milk); (vi) low-acid plant-based beverage
(green tea extract); (vii) high-acid whey (50% acid whey) and (viii) high-acid alcoholic
product (Chardonnay, Grenache, Tempranillo wines). This classification allowed for
developing quantitative models that capture not only acidity but also physicochem-
ical factors that differ among juices, broths, milk, plant-based beverages, whey, and
alcoholic products, such as soluble solids in the fruit-juice categories, proteins and fats
in milk and whey, polyphenols in the plant-based beverages, and ethanol in the alco-
holic products. Grouping by category rather than by individual composition avoided
the extensive missing data that would arise if explicit pH, protein, fat, ethanol, or
sugar contents were required for every study, thereby retaining the complete set of
569 observations.

4.2.3 The volumetric energy input as a metric for comparisons

To standardize the data obtained from PEF studies and develop quantitative meta-
regression models, the present study expresses the treatment dose as the volumetric
energy input (kJ/L), a metric that integrates electric-field strength, pulse-repetition
rate, pulse width, conductivity and residence time, and can be reconstructed from
variables commonly reported in the literature. Therefore, we expressed the treatment
dose as the volumetric energy input 𝐸vol (Equation 4.1), with residence time (𝑅𝑡) and
volumetric flow rate (𝑞) obtained from Equation 4.2 and Equation 4.3, respectively
(Mendes-Oliveira et al., 2020).

𝐸vol [J/cm3] = 𝐸2
𝑓 ⋅ 𝑓 ⋅ 𝜏 ⋅ 𝜎 ⋅ 𝑅𝑡 ⋅ 𝑛𝑐 (1 J/cm3 = 1 kJ/L) (4.1)

𝑅𝑡 [s] = 𝑉
𝑞 (4.2)

𝑞 [cm3/s] = 𝑉 ⋅ 𝑓 ⋅ 𝜏 ⋅ 𝑛𝑐
𝑡PEF

(4.3)

where𝐸𝑓 is the electric‑field strength (kV/cm); 𝑓 is the frequency/pulse‑repetition rate
(pulses per second); 𝜏 is the pulse width (𝜇s); 𝜎 is the electrical conductivity of the food
at the inlet temperature (S/cm); 𝑅𝑡 is the residence time in the PEF unit (s); 𝑛𝑐 is the
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number of PEF chambers in series (-); 𝑉 is the chamber volume as estimated from its
dimensions (cm³); 𝑞 is the volumetric flow rate (cm³/s); 𝑡PEF is the total effective treat-
ment time (μs); and 𝐸vol is the volumetric energy input (J/cm3 or kJ/L). Equation 4.1
was used because it was the most frequent in the literature when compared to other
expressions, such as those that involved the voltage and current signals. It is more
accurate when compared to the calorimetric equation (𝑞𝑝 = 𝑚 ⋅ 𝐶𝑝 ⋅ Δ𝑇 ), which can
also be used for PEF (Jaeger et al., 2010), but assumes that all supplied electricity is
converted to heat within the product, and does not take into account device-specific
energy losses or cooling procedures. Equation 4.1 is generally applicable because the
estimations rely on variables that are widely reported and well‑defined in the litera-
ture. It should be noted that in some studies, the reported energy input did not fully
match this estimation due to the reasons mentioned above, and therefore, only the es-
timates from Equation 4.1 were used to ensure consistency and comparability across
the different studies. Every data point (n) reported in the database corresponds to one
experimental condition at a given energy input level as estimated from Equation 4.1
and the reduction achieved under this processing condition.

4.2.4 Meta-regression modeling to establish global kinetic parame-
ters

4.2.4.1 Simple linear regression

The microbial reduction upon PEF treatment in different microbial species was as-
sessed using Equation 4.4:

log10( 𝑁0
𝑁(𝐸vol)

) = 𝐸vol
𝐷𝐸vol

(4.4)

where 𝑁0 is the initial microbial population (CFU/ml), 𝑁 is the microbial popula-
tion after treatment, 𝐸vol is the volumetric energy input (kJ/L), and 𝐷𝐸vol

is the deci-
mal‑reduction volumetric energy input (kJ/L) i.e., the energy input needed for a one
log10‑reduction. Equation 4.4 was fitted (i) to the full dataset, (ii) separately to the data
of each microbial species, and (iii) to the data of every microbial species-matrix cate-
gory combination. Regression models were fitted in Python (v3.11.2) (Van Rossum and
Drake, 2009) using scikit-learn (LinearRegression(fit_intercept = False)) (Pedregosa et
al., 2011), enforcing the theoretical constraint that 0 kJ/L yields 0 log10-reduction. For
each subset, the slope 𝛽 = 1/𝐷𝐸vol

was obtained by ordinary least squares, and the
estimated reductions were 𝑦𝑖 = 𝛽𝑥𝑖.
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The residual sum of squares (RSS) and the root-mean-square error (RMSE) were cal-
culated as (Eisenhauer, 2003):

RSS =
𝑛

∑
𝑖=1

(log10( 𝑁0
𝑁(𝐸vol))𝑖

− 𝛽 ⋅ 𝐸vol,𝑖)
2 (4.5)

RMSE = √ RSS
𝑛 − 1 (4.6)

with 𝑛 the number of observations and 𝑛 − 1 the degrees of freedom of a regression
through the origin. The standard error of the slope was calculated as (Montgomery et
al., 2021):

SE𝛽 = √ RSS
(𝑛 − 1) ⋅ ∑𝑛

𝑖=1 𝐸 2
vol, 𝑖

(4.7)

The 95% confidence upper and lower limits of 𝐷𝐸vol
were obtained by inverting the

𝑡-based limits of the slope (Montgomery et al., 2021):

𝐷𝐸vol,low
= 1

𝛽 + 𝑡0.975, 𝑛−1 ⋅ SE𝛽
, 𝐷𝐸vol,high

= 1
𝛽 − 𝑡0.975, 𝑛−1 ⋅ SE𝛽

(4.8)

The resulting 95% confidence interval was therefore:

[𝐷𝐸vol,low
, 𝐷𝐸vol,high

] (4.9)

The mean estimate 𝐷𝐸vol
, its 95% confidence interval (Equation 4.9), and the RMSE of

the regression (Equation 4.6) were reported for every model to compare goodness-of-
fit and variability among microbial species and matrix categories.

To estimate the expected reduction of microbial species in different matrix categories
at a reference energy input level, the fitted model (Equation 4.4) was used to estimate
the reductions at 𝐸vol = 100 kJ/L:

log10( 𝑁0
𝑁(100)) = 100

𝐷𝐸vol

(4.10)
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The 95% confidence interval for the estimated microbial reduction at 𝐸vol = 100 kJ/L
was (Montgomery et al., 2021):

log10( 𝑁0
𝑁(100)) ± 𝑡0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸 ⋅ √1002

SSX (4.11)

where log10(𝑁0/𝑁(100)) is the expected reduction as estimated from Equation 4.10,
𝑡0.975, 𝑛−1 is the 97.5% quantile of the Student-𝑡 distribution with n-1 degrees of free-
dom, RMSE is the root mean square error, and SSX = ∑𝑛

𝑖=1 𝐸 2
𝑣𝑜𝑙,𝑖. These limits were

used to report the uncertainty of the predicted log10‐reduction at 100 kJ/L for every
species-matrix combination.

4.2.4.2 Multiple linear regression

To determine the effect of all food matrices simultaneously, multiple linear regression
was performed for each microbial species using statsmodels (Seabold and Perktold,
2010) to fit Equation 4.12. With the intercept fixed at zero, matrix effects were encoded
by multiplying each matrix dummy with 𝐸vol. This strategy allows matrix-specific
slopes while preserving the mechanistic requirement that 𝐸vol = 0 must produce no
microbial inactivation. Therefore, the multiple linear regression equation was defined
as:

log10( 𝑁0
𝑁(𝐸vol)

) = 𝐸vol ⋅
8

∑
𝑗=1

𝑧𝑗
𝐷𝐸vol𝑗

, 𝑧𝑗 ∈ {0, 1} (4.12)

where 𝐸vol is the volumetric energy input (kJ/L), 𝑧𝑗 ∈ {0, 1} is the dummy indicator
formatrix category 𝑗 (eight categories; Section 4.2.2), and𝐷𝐸vol𝑗 is thematrix category-
specific decimal-reduction energy.

The fitted 𝐷-values exactly match those from the simple linear models per matrix
category (Section 4.2.4.1). The multiple-linear regression fit, however, estimates a
single (pooled) residual variance across the matrix categories for a given microbial
species and yieldsmatrix-specific confidence intervals based on that pooled error term.
This enables direct statistical contrasts across matrices from a single fit. Separate per-
matrix regressions can also provide intervals, but they do not share a common error
term unless one is explicitly pooled. All parameter estimates were reported as 𝐷𝐸vol𝑗
with 95% confidence intervals computed from the pooled-error 𝑡 distribution as:
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[ 1
𝛽𝑗 + 𝑡0.975, 𝑛−𝑝 ⋅ SE𝛽𝑗

, 1
𝛽𝑗 − 𝑡0.975, 𝑛−𝑝 ⋅ SE𝛽𝑗

] (4.13)

where (𝛽𝑗) is the slope for matrix (𝑗) (so 𝐷𝐸vol𝑗 = 1/𝛽𝑗), (𝑛) is the total number of
observations for that species, and (𝑝) is the number of estimated matrix coefficients
for that species (i.e., the number of matrix categories with data; (𝑝 ≤ 8)), giving resid-
ual degrees of freedom (𝑛 − 𝑝). To test whether any two matrix categories differed in
resistance, pairwise two-sided 𝑡 tests were performed in the 𝛽𝑗 = 1/𝐷𝐸vol𝑗 for every
matrix category with available data within each species. The 𝑝-values provided from
the two-sided 𝑡 tests were adjusted for multiple hypothesis testing with both Bonfer-
roni and Holm-Bonferroni corrections for multiple testing (Aickin and Gensler, 1996);
a difference was deemed significant when both adjusted p‑values were statistically
significant at a significance level 𝛼 = 0.05 (p‑value ≤ 0.05). Because the multiple- and
simple-linear regression 𝐷𝐸vol

values coincide, subsequent analyses used the simpler
form unless explicit matrix contrasts were required.

4.2.4.3 Energy input required for a 5-log10-reduction

The volumetric energy input for a 5-log10-reduction was obtained by inverting the
simple-regression model for each microbial species-matrix category combination.

Therefore, the forward 95% prediction limits for a 5-log10-reduction at volumetric en-
ergy input 𝐸vol were estimated as (Montgomery et al., 2021):

𝐸vol
𝐷𝐸vol

± 𝑡0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸 ⋅ √ 1 + 𝐸2
vol

SSX = log10( 𝑁0
𝑁(𝐸vol)

) = 5 (4.14)

where 𝐸vol is the energy input needed to achieve a 5 log10(𝑁0/𝑁(𝐸vol))-reduction
given a 𝐷𝐸vol

estimated from fitting Equation 4.4 for this microbial species-matrix
category combination, 𝑡0.975, 𝑛−1 is the 97.5% quantile of the Student-𝑡 distribution
with n-1 degrees of freedom, RMSE is the root mean square error, and SSX equals to
∑𝑛

𝑖=1 𝐸 2
𝑣𝑜𝑙,𝑖. Setting log10(𝑁0/𝑁(𝐸vol)) = 5 and solving the quadratic for 𝐸vol gives

the best-case (𝐸vol,low) and worst-case (𝐸vol,high) levels of volumetric energy input to
achieve a 5-log10-reduction. The interval [𝐸vol,low, 𝐸vol,high] was reported as the 95%
inverse-prediction interval. A worked example of this inversion procedure is provided
in Supplementary Material B.
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4.3 Results

4.3.1 The overview of the datapoints

Themicrobial reductions collected in the database are summarized in Figure 4.1. For all
microbial species, the decimal microbial reductions showed an increasing trend with
the volumetric energy input, but this trend was different across the different microbial
species and matrix categories.
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Although high‑acid matrix categories (fruit juice, liquid medium) differed from their
low‑acid counterparts in most cases, the patterns were not consistent across all
microbial species, indicating that factors beyond acidity influence PEF decontam-
ination. In high‑acid matrix categories, excluding high-acid alcoholic products, S.
aureus and LAB exhibited greater reductions when compared to low-acid matrix
categories, whereas S. cerevisiae revealed no clear acidity effect (Figure 4.1). For
E. coli, the acidity effect was only observed in fruit juice. For LAB, the different
matrix categories had a wide range for inactivation, especially for the matrix
categories of low-acid liquid medium and high-acid alcoholic product. These two
matrix categories showed higher variability in the inactivation across all microbial
species. For high-acid whey, all data points collected were corresponding to one
microorganism (Listeria spp.) at a single energy input level, and therefore, the trend
line has less explanatory value. The same limitation also constrained Salmonella spp.
in low-acid liquid medium and E. coli in high-acid liquid medium fits, and the latter
was only based on one data point. A user‑friendly, interactive version of Figure 4.1 is
provided in https://github.com/gpampoukis/pef-decontamination-efficacy-database
(https://pef-database.onrender.com/), allowing readers to inspect each data point with
its source study, matrix description, and ‑where reported‑ the exact pH and microbial
strain tested. The quantitative effects of microbial species and matrix category are
described in the following sections.

4.3.2 𝐷𝐸vol
for each microbial species

In Table 4.1, the volumetric energy input 𝐷𝐸vol
values obtained from 569 experimental

conditions of 28 studies are presented. Because each estimate pools all eligible data
for the different microbial species, these 𝐷𝐸vol

values can serve as global kinetic pa-
rameters across all matrix categories.

Table 4.1: Overall linear models for studies with volumetric energy input ≤ 300 kJ/L (𝑛 = 569,
studies = 28). The number of studies (28) is lower than the sum of individual categories
because some studies included more than one microbial species

Microbial species 𝐷𝐸vol
[95% CI] (kJ/L) RMSE (log 10 -counts) 𝑛 studies

E. coli 31 [29, 33] 1.1 153 16
Listeria spp. 63 [56, 71] 0.65 40 4
Pseudomonas spp. 135 [117, 160] 0.047 3 1
S. cerevisiae 34 [29, 41] 2.1 98 9
Salmonella spp. 44 [38, 53] 0.81 15 2
S. aureus 37 [35, 40] 0.90 104 4
LAB 66 [58, 76] 1.8 156 10
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It should be noted that the LAB dataset integrated 6 genera, i.e., Lactiplantibacillus (n
= 106); Lacticaseibacillus (n = 2); Lactococcus (n = 9); Leuconostoc (n = 4); Oenococcus (n
= 23) and Pediococcus (n = 12). Additionally, the Pseudomonas spp. estimate was based
on only 3 data points coming from a single study and therefore, although presented,
it was not as robust as the aforementioned estimates and was not further processed in
the next sections.

4.3.3 Multiple linear regression as a method to determine the effect
of the food matrix

Although the 𝐷𝐸vol
values shown in Table 4.1 can provide the overall trends of how

the different microbial species are inactivated with PEF at a given volumetric energy
input using all data collected from literature, they also include all different sources of
variability, such as the effect of the food matrix. In order to get more precise estima-
tions of the inactivation kinetics in specific food matrices, multiple linear regression
was performed. The effect of the matrix category on the different microbial species’
𝐷𝐸vol

values is presented in Figure 4.2. Pseudomonas spp. was excluded because, as
shown in Figure 4.1, it had only 3 data points available, all in (low‑acid) animal milk.
In Figure 4.2, matrix-specific attributes for each microbial species can be evaluated,
e.g., the contribution of acidity can be visualized by comparing high- and low-acid
counterparts of the same matrix category alongside other matrix attributes.
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For E. coli, the low‑acid animal milk and the low‑acid liquid medium were the matrix
categories where the inactivation was higher with 𝐷𝐸vol

< 30 kJ/L, followed by the
high‑acid fruit juice and the low‑acid plant‑based beverage categories. Inactivation of
E. coli in low‑acid plant-based beverages was in‑between the high‑acid and low‑acid
fruit juice categories but not significantly different from either of them. A single data
point was available for the high-acid liquid medium category; although its point esti-
mate suggested a higher 𝐷𝐸vol

, the 95% confidence interval for the slope included zero,
and the upper bound of its 𝐷𝐸vol

could not be defined. Listeria spp. showed compa-
rable reductions in low-acid liquid medium and high‑acid whey. S. aureus was most
susceptible in high‑acid fruit juice, with higher 𝐷𝐸vol

values in low‑acid fruit juice and
low-acid plant‑based beverages. For S. cerevisiae, the order from lower to higher 𝐷𝐸vol
was high‑acid fruit juice and low‑acid fruit juice < low‑acid liquid medium < high‑acid
alcoholic products. Salmonella spp. were more effectively inactivated in high‑acid
fruit juice than in low‑acid liquid medium. LAB exhibited the highest inactivation in
high‑acid liquid medium, intermediate reductions in high‑acid fruit juice and low‑acid
liquid medium, and the lowest reductions in high‑acid alcoholic product (Figure 4.2).
In terms of acidity effects, the high-acid matrix categories revealed a clear difference
for E. coli and S. aureus (fruit juice), LAB (liquid medium), and Salmonella spp. (juice vs
medium), whereas the 𝐷𝐸vol

values for Listeria spp. and S. cerevisiae overlapped across
acidity classes, indicating little or no acidity effect for these two species. Across the six
species, the lowest 𝐷𝐸vol

values were found in high-acid liquid medium for LAB; both
in high- and low‑acid fruit juice for S. cerevisiae; in low-acid animal milk and low-acid
liquid medium for E. coli, and in high-acid fruit juice for S. aureus and Salmonella spp.
High‑acid alcoholic products consistently yielded the highest 𝐷𝐸vol

values (for S. cere-
visiae and LAB). Low‑acid plant‑based beverage, low‑acid fruit juice, low‑acid liquid
medium, and high‑acid whey categories yielded intermediate and species‑dependent
𝐷𝐸vol

values.

Multiple linear regression was also performed in the matrix categories datasets us-
ing the microbial species as a dummy variable instead, in order to rank the micro-
bial species in each matrix category (Supplementary Figure 4.1). This representation
makes the between-species differences within a given matrix visible (e.g., contrasts
between Gram-negative and Gram-positive bacteria), although future studies could
formalize such comparisons by explicitly grouping species on this or other biologi-
cal criteria. The 𝐷𝐸vol

values were identical to those in Figure 4.2 for all microbial
species‑matrix category combinations, but the uncertainty around the estimates was
different based on the data points that each matrix category had available. S. cere-
visiae was the least resistant for all matrix categories with available data. There were
no matrix categories where S. aureus, LAB, and Salmonella spp. were different from
each other, but they were always more resistant than S. cerevisiae, but not always more
resistant than E. coli (i.e., low and high‑acid fruit juices where they were just as resis-
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tant). The magnitude of these differences was matrix‑dependent. In fruit juices, the
microbial species differences were higher than in alcoholic products. Across-matrix
contrasts, within the samemicroorganism at the same pH class, were substantial: 𝐷𝐸vol
for E. coli was 21 kJ/L in low-acid animal milk but 46 kJ/L in low-acid fruit juice (~2-
fold), while for S. cerevisiae, it was 5.9 kJ/L in high-acid fruit juice and 50 kJ/L in high-
acid alcoholic product (~eight-fold), showing that matrix composition, not pH alone,
can significantly affect PEF efficacy. The data for E. coli in high-acid liquid medium,
Listeria spp. in high-acid whey, and Salmonella spp. in low-acid liquid medium were
not further processed in the next sections, because they originated from a single volu-
metric energy input level (Figure 4.1) and therefore the reduction estimates at different
volumetric energy inputs would not be as robust.

4.3.4 The microbial reductions of PEF under common processing
conditions

In Figure 4.3, the microbial reductions achieved for different combinations of matrix
categories and microbial species at 100 kJ/L are presented. The level of 100 kJ/L was
selected because it belongs to the range of typical conditions of PEF processing for the
microbial inactivation of heat‑sensitive liquid products (80‑120 kJ/kg) (Aganovic and
Smetana, 2022; Toepfl, 2011).
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Although in Figure 4.3 the achieved microbial reductions at 100 kJ/L were estimated,
using the 𝐷𝐸vol

values estimated from the regression lines of Figure 4.1 using Equa-
tion 4.10, reductions at other energy levels can also be estimated using the same equa-
tion. The complete set of regression equations for every microbial species‑matrix cat-
egory combination is provided in Supplementary Table 4.1. For example, Supplemen-
tary Table 4.1 reports a reduction of 2.7 ± 0.3 log10 for Salmonella spp. in high-acid
fruit juices at 𝐸vol = 100 kJ/L and therefore 200 kJ/L of volumetric energy input would
result in a double reduction, i.e., 5.4 ± ~0.6 log10. As mentioned in Section 4.3.3, ma-
trix acidity itself cannot sufficiently explain the variability related to the food matrix.
For example, LAB is more susceptible in high‑acid liquid media when compared to
high‑acid fruit juices. Overall, a volumetric energy input of 100 kJ/L failed, on aver-
age, to achieve a 5‑log10-reduction for most microbial species‑matrix category pairs,
whereas 200 kJ/L would meet this threshold for the majority of the combinations.

4.3.5 Energy input needed to achieve 5‑log10-reduction

Figure 4.4 illustrates, in three levels, the volumetric energy input necessary to achieve
a 5‑log10-reduction: (i) all microbial species and matrices combined; (ii) each micro-
bial species pooled across matrices; and (iii) every microbial species‑matrix category
combination. For every segment, the mean volumetric energy input is reported to-
gether with the 95% inverse‑prediction interval. Supplementary Material B provides
a worked example of the inversion procedure. By using this example as a basis, the
volumetric energy input needed to achieve a different level of reduction, such as 6- or
7-log10-reduction, can easily be estimated, while recognizing that these calculations
may involve extrapolation beyond the fitted range.
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Across all 569 data points, the overall average energy input required to reach a 5‑log10-
reduction was 232 kJ/L (95% inverse prediction interval: 82-384 kJ/L). In line with
Table 4.1 for the average 𝐷𝐸vol

, also when targeting the 5‑log10-reductions, the species
effects were evident: E. coli (156 [87-226] kJ/L), S. cerevisiae (170 [31-319] kJ/L), S.
aureus (187 [120-255] kJ/L), Salmonella spp. (221 [140-314] kJ/L), Listeria spp. (313
[227-409] kJ/L), and LAB (329 [93-577] kJ/L). When coupled with the food matrix, the
lowest requirement was recorded in LAB in high-acid liquid medium (26 [16-36] kJ/L)
and S. cerevisiae in high-acid fruit juice (29 [19-44] kJ/L) and low-acid fruit juice (29 [18-
41] kJ/L). These combinations yielded the lowest energy input requirements, and their
prediction intervals did not overlap with any other microbial species‑matrix category
combination. At the opposite extreme were LAB in high-acid alcoholic products with
411 [220-617] kJ/L, and Listeria spp. in low-acid liquid medium with 342 [246-458]
kJ/L. Within E. coli, low-acid animal milk with 104 [65-149] kJ/L and low-acid liquid
medium with 125 [67-185] kJ/L were overlapping and required on average less than
125 kJ/L, whereas low-acid fruit juice with 230 [170-297] kJ/L and low-acid plant-based
beverage with 181 [126-244] kJ/L were also overlapping but required on average above
180 kJ/L.

Note that for most microbial species-matrix category combinations, the term
√ 1 + 𝐸2

vol
SSX from Equation 4.14 was close to 1 (see column “term” in “strat-

ification results” of Supplementary Table 4.1). Consequently, 𝐸vol levels to
achieve a 5-log10-reduction can be approximated by the linear expression
( 𝐸vol
𝐷𝐸vol

± 𝑡0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸 = 5) without solving the full quadratic as shown
in Supplementary Material B. The only exceptions were the cases where very few
data points were available or when extrapolation was taking place, or both (Sup-
plementary Table 4.1). These results showed that for most microbial species-matrix
category combinations, the main driver behind the variability observed was the
generic variation in the data. The estimates presented in Figure 4.4 define the best-
and worst-case energy inputs needed to ensure a 5‑log10-reduction across the range
of microbial species-matrix category combinations, while taking into account the
variability between different laboratories and PEF devices.

4.4 Discussion

This manuscript describes the available data from literature that met our quality cri-
teria to establish, for the first time, the global kinetic parameters for PEF processing
based on 569 inactivation trials. These global kinetic parameters can be used as a
benchmark for future validation. As explained in Section 4.2.3, the volumetric energy
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input was the variable selected to derive inactivation parameters from the developed
database. Although 𝐸vol incorporates the electric field strength and the pulse width,
identical energy levels can be delivered with different combinations of these param-
eters. Earlier work showed that short pulses with high electric field strength induce
higher inactivation when compared to pulses with higher width but lower electric
field strength at the same energy input level (Álvarez et al., 2003; Fox et al., 2008).
In Equation 4.1, the electric field strength term is already squared, and therefore, this
effect is captured, as with the increase of the electric field strength, 𝐸vol increases
disproportionately. However, there could be an additional or different effect with the
change of other parameters, such as temperature (Liu et al., 2017) or variability sourced
from device-specific characteristics. Additionally, although conductivity is included in
Equation 4.1, its specific effect on inactivation would be worth investigating in dedi-
cated studies. Such studies would need to account for the fact that, at constant input
voltage, higher conductivity increases medium temperature, making it difficult to sep-
arate any direct effect of conductivity on electroporation from its indirect effects via
temperature and other process parameters (Delso et al., 2022).

Lytras and co-authors showed that variability in PEF treatments is strain and species-
dependent, with L. monocytogenes being identified as the most resistant microbial
species compared to E. coli, L. plantarum, and S. cerevisiae (Lytras et al., 2024b). In
the same research, L. monocytogenes L6 strain was identified as the most resistant
strain among the strains tested (Lytras et al., 2024b). In our research, without isolat-
ing the strain and matrix effects, E. coli, S. cerevisiae, and S. aureus showed the lowest
resistance, followed by Salmonella spp. and Listeria spp. (see Table 4.1); however, this
order was affected by the availability of data for each microbial species in the differ-
ent matrices. LAB, which involved multiple microbial species, and Pseudomonas spp.,
which had limited data, showed the highest resistance. Depending on the matrix cat-
egory, the order of microbial species changed, highlighting that the food environment
can shift microbial resistance. Therefore, matrix-specific models refined the model es-
timates showing that differences in animal milk, fruit juices, plant-based beverages,
liquid media, whey, and alcoholic products can yield strong matrix effects on the mi-
crobial resistance beyond acidity. These effects were up to eight-fold within a single
microbial species, and they did not necessarily follow the same pattern for all mi-
crobial species. As shown in previous studies, the effect of food factors such as pH
and protein concentration is prominent in PEF decontamination (García et al., 2007;
Sampedro et al., 2011; Schottroff et al., 2019; Timmermans et al., 2014). However, in
this study, acidity seemed to have a species-specific effect and, in some cases, to be less
important than other matrix effects. For example, for S. cerevisiae, the difference in
resistance was higher between high-acid fruit juice and high-acid alcoholic products
when compared to the difference with the low-acid fruit juice. For the low-acid liquid
medium category, a high variability in the resistance was observed for all microbial
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species (see Figure 4.1), which could be partially attributed to the multiple matrices
involved, such as saline water solutions, liquid buffers, and growth media. On the
other hand, high deviation from the fitted trendlines (Figure 4.1) was also observed
in the high-acid alcoholic product category, while the data were derived from only
three different wine varieties (red and white), indicating that the phenolic content or
other wine properties might also affect the inactivation. Independent validation ex-
periments in different matrices and devices would help confirm these matrix-specific
effects. These results indicate that while global 𝐷𝐸vol

values provide a useful starting
point (since they are based on the data available), matrix-specific models can provide
more realistic estimates.

After isolating the matrix effects, S. aureus, LAB, and Salmonella spp. showed no sig-
nificant differences from one another in high-acid fruit juices, which was the only
matrix category with available data for all three microorganisms (see Supplementary
Figure 4.1). S. aureus, LAB, and Salmonella spp. were also consistently more resistant
than S. cerevisiae, whereas E. coliwasmore resistant than S. cerevisiae in low- and high-
acid fruit juice but not in low-acid liquid medium. The magnitude of these differences
was matrix‑dependent. In order to obtain useful insights about LAB, Lactiplantibacil-
lus, Lacticaseibacillus, Lactococcus, Leuconostoc, Oenococcus, and Pediococcus had to be
grouped together. Although this grouping helped to provide useful insights about LAB
in general by using multiple microbial species, it also entailed higher variability since
the microbial responses to PEF differ not only between lactic acid bacteria but also be-
tween strains of the same species (Thamsuaidee et al., 2024). As shown in Figure 4.1,
the LAB dataset was the most highly variable, partially as a result of this grouping, but
also due to the matrix categories involved. For example, LAB in high-acid fruit juice
(n = 10) and in high-acid liquid medium (n = 36) were all Lactiplantibacillus plantarum
strains and were not so variable within the same matrix, but the two matrices still
differed from each other (Figure 4.2). For the high-acid alcoholic products, the lower
efficacy contradicts the expectation that alcohol-containing products would result in
higher inactivation since ethanol has the ability to alter the fluidity of microbial mem-
branes (Puligundla et al., 2018). This effect could not be confirmed in our database.
Even after isolating the microorganism effects, there were other sources of variability
that might be responsible for the lower decontamination efficacy of PEF in alcoholic
products. For example, for LAB in high-acid alcoholic products, the microbial reduc-
tions above 150 kJ/L were all coming from the same study where the authors reported
that the inactivation was not affected by the energy input level (González-Arenzana et
al., 2015). The same study was also responsible for 4 of the data points of S. cerevisiae
in high-acid alcoholic products at 171, 173, 206, and 263 kJ/L (Figure 4.1), where the
inactivation was also not affected by the energy input level. When the inactivation
was not affected by the energy input level for some data points, then the overall esti-
mated 𝐷𝐸vol

also increased. In contrast to other studies, this study also reported that
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the energy input needed to inactivate bacteria was not always higher than the energy
input needed for yeasts (González-Arenzana et al., 2015), which could explain why S.
cerevisiae was just as resistant as E. coli in low-acid liquid media (see Supplementary
Figure 4.1).

Although in previous research 80-120 kJ/kg was mentioned as the range of typical
conditions of PEF processing for the microbial inactivation of heat‑sensitive liquid
products (Aganovic and Smetana, 2022; Toepfl, 2011), this range of processing condi-
tions would not provide a 5-log10-reduction for most of the microbial species-matrix
category combinations when putting all available evidence together (see Figure 4.3).
Increasing the energy input to higher levels, such as 200 kJ/L or more, would provide
the desired reductions, but these levels might also pose some thermal effects given
that based on the calorimetric equation for an average specific heat capacity 𝐶𝑝 of liq-
uids at ~4 kJ/(kg·°C) this would translate to 50 °C of temperature increase in a matter
of seconds, especially if no cooling procedure is applied (Thamsuaidee et al., 2024).
That being said, several studies in the literature use PEF devices that operate at en-
ergy levels much higher than 300 kJ/L without mentioning thermal effects through the
application of cooling procedures (Amiali et al., 2006; Mosqueda-Melgar et al., 2008).
The aggregatedmean dose for a 5-log10-reductionwas 232 kJ/L (95% inverse prediction,
82-384 kJ/L). This 𝐸vol estimate was lower for most of the microbial species-matrix cat-
egory combinations and with increasing model specificity (see Figure 4.4). For most
microbial species‑matrix category combinations, the results were supported by mul-
tiple data points from several laboratories (see Figure 4.2), but a few estimates relied
on limited evidence. For LAB, all observations in high‑acid liquid medium originated
from a single study that explored 5 to 30 kJ/L volumetric energy input levels, whereas
the high‑acid fruit juice dataset from another study explored 35‑190 kJ/L. This dif-
ference in the process settings design and the corresponding differences in the 𝐷𝐸vol
values might also imply differences in the efficacy of different PEF devices, in addition
to the matrix effects. Nevertheless, meta-regression models of this type are generally
conservative at the high-exposure end since the heterogeneity of large pooled datasets
and the experimental bias in the source studies tend to make the fitted slopes less steep
and the corresponding D-values higher. The opposite occurs at the low-exposure end,
where resistance can be underestimated (Garre et al., 2023).

As with all meta-analyses and meta-regression models, by definition, when standard-
izing for effects, by filtering the dataset for certain conditions, the evidence will be
weaker due to a lower number of data points to support a trend observed. Addition-
ally, when standardizing for an intended effect, there are always unintended effects
that are filtered out at the same time. For example, while filtering for a specific food
matrix, we also filter for certain pH levels, but alsomaybe for specificmicrobial species,
and also for specific research teams and their equipment and practices, which is a form
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of selection bias. Therefore, the analyst must find the balance between zooming in the
dataset enough to isolate the main sources of variability, while retaining sufficient
observations to produce robust, generalizable trends from multiple studies; filter too
little and key effects remain hidden, filter too much and the evidence base becomes too
“thin” to be generic and considered as a meta-approach. The balance in this study was
found in the use of the volumetric energy input as the main independent numerical
variable, and microbial species and matrix category as the main independent categor-
ical variables that affect treatment efficacy. The decision tree in Figure 4.4 enables
volumetric energy input estimation from readily available product attributes (pH and
broad matrix category). Because the energy doses are expressed in kJ/L, they provide a
common quantitative scale that can, in combination with device- and process-specific
information, be linked to overall energy use, life-cycle assessments, and other sustain-
ability indicators such as greenhouse gas emissions. In this way, the models offer a
quantitative basis for future multi-criteria evaluation and optimization of PEF process-
ing. For process designers, they offer a practical starting point to select the worst-case
bound of the 95% inverse prediction interval and then refine operating conditions as
device- and product-specific validation data become available.

4.5 Conclusions
This study developed a database of 569 inactivation experiments from 28 studies and
performed meta-regression to establish the global kinetic parameters for PEF based
on seven microorganisms and various food matrices. Different food matrices induced
variability in decontamination efficacy, which could not be fully described with the ef-
fect of acidity alone. While 100 kJ/L would provide a 5-log10-reduction of S. cerevisiae
in low- and high-acid fruit juices, most microbial species-matrix category combina-
tions require more than 150 kJ/L; the overall mean dose was 232 kJ/L (95% inverse pre-
diction interval: 82-384 kJ/L). Future work should expand the database to additional
microbial species and periodically update the models. As with all models, validation
of the achieved reductions would also need to be performed before industrial appli-
cations, and it would be useful to link decontamination efficacy to sensory quality,
nutrient retention, and sustainability metrics such as energy demand and greenhouse
gas emissions. The kinetic parameters reported here provide a quantitative benchmark
for food business operators, life cycle and risk assessors, and regulatory authorities.
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Supplementary Material

The SupplementaryMaterial included below reproduces Supplementary Figure 4.1 and
Supplementary Material B. Supplementary Material A and Supplementary Table 4.1
are not included in the thesis body. They remain available with the published article
(DOI: 10.1016/j.ijfoodmicro.2025.111547).

Supplementary Figures
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Supplementary Material B

Worked example: energy dose that can achieve a 5-log10-reduction

As mentioned in Section 2.4.1, log-linear fits in the manuscript used:

log10( 𝑁0
𝑁(𝐸vol)

) = 𝐸vol
𝐷𝐸vol

Data used in this example

For the Salmonella spp. in high-acid fruit juice dataset (the complete set of regres-
sion equations for every microbial species-matrix category combination is provided
in Supplementary Table 4.1):

Variables Meaning Value

𝑛 observations 10
𝐷𝐸vol

decimal-reduction volumetric energy 36.7692 kJ/L

RSS ∑𝑛
𝑖=1[log10( 𝑁0

𝑁(𝐸vol))𝑖
− 𝐸vol,𝑖

𝐷𝐸vol
]

2
2.1

𝑅𝑀𝑆𝐸 √RSS/(𝑛 − 1) 0.47818
SSX ∑𝑛

𝑖=1 𝐸 2
vol,𝑖 1.12 ⋅ 105 (kJ/L)2

𝑡0.975, 9 two-sided 95 % 𝑡-value 2.2622

Forward prediction limits

The 95% prediction limits for log10-reduction at any volumetric energy input 𝐸vol
were:

log10( 𝑁0
𝑁(𝐸vol)

)

± 𝑡0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸

⋅ √ 1 + 𝐸2
vol

SSX ,

log10( 𝑁0
𝑁(𝐸vol)

) = 𝐸vol
𝐷𝐸vol
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This results in two nonlinear equations:

𝐸vol
𝐷𝐸vol

− 𝑡0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸 ⋅ √ 1 + 𝐸2
vol

SSX = log10( 𝑁0
𝑁(𝐸vol)

)

𝐸vol
𝐷𝐸vol

+ 𝑡0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸 ⋅ √ 1 + 𝐸2
vol

SSX = log10( 𝑁0
𝑁(𝐸vol)

)

Solving the inverse-prediction equations by turning them into a quadratic

If we isolate the square-root term in the worst-case (minus sign) equation and then
square both sides:

( 1
𝐷𝐸vol

) ⋅ 𝐸vol − log10( 𝑁0
𝑁(𝐸vol)

) = 𝑡0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸

⋅ √1 + 𝐸2
vol

SSX

⇒ ( 1
𝐷𝐸vol

)
2

⋅ 𝐸2
vol −

2 ⋅ log10( 𝑁0
𝑁(𝐸vol))

𝐷𝐸vol

⋅ 𝐸vol + [log10( 𝑁0
𝑁(𝐸vol)

)]
2

= 𝑡2
0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸2

⋅ (1 + 𝐸2
vol

SSX)

Because taking either the “+” or “-” prediction-limit equation yields the same quadratic
after squaring, the two real roots of that quadratic are the lower- and upper-bound
energy inputs required for the specified log10-reduction.

Re-arranging gives a quadratic in 𝐸vol:
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⎡⎢
⎣

( 1
𝐷𝐸vol

)
2

− 𝑡2
0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸2

SSX
⎤⎥
⎦

⋅ 𝐸2
vol

−
2 ⋅ log10( 𝑁0

𝑁(𝐸vol))
𝐷𝐸vol

⋅ 𝐸vol

+ [(log10( 𝑁0
𝑁(𝐸vol)

))
2

− 𝑡2
0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸2]

= 0

Therefore, the quadratic can be written in the standard form 𝑎 ⋅ 𝐸2
vol + 𝑏 ⋅ 𝐸vol + 𝑐 = 0

with coefficients:

𝑎 = ( 1
𝐷𝐸vol

)
2

− 𝑡2
0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸2

SSX ,

𝑏 = −
2 ⋅ log10( 𝑁0

𝑁(𝐸vol))
𝐷𝐸vol

,

𝑐 = (log10( 𝑁0
𝑁(𝐸vol)

))
2

− 𝑡2
0.975, 𝑛−1 ⋅ 𝑅𝑀𝑆𝐸2

For the present data set and 5-log10-reduction:

𝑎 = (1/36.7692)2 − 2.26222 ⋅ 0.478182

1.12 ⋅ 105 = 7.29 ⋅ 10−4,

𝑏 = − 10
36.7692 = −2.72 ⋅ 10−1,

𝑐 = 25 − 2.26222 ⋅ 0.478182 = 23.83

The discriminant is:

Δ = 𝑏2 − 4 ⋅ 𝑎 ⋅ 𝑐
= (2.72 ⋅ 10−1)2 − 4 ⋅ 7.29 ⋅ 10−4 ⋅ 23.83
= 4.45 ⋅ 10−3 > 0,
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so two real roots exist:

𝐸vol = − 𝑏 ±
√

Δ
2 ⋅ 𝑎 = 0.272 ± 0.0668

2 ⋅ (7.29 ⋅ 10−4)

Hence, the two real roots of the quadratic give the volumetric-energy bounds that can
assure a 5-log10 reduction:

𝐸vol,low = 141 kJ/L, 𝐸vol,high = 232 kJ/L

The a, b, c terms and the discriminant Δ together with the estimated 𝐸vol,low and
𝐸vol,high for all microbial species-matrix category combinations can be found in Sup-
plementary Table 4.1.

Because 𝐸vol = 5 𝐷𝐸vol
for a 5-log10-target, the corresponding 𝐷𝐸vol

values are:

𝐷𝐸vol,best
= 𝐸vol,low

5 = 141
5 = 28.2 kJ/L, 𝐷𝐸vol,worst

= 𝐸vol,high

5 = 232
5 = 46.4 kJ/L

The mean volumetric energy input to achieve 5-log10-reduction is:

𝐸vol = 5 ⋅ 𝐷𝐸vol
= 5 ⋅ 36.8 = 184 kJ/L

The 95% inverse-prediction interval is:

[𝐸vol,low, 𝐸vol,high] = [ 141, 232 ] kJ/L

Therefore, the 95% inverse prediction interval was estimated at 141-232 kJ/L for
Salmonella spp. in high-acid fruit juice. The same calculation was applied to every
microbial species-matrix category combination; the resulting mean volumetric energy
inputs to achieve a 5-log10-reduction (5/𝐷𝐸vol

) and the inverse prediction intervals
were used to generate Figure 4.4.
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Abstract

High-pressure processing (HPP) is a non-thermal food processing technology that can
inactivate microbiological hazards (MHs) while preserving product quality. This study
compiled 2692 D-values across 15 MHs pressurized at different pressures at a tem-
perature ≤ 45 °C. The Bigelow model was used to estimate Dref values at Pref of 500
MPa. Based on these values, MHs were grouped into three HPP resistance categories
across all food matrices: 1) Sensitive (D500MPa < 1 min): Vibrio spp., Aeromonas caviae,
Campylobacter spp., Rotavirus, Cronobacter spp., Hepatitis A, Norovirus; 2) Moderate
(1 ≤ D500MPa < 3 min): Yersinia enterocolitica, Listeria monocytogenes, Mycobacterium
tuberculosis var. bovis, Salmonella enterica non-Typhi, Hepatitis E, Escherichia coli;
and 3) Resistant (D500MPa ≥ 3 min): Staphylococcus aureus, Bacillus cereus (vegetative
cells). However, food matrix composition strongly influenced microbial resistance to
HPP: low water activity (aw ≤ 0.95) conferred protection, while acidic (pH ≤ 4.5) or
high aw matrices (aw > 0.95) enhanced inactivation. Multiple linear regression identi-
fied microbial species, aw, and pH as significant predictors of the inactivation; other
product characteristics, such as protein and carbohydrate content, showed limited ef-
fects. A decision-support framework was developed to evaluate MH resistance to HPP
processing. The framework integrates three complementary approaches: 1) MH resis-
tance ranking at 500 MPa, 2) matrix-stratified inactivation estimates by food category,
and 3) multiple linear regression modeling using aw and pH as independent variables.
These approaches complement one another and support MH resistance evaluation un-
der different data availability scenarios.
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5.1 Introduction

Ensuring food safety is essential to protect consumers from foodborne microbiologi-
cal hazards (MHs), including bacteria, viruses, parasites, physical hazards, and harmful
chemical contaminants (World Health Organization, 2021, 2015). To achieve this, food
safety regulations and food safety management systems are in place (Codex Alimen-
tarius Commission, 2019; European Union, 2002). A key way to control microbial
food safety is the use of processing treatments to inactivate MHs. Traditionally, ther-
mal treatments, such as pasteurization, boiling, and sterilization, have been the most
widely applied methods in the food industry (Espinosa et al., 2020; Juneja, 2001; Van
Asselt and Zwietering, 2006). However, consumers increasingly demand not only safe
food but also the preservation of nutritional quality and fresh-like sensory attributes.
This shift has driven research into milder food processing techniques, such as ultra-
violet light, non-thermal plasma, pulsed electric fields, and high-pressure processing
(HPP) (Den Besten and Valdramidis, 2025; Silva et al., 2024). These technologies offer
the advantage of inactivatingMHswhile better preserving sensory freshness traits and
nutrients such as vitamins, antioxidants, and essential micronutrients, which could be
reduced during traditional thermal processing (Niu et al., 2022; Rodríguez-Roque et
al., 2016). Among these, HPP is one of the most commercially successful non-thermal
food processing technologies, typically operating at temperatures below 40 °C (EFSA
Panel on Biological Hazards (BIOHAZ) et al., 2022; Huang et al., 2017).

Currently, food industry applications of HPP involve processing at hydrostatic pres-
sures of 400 to 600 MPa for a few minutes to inactivate MHs and spoilage microor-
ganisms in various food products (EFSA Panel on Biological Hazards (BIOHAZ) et al.,
2022). HPP is not strictly a novel technology, as the first commercial applications en-
tered the Japanese market in 1980 and included yogurts, jams, and jellies (Aganovic
et al., 2021). HPP is currently an emerging food preservation technology with an in-
creasing number of food product applications. In 2019, more than 550 commercial HPP
machines for food processing were in operation worldwide (Aganovic et al., 2021), in-
creasing to 700 industrial units by the end of 2025 (Hiperbaric, 2025). Despite this
growth, the installed base remains modest compared with established thermal pro-
cessing technologies, reflecting the substantial capital investment required for HPP
equipment. Nevertheless, uptake continues to expand, supported in part by contract
“tolling” facilities that provide HPP services without requiring in-house ownership of
a unit (Aganovic et al., 2021). Today, HPP is more frequently applied to meat and
meat products, cheese and other dairy products, juices, smoothies, fish and fish prod-
ucts, and ready-to-eat products (Alemán et al., 1994; O’Reilly et al., 2000; Patterson
et al., 1996; Pérez et al., 2023; Serra-Castelló et al., 2022; Simpson, 1998). Recently,
EFSA evaluated HPP for raw milk and concluded that pathogen reductions achieved
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under current industrial HPP conditions are lower than those required for thermal
pasteurization. However, minimum pressure-time combinations were defined to meet
specified performance criteria for hazard reduction (EFSA Panel on Biological Hazards
(BIOHAZ) et al., 2022). Beyond efficacy considerations, wider adoption is mainly con-
strained by high capital investment, when operating costs also matter, with electricity
demand being the major contributor (Cacace et al., 2020).

The efficacy of HPP depends on several factors, including processing parameters (pres-
sure, initial temperature of the pressurization fluid, come-up time, and holding time)
(EFSA Panel on Biological Hazards (BIOHAZ) et al., 2022; Santillana Farakos and Zwi-
etering, 2011) and food matrix characteristics (pH, water activity (aw), fat, protein, and
carbohydrate content) (Sehrawat et al., 2020; Serra-Castelló et al., 2022). Microbial
physiology also plays a crucial role, as resistance varies depending on factors such as
growth phase (i.e., physiological state), cellular complexity, cell shape, and cell wall
structure (Mañas andMackey, 2004). For instance, despite the strain variability, Gram-
positive bacteria (particularly cocci) generally exhibit higher pressure tolerance than
Gram-negative bacteria, while parasites are thought to bemore susceptible (Mañas and
Mackey, 2004; Rolfe et al., 2023). However, spores of spore-forming bacteria such as
Bacillus cereus, Clostridium botulinum, and Clostridium perfringens are highly resistant
to non-thermal HPP treatments and often require additional thermal inputs to achieve
sufficient inactivation (EFSA Panel on Biological Hazards (BIOHAZ) et al., 2022).

Despite the growing application of HPP in the food industry, knowledge gaps remain.
Most existing literature focuses on specific MHs or food matrices, with the majority
of available data referring to Salmonella, Listeria spp., pathogenic Escherichia coli, and
Staphylococcus aureus (EFSA Panel on Biological Hazards (BIOHAZ) et al., 2022; Eve-
lyn and Silva, 2019; Santillana Farakos and Zwietering, 2011; Torrents-Masoliver et
al., 2025). Furthermore, some research studies report inactivation data under unreal-
istic processing conditions for industrial equipment, such as pressures exceeding 600
MPa or prolonged holding times (Lenz and Vogel, 2014; Margosch et al., 2004; Shao et
al., 2022), that do not reflect standard industrial practices, which typically use 400-600
MPa for up to 6 minutes (EFSA Panel on Biological Hazards (BIOHAZ) et al., 2022).

Building on our earlier work on microbiological hazard identification and risk ranking
in infant foods Yeak et al. (2024a, 2024b), this study compiles and analyzes HPP inac-
tivation data for 15 foodborne MHs, including bacteria and viruses, across a range of
food products. To support decision-making across pressure levels and food matrices,
MH resistance was quantified and ranked using log10D-values standardized at a refer-
ence pressure of 500 MPa. Matrix effects were addressed using a tiered analysis, first
stratifying by food category and, where needed, further evaluating intrinsic product
characteristics such as pH and aw.
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5.2 Methods

5.2.1 List of microbiological hazards and food categories

Based on literature coverage and our earlier hazard identification work (Yeak et al.,
2024b, 2022), an initial list of 34 MHs was targeted. Of these, 22 MHs were rep-
resented in the compiled dataset, and 15 had sufficient usable data for quantitative
analysis, namely, Aeromonas caviae, Bacillus cereus (vegetative cells), Campylobacter
spp., Cronobacter spp., Escherichia coli, Hepatitis A, Hepatitis E, Listeria monocyto-
genes,Mycobacterium tuberculosis var. bovis, Norovirus, Rotavirus, Salmonella enterica
non-Typhi, Staphylococcus aureus, Vibrio spp., and Yersinia enterocolitica. The remain-
ing hazards were excluded due to no or limited usable data, incomplete reporting, or
inconsistent experimental conditions. Similar limitations have been documented for
other non-thermal technologies, such as non-thermal plasma (Pampoukis et al., 2024)
and pulsed electric fields (Pampoukis et al., 2026), where incomplete and inconsistent
reporting of experimental metadata constrains cross-study comparisons and reuse of
data (Pampoukis et al., 2025). The literature review and data curation procedures are
described in detail in Section 5.2.2.

The food categories used in this study follow the classification approach discussed
in Yeak et al. (2024a, 2024b), and were mapped to EFSA’s FoodEx2 system for food
classification (EFSA, 2015). These included: fish and fish products; meat and meat
products; egg and egg products; milk and milk products, including two subgroups
(milk and dairy products, and cheese and cheese products); food of non-animal origin
(FoNAO), including subgroups of fruits and vegetable products, cereal products and
rice and seeds, herbs and spices, and plant-based formulas.

HPP inactivation data for the 15 MHs across these defined food categories were col-
lected through database searches using tailored search strategies, as described in Sec-
tion 5.2.2.1. All relevant records were screened and curated according to specific in-
clusion and exclusion criteria.

5.2.2 Literature review and data curation

5.2.2.1 Databases and search strings

A literature search in five established databases, namely, Scopus, PubMed, Web of
Science, FSTA, and CAB Abstracts, was conducted to retrieve relevant studies. Search
stringswere composed of keywords and their synonyms related toHPP,MHs, and food

115

5



Chapter 5

matrices. Boolean operators such as “AND,” “W/ (within),” and “PRE/” were adapted
to suit each database’s syntax and search logic. To maximize coverage and minimize
duplication, all retrieved records were pooled, and duplicates were removed. Below is
an example of a search string used in Scopus for Salmonella spp. in pork:

”high-pressure processing” OR ”high pressure processing” OR ”HPP” OR ”HHP” OR
”high hydrostatic pressure” OR ”high-hydrostatic pressure”) W/7 (”treatment” OR ”in-
activat*” OR ”decontaminat*” OR ”steriliz*” OR ”pasteuriz*” OR “sterilis” OR “pas-
teuris*”) AND (”Salmonella”) AND (”pork”).

The same search terms were used across databases, with adjustments made only for
database-specific syntax and operators.

5.2.2.2 Literature review and exclusion criteria

A total of 13717 articles were retrieved from the five databases using the search query
described in Section 5.2.2.1. After removing the duplicates, 3529 articles remained.
Articles were then screened based on the exclusion criteria summarized in Figure 5.1,
which were: 1) Non-English articles; 2) Title, abstract, and keywords not indicating
high-pressure processing, HPP, or their synonyms; 3) Articles about HPP but not for
microbial inactivation; 4) Temperature during/after HPP processing > 45 °C; 5) HPP
in combination with other lethal treatments, such as irradiation; 6) D-values or log10-
reduction values were not reported, or data could not be used to derive the D-value,
e.g., articles reporting “not-detected” or “no-detection” for a hazard after HPP; 7) The
total microbial reduction was < 0.5 log10 units; 8) Treatment was applied to spores,
and 9) Microbiological hazards with insufficient D-values for meta-regression (n ≤ 6).
After applying these criteria, 184 articles were selected containing extractable, relevant
data, which were included in the final analysis of non-spore-forming MHs that can be
inactivated by non-thermal HPP (≤ 45 °C).

5.2.2.3 Data extraction, imputation, and cleaning

Data from seven informational categories were extracted from the 184 articles: 1) Sci-
entific article: title, DOI, and publication year; 2) Product characteristics: food matrix
data (pH, aw, fat, NaCl, protein and carbohydrate content) that may influence HPP ef-
ficacy; 3) Hazard characteristics: strain/s, cocktail, surrogate/s, or serotype/s of MHs
showing differences in HPP inactivation efficacy in certain food products; 4) Haz-
ard inoculum: inoculum levels used; 5) HPP processing parameters: applied pressure
(MPa), come-up time, processing (holding) time, initial and actual processing tem-
perature; 6) Adaptation before HPP treatment and growth phase of cultures; and 7)
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Inactivation data: log10-reduction values, D-values, and information about the num-
ber of observations used to estimate the D-values. For studies presenting data only in
the form of graphs, the numerical values were extracted using the WebPlotDigitizer
software (version 4.6) (Rohatgi, 2025). The full database is available in Supplementary
Table 5.1.

Figure 5.1: Literature review procedure and retrieved number of articles, including exclusion criteria
and total data obtained (final quantitative dataset: 15 microbiological hazards).

When product characteristics were not reported, values for pH, aw, fat, proteins, and
carbohydrates were imputed for this food product using data from the FoodData Cen-
tral USDA database, available at https://fdc.nal.usda.gov/. Additionally, pH, aw, and fat
content were categorized based on thresholds relevant to HPP resistance: pH (≤ 4.5
and > 4.5) (Guillou andMembré, 2019), aw (aw: ≤ 0.95 and > 0.95) (Guillou andMembré,
2019; Serra-Castelló, 2023; Valdivielso, 2023) and fat (≤ 10% and > 10%) (EFSA Panel on
Biological Hazards (BIOHAZ) et al., 2022; Sehrawat et al., 2020; Shad et al., 2024). The
actual processing temperature during HPP was also imputed when not reported, using
an estimated increase of 3 °C per 100 MPa (EFSA Panel on Biological Hazards (BIO-
HAZ) et al., 2022).

To prepare a clean dataset suitable for statistical analysis and model fitting, the ex-
tracted raw data were reviewed, sorted, and refined to remove inconsistencies, for-
matting errors, and irrelevant entries. Subsequently, D-values, i.e., the pressurization
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time required to achieve a 1-log10-reduction in an MH, were estimated per study and
condition set by fitting a primary linear model to the available log10-reduction values
and their corresponding treatment times at a given pressure level. Inactivation kinetic
datasets consisting of at least three log10-reduction values for different treatment times
at a given pressure level were not always available. In these cases, D-values were cal-
culated from a single survival log10-count or log10-reduction value as the inverse of
the slope between the reported initial level and the level after HPP. The D-values were
subsequently log10-transformed into log10D-values.

5.2.3 Data analysis

To characterize MH resistance to HPP across pressure levels, the pressure-adapted
Bigelow model (Bigelow, 1921) (Equation 5.1) was fitted to the log10-transformed D-
values collected for MHs at different pressure levels:

𝑙𝑜𝑔10𝐷 = log10 𝐷𝑟𝑒𝑓 +
(𝑃𝑟𝑒𝑓 − 𝑃 )

𝑧𝑃
(5.1)

where log10D is the time (log10 minutes) required to achieve a 1-log10-reduction of
MHs at the applied pressure; log10Dref is the time (log10 minutes) required to achieve a
1-log10-reduction of MHs at reference pressure, i.e., 500 MPa; P is the applied pressure
during holding time (MPa); Pref is the reference pressure (500 MPa), and 𝑧𝑃 is the
increase in pressure necessary to reduce log10D by one (MPa).

The Bigelowmodel was fitted separately to eachMH dataset and to stratifiedMH-food
category subsets. Model fit was summarized by the standard error of the regression
(rootmean square error (RMSE)) and the standard errors of the parameter estimates. In
addition, 95% prediction intervals (PI) were calculated to quantify uncertainty and the
expected variability around the predicted log10D-values. Full details of the statistical
calculations, including the estimation of standard errors and prediction intervals, are
provided in Supplementary Material A.

To better understand the food matrix effects on the inactivation of all MHs and avoid
focusing only on certain MHs that have enough data for multiple food characteristics,
multiple linear regression was implemented. The multiple linear regression approach
used pressure (MPa) and the intrinsic food characteristics such as pH, protein con-
tent (%), carbohydrate content (%) as numerical independent variables, and MH, aw
(≤ 0.95, > 0.95), and fat (≤ 10%, > 10%) as categorical independent variables. The aw
and fat variables were treated categorically to minimize the impact of data loss from
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missing values, enabling inclusion of a wider dataset and supporting more generaliz-
able inference on their effects on inactivation. Most foods (liquids) in the dataset had
aw values above 0.95, with a smaller subset falling below this threshold. The 10% fat
cut-off was determined based on the dataset, where most lean foods contained less
than 10% fat, whereas higher-fat foods, such as cheese, clearly stood out above this
value. In previous research, 10% of fat was also used as the starting point to evalu-
ate the ability of fat to induce high-pressure resistance against L. monocytogenes in
dry-cured ham (Bover-Cid et al., 2015). The MHs were converted to dummy variables
(0, 1), and L. monocytogenes was selected as the baseline species because it was the
most frequently represented MH in the dataset used for the multiple linear regression.
To avoid multicollinearity, only variables with a Variance Inflation Factor (VIF) ≤ 5
were used. Additionally, backward elimination was performed to exclude variables
that were not significantly different from 0 for numerical variables, their counterparts
for the categorical variables, or the baseline species for the MH dummy variable, at
a significance level 𝛼 = 0.05 (p-value > 0.05). Candidate multiple linear regression
models were compared using Akaike’s Information Criterion (AIC) (equation in Sup-
plementary Material A), and the model with the lowest AIC was selected, while pri-
oritizing inclusion of the largest possible number of observations. For completeness,
models and model parameters that were excluded after these screening steps are re-
ported in Supplementary Table 5.4. The data analysis was performed in Python 3.11.2
(Van Rossum and Drake, 2009). To give the multiple linear regression model better in-
terpretability, pressure was fitted as a reparametrized variable as 500-P, and the pH as
7-pH. Therefore, the intercept of the resulting model corresponds to the log10D-value
when all variables are set to zero, corresponding to the inactivation of L. monocyto-
genes (baseline species) at a matrix of pH 7, aw category > 0.95 at a pressure level of
500 MPa.

5.3 Results and Discussion

5.3.1 Estimation of log10D at a reference pressure of 500 MPa

A total of 2692 log10D-values were initially compiled from 184 published HPP inactiva-
tion articles. Although 34MHswere initially targeted based on literature coverage and
hazard identification work, only 15 were retained for quantitative analysis after data
curation. Several hazards, including parasites, were not represented because the avail-
able outcomes did not meet the eligibility criteria, and therefore, they could not sup-
port a reliable log10D estimation. The resulting evidence base in the literature remains
concentrated on a small set of well-studied pathogens, mainly Salmonella non-Typhi,
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L. monocytogenes, E. coli, and S. aureus, highlighting the need for more consistent and
quantitative inactivation data for underrepresented hazard groups to strengthen future
HPP risk evaluation frameworks.
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To enable standardized comparisons of theMHs in terms of pressure level, the Bigelow
model was fitted to the log10D-values collected for each MH to describe their inactiva-
tion resistance under HPP (Figure 5.2). A higher log10Dref (at Pref = 500 MPa) together
with a higher 𝑧𝑃 value indicated greater resistance toHPP. The estimated log10D500MPa-
values representing the average time (in log10 minutes) required to achieve a 1-log10-
reduction at 500 MPa were used as a first step to rank MHs in terms of HPP resistance
(Table 5.1). Based on these values, the resistance ranking from least to most resistant
was: Vibrio spp. < A. caviae < Campylobacter spp. < Rotavirus < Cronobacter spp. <
Hepatitis A < Norovirus < Y. enterocolitica < L. monocytogenes < M. bovis < Salmonella
non-Typhi < Hepatitis E < E. coli < S. aureus < B. cereus (vegetative cells). MHs were
further categorized based on their log10D500MPa: 1) Sensitive (D500MPa ≤ 1 min), 2) Mod-
erate (1 < D500MPa ≤ 3 min), and 3) Resistant (D500MPa > 3 min) (Table 5.1).

Table 5.1: Microbiological hazard ranking based on the log10D value at a reference pressure level
(500 MPa). The dataset is filtered for non-spores and processing temperature ≤ 45 °C
(𝑛 = 2692)

Microbiological hazards
pressure
resistance group

Microbiological Hazard log10 D500MPa
(log10 min)

± SE

𝑧𝑃 ± SE
(MPa)

Root Mean
Square Error

(RMSE)
(log10 min)

n

Sensitive
(D500MPa ≤ 1 min)

Vibrio spp. -0.89 ± 0.07 314 ± 28 0.34 217

A. caviae -0.73 ± 0.26 200 ± 33 0.21 12
Campylobacter spp. -0.59 ± 0.18 205 ± 33 0.40 56

Rotavirus -0.51 ± 0.04 481 ± 49 0.17 88
Cronobacter spp. -0.47 ± 0.06 311 ± 28 0.32 56

Hepatitis A -0.15 ± 0.09 360 ± 87 0.41 87
Norovirus -0.09 ± 0.05 811 ± 167 0.41 274

Moderate
(1 min < D500MPa ≤ 3
min)

Y. enterocolitica 0.08 ± 0.11 365 ± 66 0.38 64

L. monocytogenes 0.15 ± 0.02 383 ± 17 0.43 608
M. bovis 0.30 ± 0.07 238 ± 37 0.29 35

Salmonella non-Typhi 0.31 ± 0.03 924 ± 152 0.43 289
Hepatitis E 0.38 ± 0.10 1230 ± 1152 0.49 28

E. coli 0.44 ± 0.03 668 ± 83 0.54 609
Resistant
(D500MPa > 3 min)

S. aureus 0.58 ± 0.03 553 ± 54 0.39 259

B. cereus (vegetative cells) 0.60 ± 0.22 2066 ± 4151 0.30 10

The sensitive resistance group included Vibrio spp., A. caviae, Campylobacter spp.,
Rotavirus, Cronobacter spp., Hepatitis A, and Norovirus with D500MPa < 1 min (or
log10D500MPa < 0 log10 min), suggesting a short processing time is required for effective
inactivation (Table 5.1).

The moderate resistance group included Y. enterocolitica, L. monocytogenes, M. bovis,
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Salmonella non-Typhi, Hepatitis E, and E. coli with log10D500MPa values ranging from
0.08 to 0.44 (Table 5.1). Among these, E. coli (n = 609), L. monocytogenes (n = 608),
and Salmonella non-Typhi (n = 289) were the most extensively studied (Table 5.1),
providing high confidence in their ranking. In contrast, M. bovis (n = 35) had fewer
data points, reducing confidence in its exact ranking.

Interestingly, although both Hepatitis A and E are non-enveloped viruses, their esti-
mated log10D500MPa-values differed (Table 5.1). This discrepancy may partially reflect
the matrices represented for each virus, including variability within the broad lab me-
dia category (Figure 5.2). Hepatitis A is primarily linked to fresh produce such as leafy
greens and berries (Govaris and Pexara, 2021; Hirneisen and Kniel, 2013; Kingsley et
al., 2005), which typically have lower pH, lower fat, and protein content, although it
was also studied in fish and fish products in this dataset (Figure 5.2). In contrast, Hep-
atitis E is more often associated with raw or undercooked pork products (Emmoth et
al., 2017; Nasheri et al., 2020), where higher fat and protein levels may offer protective
effects to viral particles under pressure (Serra-Castelló et al., 2022). In this dataset,
the available Hepatitis E data were concentrated in meat and meat products and lab
media, with higher log10D-values in the former and an apparent separation across ma-
trix categories (Figure 5.2). These observations underscore the vital role that matrix
composition plays in shaping MH resistance, even among viruses with similar struc-
tural characteristics. Importantly, most MHs in the moderate resistance group were
predominantly studied in specific food types. As a result, their observed inactiva-
tion levels may reflect the trends relevant to those matrices rather than generalizable
across all food products, underscoring the need for broader cross-matrix investigations
to draw generalizable conclusions.

The resistant group comprised S. aureus, B. cereus (vegetative cells), each with D500MPa
> 3 min (or log10D500MPa > 0.48), indicating comparatively high resistance to HPP (Ta-
ble 5.1). Among them, S. aureus (n = 259) had a larger dataset, providing robust es-
timations of prediction intervals (Figure 5.2). In contrast, B. cereus (vegetative cells)
exhibited a high 𝑧𝑃 value, suggesting that resistance was not affected by the pres-
sure level, contrary to the expected pressure-inactivation trend. This result is likely
explained by the small dataset (n = 10) obtained from experiments with single treat-
ment times, rather than reflecting the true kinetic behavior, highlighting the impact
of rough calculation of the D-values (i.e., based on one single log10-reduction) and the
limited number of D-values in total (n = 10).

Several MHs, such as Norovirus, Salmonella non-Typhi, Hepatitis E, and B. cereus, ex-
hibited high 𝑧𝑃 values when pooling the available data across all food matrices. Such
patterns are common in meta-regression models. Meta-regression models are gener-
ally conservative at the high-exposure end since the heterogeneity of large, pooled
datasets and the experimental bias in the source studies tend to make the fitted slopes
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less steep and the corresponding 𝑧𝑃 values higher. The opposite occurs at the low-
exposure end, where resistance can be underestimated (Garre et al., 2023). At the same
time, the pooled estimate represents an average response across diverse conditions, so
individual observations may deviate substantially from the fitted line. For instance,
for E. coli at 400 MPa, reported log10D-values vary roughly from ‑0.7 to 2.0 log10 min,
while the pooled model predicts around 0.6 log10 min, illustrating that pooled fits can
overestimate or underestimate inactivation under specific-matrix conditions.

In meta-regression models, there is always some unexplained variability involved,
which partially originates from the variability in the characteristics of the food matri-
ces, the microbial strains assessed, and the experimental bias in the original studies,
but also from the unspecified practices of each research team and the specific goals
of each study (Pampoukis et al., 2024). Since 𝑧𝑃 reflects the rate of change in log10D
with pressure, increasing or decreasing the pressure may influence the relative classi-
fication of MHs. To assess the robustness of the 500 MPa‑based resistance rankings,
classifications were recalculated at 400 MPa and 600 MPa. The rankings remained
largely consistent across these levels, with the MHs shifting up to 1-2 positions higher
or lower when going from 500 MPa to 400 MPa or 600 MPa. The only exception was
M. bovis, which shifted from moderate resistance positions at 500 MPa to higher resis-
tance at 400 MPa, consistent with its relatively low 𝑧𝑃 (stronger pressure dependence
of log10D). The estimated log10D-values at 400, 500, and 600 MPa with their 95% PI,
and other statistical metrics can be found in Supplementary Table 5.2. These findings
confirm that the pressure-based resistance ranking of MHs is generally stable across
the industrially relevant HPP range (400-600 MPa) (EFSA Panel on Biological Haz-
ards (BIOHAZ) et al., 2022). Where EFSA reported log-linear parameter estimates for
the same hazards (Campylobacter spp., M. bovis, L. monocytogenes, E. coli, S. aureus)
in raw milk, the overall ranking of pressure sensitivity was broadly consistent with
the pooled trends observed in the present dataset (EFSA Panel on Biological Hazards
(BIOHAZ) et al., 2022). Since EFSA also applied a pooled analysis, we additionally
estimated log10Dref at 600 MPa from our fitted models to enable direct comparison of
Dref and 𝑧𝑃 values between the two assessments (Supplementary Table 5.3). Notably,
EFSA estimates were derived from pooled inactivation data in raw milk, whereas the
present fits reflect pooled observations acrossmultiple foodmatrices (Table 5.1), which
is expected to influence absolute parameter values. In this comparison, 𝑧𝑃 values were
broadly comparable for M. bovis, while EFSA reported higher Dref at 600 MPa for L.
monocytogenes, E. coli, and S. aureus than the pooled estimates derived here, whereas
Campylobacter spp., although among the most sensitive in our dataset, showed sub-
stantially lower Dref at 600 MPa in EFSA (Supplementary Table 5.3). These differences
likely reflect the contrasting matrix composition and evidence base of the two pooled
datasets. In addition, the present dataset included some D-values derived from single-
log10-reductions, which support wider comparisons but can increase between-study
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variability and parameter uncertainty in the pooled estimates.

Overall, these findings highlight that resistance classifications based solely on log10Dref
or 𝑧𝑃 values may result in big variations without context. Factors such as the food
matrix variability, the number of observations used to derive the kinetic parameters,
and the corresponding model fit must be considered when evaluating HPP resistance.
This is especially critical when using pooled literature data for predictive modeling,
as the extent of variability can significantly influence confidence in MH resistance
classifications.

5.3.2 Impact of food matrix on log10D-values

The resistance ranking presented in Section 5.3.1 was standardized solely based on
pressure but did not consider the influence of food matrices, which is an important
limitation. Food characteristics are well-documented to significantly influence MH
resistance to HPP (EFSA Panel on Biological Hazards (BIOHAZ) et al., 2022; Santil-
lana Farakos and Zwietering, 2011; Sehrawat et al., 2020; Serra-Castelló et al., 2022;
Torrents-Masoliver et al., 2025). Depending on food characteristics such as pH, aw,
and fat content, the food matrix can either enhance or reduce the efficacy of pressure-
based MH inactivation. To explore this further, MH resistance was re-evaluated using
stratified datasets based on food category, and the Bigelow model was fitted for each
MH-food category combination (Table 5.2). MH-matrix category combinations that
had fewer than 6 data points available from diverse sources and yielded negative 𝑧𝑃
values or 𝑧𝑃 values > 1000MPawere excluded fromTable 5.2 to avoid fits that might be
too forced or misleading because they indicate either a weak pressure-inactivation re-
lationship or even reduced inactivation at higher pressures, which is likely attributable
to additional sources of variability that could not be explained through the effects of
pressure-time, microbial hazard, and food category. This was primarily due to ei-
ther a limited number of observations used to estimate a log10D-value (i.e., estimation
from one single log10-reduction), a limited number of corresponding log10D-values in
certain MH-food category combinations, or high variability present within these com-
binations driven by more specific MH characteristics (e.g., strain) or product charac-
teristics. Food categories can vary in a wide range of pH and aw values. For example,
meat and meat products can vary from dry-cured meats with low aw to cooked meats
with high aw, and fruits and vegetables can vary from low-acid to high-acid, which are
key contributors to variability in HPP inactivation patterns.
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Table 5.2: Microbiological hazard log10D values at 500 MPa reference pressure in different food
categories (𝑛 ≥ 6, 0 < 𝑧𝑃 ≤ 1000 MPa)

Microbiological
Hazard

Food categories log10 D500MPa
(log10 min)

± SE

𝑧𝑃 ± SE (MPa) Root Mean
Square Error

(RMSE)
(log10 min)

n

Campylobacter spp. Meat and meat products -0.97 ± 0.26 160 ± 30 0.46 23
Campylobacter spp. Lab media -0.40 ± 0.34 296 ± 113 0.18 10
Campylobacter spp. Milk and dairy products -0.15 ± 0.28 246 ± 77 0.30 19
Cronobacter spp. Lab media -0.51 ± 0.05 430 ± 51 0.20 26
Cronobacter spp. Milk and dairy products -0.42 ± 0.08 268 ± 28 0.33 30
E. coli Fish and fish products -0.12 ± 0.08 323 ± 73 0.39 23
E. coli Meat and meat products 0.13 ± 0.04 328 ± 34 0.43 207
E. coli Cheese and cheese products 0.31 ± 0.08 476 ± 112 0.50 78
E. coli Lab media 0.66 ± 0.06 445 ± 78 0.44 72
E. coli Milk and dairy products 0.80 ± 0.05 866 ± 248 0.42 90
Hepatitis A Fish and fish products -0.79 ± 0.19 137 ± 27 0.29 19
Hepatitis A Fruits and vegetables -0.36 ± 0.15 266 ± 54 0.23 13
Hepatitis A Lab media 0.01 ± 0.13 592 ± 360 0.45 55
Hepatitis E Lab media 0.10 ± 0.12 946 ± 705 0.35 14
Hepatitis E Meat and meat products 0.63 ± 0.12 365 ± 148 0.43 14
L. monocytogenes Egg and egg products -0.13 ± 0.15 230 ± 46 0.32 15
L. monocytogenes Lab media -0.09 ± 0.10 668 ± 279 0.37 57
L. monocytogenes Meat and meat products 0.07 ± 0.03 369 ± 27 0.43 182
L. monocytogenes Fruits and vegetables 0.11 ± 0.13 410 ± 111 0.59 53
L. monocytogenes Milk and dairy products 0.13 ± 0.06 372 ± 58 0.40 83
L. monocytogenes Fish and fish products 0.22 ± 0.06 280 ± 47 0.37 33
L. monocytogenes Cheese and cheese products 0.39 ± 0.03 472 ± 42 0.29 184
M. bovis Milk and dairy products 0.30 ± 0.07 238 ± 37 0.29 35
Norovirus Other foods -0.65 ± 0.20 197 ± 45 0.39 20
Norovirus Lab media -0.26 ± 0.08 715 ± 210 0.42 129
Norovirus Egg and egg products 0.13 ± 0.29 660 ± 600 0.37 9
Rotavirus Lab media -0.50 ± 0.04 507 ± 53 0.16 86
Salmonella non-Typhi Fruits and vegetables -0.81 ± 0.14 203 ± 29 0.35 43
Salmonella non-Typhi Cheese and cheese products 0.08 ± 0.11 450 ± 139 0.13 15
Salmonella non-Typhi Lab media 0.21 ± 0.14 538 ± 180 0.39 55
Salmonella non-Typhi Meat and meat products 0.36 ± 0.04 757 ± 162 0.41 99
Salmonella non-Typhi Milk and dairy products 0.42 ± 0.07 689 ± 264 0.35 28
Salmonella non-Typhi Herbs and spices 0.47 ± 0.07 637 ± 217 0.31 28
S. aureus Fruits and vegetables -0.96 ± 0.61 121 ± 48 0.48 10
S. aureus Lab media 0.50 ± 0.04 517 ± 53 0.30 73
S. aureus Milk and dairy products 0.53 ± 0.05 481 ± 111 0.36 72
S. aureus Cereal products, rice, and

seeds
0.74 ± 0.13 837 ± 902 0.39 11

S. aureus Meat and meat products 0.82 ± 0.05 270 ± 43 0.28 35
S. aureus Cheese and cheese products 0.96 ± 0.06 873 ± 271 0.28 34
Vibrio spp. Milk and dairy products -1.11 ± 0.23 177 ± 32 0.12 6
Vibrio spp. Lab media -0.97 ± 0.11 305 ± 40 0.34 107
Vibrio spp. Fish and fish products -0.90 ± 0.08 291 ± 34 0.33 104
Y. enterocolitica Meat and meat products -0.77 ± 0.29 175 ± 34 0.28 7
Y. enterocolitica Egg and egg products -0.55 ± 0.39 215 ± 98 0.39 6
Y. enterocolitica Lab media -0.19 ± 0.19 264 ± 53 0.34 28
Y. enterocolitica Milk and dairy products 0.40 ± 0.16 622 ± 459 0.39 19
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The log10D500MPa values varied substantially for the same MH depending on the food
category in which it was tested. For example, S. aureus exhibited the lowest resistance
in fruits and vegetables (log10D500MPa = -0.96, n = 10) and the highest in cheese and
cheese products (log10D500MPa = 0.96, n = 34) and meat and meat products (log10D500MPa
= 0.82, n = 35). These findings suggest that fat- and protein-richmatricesmay protect S.
aureus against HPP, whereas low-fat or high-acid matrices (e.g., fruits and vegetables)
support more effective microbial reduction.

Similar trends were observed for Salmonella non-Typhi, which showed higher resis-
tance in milk and dairy products, and meat and meat products, and lower resistance in
fruits and vegetables, highlighting the influence of matrix composition on HPP resis-
tance (Table 5.2). For L. monocytogenes, resistance was highest in cheese and cheese
products (log10D500MPa = 0.39, n = 184), while fruits and vegetables showed intermedi-
ate values that were comparable to meat and meat products and milk and dairy prod-
ucts (Table 5.2), indicating that matrix effects can be product-specific and cannot al-
ways be explained with broad food categories. On the other hand, Campylobacter spp.
demonstrated a high sensitivity across all tested matrices, with negative log10D500MPa
values in lab media (log10D500MPa = -0.40, n = 10), milk and dairy products (log10D500MPa
= ‑0.15, n = 19), and meat products (log10D500MPa = -0.97, n = 23), indicating this MH is
generally susceptible to HPP regardless of food matrix type.

It should be noted that in some cases, stratifying the dataset by food category did not
provide additional insight beyond the generic approach presented in Section 5.3.1 for
assessing MH resistance to HPP treatments, as several MH-matrix category combina-
tions had limited or no data, preventing meaningful resistance ranking.

5.3.3 Multiple linear regression modeling of product characteris-
tics

To quantify the combined influence of intrinsic food characteristics on microbial re-
sistance to HPP and still retaining a generic approach independent of the food cate-
gory, multiple linear regression modeling was performed using log10D-values as the
response variable. The independent variables included pH (-), aw category (≤ 0.95, >
0.95), fat category (≤ 10%, > 10%), and protein (%), and carbohydrate (%) content. In
most studies, these food characteristics were not reported and therefore had to be as-
sumed. However, for certain complex foods and laboratory media, imputation was not
feasible. The data points with reported or imputed pH values, and aw category were
2485 out of 2692, excluding B. cereus due to limited data with these variables reported
(n < 6). The data points with also reported or imputed protein and carbohydrate con-
tent, and fat category were 2087. The backward elimination (see Section 5.2.3 for more
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details) indicated that, despite including fat category, proteins, and carbohydrates as
predictors, only pH and aw were statistically significant in explaining the bacterial in-
activation by HPP (Supplementary Table 5.4). While fat, proteins and carbohydrates
are widely reported to influence bacterial resistance to HPP, the lack of significance in
this study may be due to (i) imputed values not accurately reflecting the actual com-
position of products reported in the collected studies and/or (ii) the possibility that
bacterial inactivation by HPP is more influenced by the type of proteins, and carbo-
hydrates rather than their total amount and/or (iii) the effects are limited and over-
shadowed by other more influential factors. Therefore, the wider dataset with only
reported or imputed pH values and aw category was used for further analysis (n =
2485) (Table 5.3). In this dataset, L. monocytogenes was used as the baseline species
since it was the most frequent microbial species (n = 608), followed by E. coli (n = 606)
and Salmonella non-Typhi (n = 289).

Table 5.3: Estimates of the multiple linear regression for log10D values according to: log10D = 0.210
+ 0.00216·(500 - P) - 0.0604·(7 - pH) + 0.143·(7 - pH)·(aw ≤ 0.95) - 0.000750·(500 - P)·(aw ≤
0.95) + species effects (Δ𝑃 = 500 - P (MPa); pH centered as 7 - pH; (aw ≤ 0.95) is coded as
1 for low aw and 0 otherwise). RMSE = 0.447, R2adj = 0.387; AIC = 3075; 𝑛 = 2485

Parameter Coefficient ± SE (log10
min)

p-value Predicted log10 D500MPa,
at pH 7; aw > 0.95

(log10 min)

Classification (based
on predicted log10
D500MPa, at pH 7; aw

> 0.95)*

Intercept 0.210 ± 0.018 < 0.001 – –
Vibrio spp. -0.869 ± 0.038 < 0.001 -0.66 Sensitive
Cronobacter spp. -0.544 ± 0.062 < 0.001 -0.33 Sensitive
Norovirus -0.371 ± 0.033 < 0.001 -0.16 Sensitive
Hepatitis A -0.266 ± 0.054 < 0.001 -0.056 Sensitive
Campylobacter spp. -0.144 ± 0.068 0.035 0.066 Moderate
L. monocytogenes** 0 – 0.21 Moderate
A. caviae – > 0.05 0.21 Moderate
Rotavirus – > 0.05 0.21 Moderate
Y. enterocolitica – > 0.05 0.21 Moderate
Salmonella non-Typhi – > 0.05 0.21 Moderate
Hepatitis E – > 0.05 0.21 Moderate
E. coli 0.229 ± 0.023 < 0.001 0.44 Moderate
M. bovis 0.251 ± 0.077 0.0012 0.46 Moderate
S. aureus 0.400 ± 0.033 < 0.001 0.61 Resistant
Δ𝑃 (500-P) 0.00216 ± 0.000075 < 0.001 – –
pH (7-pH ) -0.0604 ± 0.011 < 0.001 – –
aw ≤ 0.95 – > 0.05 – –
pH × aw ≤ 0.95 0.143 ± 0.021 < 0.001 – –
Δ𝑃 × pH – > 0.05 – –
Δ𝑃 × aw ≤ 0.95 -0.000750 ± 0.00021 < 0.001 – –

*: Classification thresholds: “Sensitive” if log10 𝐷500MPa ≤ 0 (D-value ≤ 1 min), “Moderate” if 0 <
log10 𝐷500MPa ≤ 0.48 (1 < D-value ≤ 3 min), and “Resistant” if log10 𝐷500MPa > 0.48 (D-value > 3
min).
**: Baseline species.
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The multiple linear regression modeling showed that pH, the interaction between pH
and aw, and the interaction between pressure and aw were statistically significant vari-
ables, whereas aw and the interaction between pressure and pH were not significant
and were therefore not retained in the final model (Table 5.3). The variable aw was
always included in the models as a categorical variable with two levels (≤ 0.95, > 0.95)
due to the low number of numerical values reported in the literature and the lack of
possibility to impute them.

The negative coefficient for pH (centered as 7-pH ) indicated higher log10D-values with
increasing pH, while the influence of low aw was captured through its interaction with
pH and its interaction with pressure rather than through a standalone aw term (Ta-
ble 5.3). In practice, this means that the pH effect and the pressure effect differ between
high aw and low aw products. These results were expected since acidic pH enhances
the lethality of HPP (Torrents-Masoliver et al., 2025), and low aw is known to exert
a piezo-protective effect (Bover-Cid et al., 2015; Serra-Castelló, 2023). The separate
effect of low aw was not significant because it was already captured through its inter-
action with pH and its interaction with pressure. More specifically, if the interaction
term of pH and aw was not used as an independent variable, then low aw becomes
significant, but the final model has a higher AIC. The same happens when the interac-
tion term between pressure and aw is also excluded. Therefore, none of these options
were preferred (Supplementary Table 5.4). The positive coefficient of the pH × low
aw ≤ 0.95 term partly offsets the standalone pH effect under low aw conditions, indi-
cating that the fitted pH dependence differs between low and high aw foods and that
the piezo-protective effect of reduced aw can decrease the enhanced lethality typically
associated with acidic conditions. However, under low aw conditions, the fitted net
pH slope becomes slightly positive, which likely reflects limited and uneven coverage
of pH-aw combinations in the underlying data rather than a true reversal of the pH
effect (Table 5.3).

These findings indicate that multiple linear regression modeling can provide addi-
tional, descriptive insight into MH inactivation by HPP by accounting for intrinsic
product characteristics that are not considered in the pooled ranking of Section 5.3.1
and are not limited to the food categories of Section 5.3.2. However, these associa-
tions should be interpreted as descriptive rather than mechanistic. In this framework,
MHs were classified as sensitive (log10D500MPa ≤ 0; D500MPa ≤ 1 min), moderate (0 <
log10D500MPa ≤ 0.48; 1 < D500MPa ≤ 3 min), or resistant (log10D500MPa > 0.48; D500MPa > 3
min) under the reference condition of 500 MPa, pH 7, and high aw (Table 5.3). Com-
pared with the pooled ranking (Table 5.1), some MHs that were classified as sensitive
based on pooled estimates were here classified as moderate once pH and aw effects
were accounted for. For example, Campylobacter spp. shifted from log10D500MPa = -0.59
in the pooled analysis (Table 5.1) to a predicted log10D500MPa = 0.066 under the reference
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condition in the multiple linear regression (Table 5.3), which is only slightly above the
sensitive threshold. In addition, several MHs, such as A. caviae and Rotavirus, were
not statistically distinguishable from the baseline species (L. monocytogenes) in the
multiple linear regression and were therefore assigned the baseline prediction under
the reference condition (Table 5.3), shifting them from the sensitive group in Table 5.1
to the moderate group in Table 5.3. For completeness, the full model including all
species terms as well as other multiple linear regression models with higher AIC or
lower number of data points due to the addition of parameters that were not always
reported in the corresponding studies is provided in Supplementary Table 5.4. Over-
all, these results indicate that incorporating intrinsic product characteristics reduces
unexplained variability and can lead to more conservative and standardized resistance
classification when compared to pooled estimates that do not account for matrix com-
position.

5.3.3.1 Application of results in a decision-support framework

The combined findings from the general resistance ranking, food category stratifica-
tion, and multiple linear regression modeling presented in this study can be integrated
into a decision-support framework for evaluating the inactivation ofMHs byHPP. This
framework, illustrated in Figure 5.3, consists of three complementary approaches that
can be applied depending on data availability and the required level of specificity, with
Approach 1 intended for a broad benchmark when the product is not well represented
by the available food categories, Approach 2 for products that align with a represented
category, and Approach 3 for pH- and aw-adjusted predictions when pH and aw infor-
mation is available for bacterial hazards covered by the regression model (excluding B.
cereus). In more detail, the three approaches are outlined below, moving from a broad
benchmark to product-specific estimates.
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Approach 1 provides a general estimation of MH inactivation trends and enables re-
sistance ranking across bacteria and viruses using log10Dref values standardized at 500
MPa (log10D500MPa) through simple linear regression (Bigelowmodel fit) to each micro-
bial hazard’s data. This approach offers a rapid, high-level overview and is useful for
broad prioritization without making any assumptions about food-related categories.
However, since the underlying data are compiled from diverse food matrices, the es-
timates may be influenced by overrepresented matrix types, potentially limiting their
applicability in specific products.

Approach 2 allows for context-specific estimation of MH inactivation by fitting
Bigelow models to stratified datasets based on food categories, thereby providing
insight into matrix effects. This approach is most informative when sufficient data
exist for the food category of interest, and the intended application aligns with
that category. However, model robustness can be limited by small sample sizes,
uncertainty when D-values are derived from only two observations (a single log10-
reduction), and residual variability in product composition within each category.
Importantly, these models are category-specific and cannot be used as generic models
beyond the food categories represented in the dataset.

Approach 3 focuses on estimating bacterial inactivation as a function of defined prod-
uct characteristics and microbial species using multiple linear regression with the
available data. This method enables estimating the log10D500MPa values in one regres-
sionwhile accounting for pH and aw effects, to reflect actual foodmatrix characteristics
and the microbial species sensitivity, thereby supporting refined resistance ranking in
defined product contexts.

Together, these three approaches can be used in a complementary manner to assess
the efficacy and robustness of HPP treatments to inactivate MHs under different con-
ditions. These layered frameworks support food safety decision-making and can be
applied individually or in combination to evaluate HPP efficacy under varying levels of
complexity, from generalized assessments to product-specific risk evaluation. More-
over, the framework highlights areas where data gaps persist, especially for viruses
and parasites and underrepresented matrices, guiding future research priorities.

5.4 Conclusion

This study assessed the resistance of microbiological hazards (MHs), including food-
borne bacteria and viruses, to high-pressure processing (HPP), considering both pres-
sure intensity and the influence of the food matrix. The results confirm that vegetative
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bacteria and viruses exhibit varying levels of resistance, which are significantly af-
fected by the composition and characteristics of the food matrix. External validation
through a product-oriented experimental approach would be useful for a better un-
derstanding of the food matrix effects. The decision-support framework established
in this study, based on three complementary approaches (global resistance ranking,
food category-stratified estimates, and multiple linear regression modeling account-
ing for matrix characteristics and microbial species), enables a structured assessment
of MH resistance to HPP treatments under different data availability scenarios. These
insights support food safety risk analysis by enabling generic hazard risk ranking and
providing a quantitative benchmark to evaluate the efficacy of HPP as an interven-
tion strategy for achieving required levels of microbial reduction, while emphasizing
the need for consistent reporting of key metadata, including strain and physiological
state, processing conditions, and food matrix characteristics. Future research should
aim to expand available datasets with more kinetic data under various processing con-
ditions and refine predictive models to improve the accuracy of microbial inactivation
estimates across a broader range of food products.

CRediT authorship contribution statement

Kah Yen Claire Yeak: Conceptualization, Data Curation, Formal Analysis, Investiga-
tion, Methodology, Writing - Original Draft, Writing - Review & Editing, Validation,
Visualization. George Pampoukis: Conceptualization, Data Curation, Formal Anal-
ysis, Investigation, Methodology, Validation, Writing - Original Draft, Writing - Re-
view & Editing, Visualization. Cristina Serra-Castelló: Conceptualization, Data Cu-
ration, Formal Analysis, Investigation, Methodology, Validation, Visualization, Writ-
ing - Original Draft, Writing - Review & Editing. Sara Bover-Cid: Conceptualization,
Data Curation, Funding Acquisition, Supervision, Validation, Writing - Review& Edit-
ing. Heidy M.W. den Besten: Conceptualization, Data Curation, Funding Acquisition,
Supervision, Validation, Writing - Review & Editing. Marcel H. Zwietering: Con-
ceptualization, Data Curation, Funding Acquisition, Supervision, Validation, Writing
- Review & Editing.

Acknowledgements

We thank Zhu Yujie for her assistance in reviewing some of the literature and extract-
ing part of the inactivation data in this study.

133

5



Chapter 5

Data availability

No supplementary material is reproduced in the thesis body. Supplementary Ma-
terial A and Supplementary Table 5.1, Supplementary Table 5.2, Supplementary
Table 5.3, and Supplementary Table 5.4 are available via 4TU.ResearchData (DOI:
10.4121/3cab8862-d524-4bcd-bee1-3318525a7311).

Funding

Kah Yen Claire Yeak conducted the work under the SAFFI project, with funding re-
ceived from the European Union’s Horizon 2020 research and innovation program
under grant agreement No. 861917. The project of George Pampoukis is part of the
TRANSIT project that received funding from the European Union's Horizon 2020 re-
search and innovation program under the Marie Skłodowska-Curie grant agreement
N° 955431. Sara Bover Cid thanks the support of Consolidated Research Group (SE-
QUSAL 2021 SGR 00468) by the Agència de Gestió d’Ajuts Universitaris i de Recerca
(AGAUR) and CERCA Program of the Generalitat de Catalunya.

134

5



Chapter 6

Chapter 6
General Discussion

135

6



6



Chapter 6

6.1 Consumer preferences and the processing dilemma

Consumers often have conflicting interests regarding food. They want to save cook-
ing time and buy convenience foods, and at the same time, they prefer foods that are
perceived as natural and minimally processed (Román et al., 2017). “Naturalness” and
“clean label” are widely used concepts in consumer research and in product devel-
opment, but they are not designed to function as scientific descriptors of nutritional
quality. In practice, they are often associated with familiar ingredients and the limited
use of chemical additives and processing aids, but they do not necessarily align with
microbiological safety, nutrient retention, or overall nutritional value.

Processing remains essential for controlling hazards, extending shelf life, and reducing
food loss. Its effects on the nutritional value depend on the product and conditions.
Heat treatment can increase the bioavailability of some compounds, such as lycopene
in tomatoes (Porrini et al., 1998), while it may reduce heat-sensitive vitamins and other
constituents in other foods. In legumes (soy, beans, peas, etc.), thermal processing can
inactivate trypsin inhibitors, which are among the most relevant naturally occurring
antinutritional factors, and thereby improve protein digestion (Avilés-Gaxiola et al.,
2018).

This creates a practical dilemma for product developers. Not accounting for consumer
expectations for naturalness and clean label can reduce acceptance andmarket success
(Román et al., 2017), yet these expectations do not necessarily align with evidence on
microbiological risk control or on the nutritional consequences of processing. Mild or
non-thermal processing technologies are often positioned as amore sustainable way to
assure safety, shelf life, and fresh-like sensory attributes by reducing thermal load and,
in some cases, reducing the use of chemical preservatives. Whether they deliver on
this proposition depends on (i) demonstrated decontamination efficacy under relevant
use conditions, (ii) the resource demands of the process, including energy use and
greenhouse gas emissions, and (iii) the robustness and comparability of the supporting
evidence.

This chapter first summarizes the main contributions of the thesis, then defines how
evidence was made comparable across technologies, and then applies the fitted models
in a case study that links estimated decontamination efficacy with published energy
use and greenhouse gas emissions. Finally, it discusses implications for fair technology
comparison and outlines future research directions.
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6.2 Scope and main contributions of this thesis

This thesis aimed to obtain quantitative, generic insights into the decontamination
efficacy of non-thermal plasma (NTP), pulsed electric fields (PEF), and high-pressure
processing (HPP) under relevant food processing conditions, and to place these in-
sights within a broader context of food safety and sustainability. Across the chapters,
the main contributions can be summarized as follows.

First, for NTP, a curated database of decontamination studies was compiled and used to
rank influential process, product, and microbial factors using machine learning (Chap-
ter 2). Because the available literature was too heterogeneous to support robust global
kinetic parameter estimation, this chapter focused on factor ranking rather than on
deriving generic D-values. The analysis showed that dissipated power per plasma vol-
ume and matrix category, followed by microbial genus and pH, explain a substantial
part of the observed variability, and it highlighted major reporting gaps that currently
limit quantitative synthesis.

Second, these insights motivated the development of a dedicated metadata schema for
NTP decontamination in food-related applications (Chapter 3). The schema extended
an existing plasma metadata framework with food-specific descriptors and minimum
information requirements, and it provided human- and machine-readable templates
for reporting. Its purpose was to make future NTP studies more FAIR (findable, ac-
cessible, interoperable, and reusable) and to enable meta-regression once sufficiently
consistent information has accumulated.

Third, for PEF, a harmonized database was assembled across multiple microbial groups
and matrices (Chapter 4). Decontamination efficacy was expressed consistently in
terms of the decimal-reduction volumetric energy input 𝐷𝐸vol

, and meta-regression
was used to estimate global and matrix-specific kinetic parameters for spoilage mi-
croorganisms and pathogens. The chapter also introduced an interactive dashboard
to support exploratory analysis and developed a decision tree for estimating the volu-
metric energy input required to reach a 5-log10-reduction across microorganisms and
matrix categories, including prediction intervals.

Fourth, for HPP, previously developed databases (Santillana Farakos and Zwietering,
2011; Torrents-Masoliver et al., 2025) were updated and extended with additional stud-
ies to cover 15 microbial hazards, including viruses (Chapter 5). Global log10D-values
were estimated at non-thermal temperatures and linked to an industrially relevant ref-
erence pressure (500 MPa), allowing hazards to be grouped into resistance categories
while accounting for matrix effects. The resulting benchmarks provided literature-
based starting points for process design, validation, and quantitative microbiological
risk assessment.
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Finally, this general discussion connects the chapter outputs with thermal process-
ing benchmarks and with published information on energy use and greenhouse gas
emissions, and it applies the fitted models in a case study to interpret sustainability
indicators together with expected decontamination performance.

6.3 Meta-regression case study: efficacy, energy use,
and greenhouse gas emissions for thermal process-
ing, HPP, and PEF

6.3.1 Rationale, scope, and comparison principle

Mild processing technologies differ in underlying principles and in the types of prod-
ucts they can treat. NTP is mainly a surface treatment for solid foods such as spices
and powders, or it is applied indirectly via plasma-treated water for washing fresh
produce. PEF targets liquid products such as fruit juices and plant-based beverages,
and it is typically implemented as a continuous flow process. HPP is used for both
liquid and solid foods, usually in batch mode and often in-pack. These differences in
application domain and operational mode limit direct comparability, and they influ-
ence which technologies can be evaluated within the same product category. Similar
technology-specific constraints apply to other mild processing technologies, such as
ultrasound (Beitia et al., 2023). For this reason, the quantitative comparison in the
present case study focuses on technologies that are commonly applied to fruit juices,
namely thermal processing, HPP, and PEF, and on a product-microorganism combi-
nation for which sufficient data were available to fit the meta-regression models used
below.

Building on the rationale above, a high-acid fruit juice application was selected (pH
≤ 4.5) with E. coli as the target microorganism. High-acid fruit juices are a relevant
application for mild technologies because freshness and minimal processing are com-
monly emphasized in this product category (Martins et al., 2020; Tiwari et al., 2009). E.
coli is a relevant hazard for juices and has been implicated in outbreaks linked to high-
acid fruit juices and ciders (Martínez-Gonzáles and Castillo, 2016). In addition, regu-
latory guidance for juice HACCP uses E. coli among the pertinent microorganisms for
demonstrating a 5-log10-reduction immediately before or after packaging (U.S. Food
and Drug Administration, 2004).

Across emerging technologies, the supporting evidence also differs in completeness
and consistency of reporting, which directly affects what can be synthesized and
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benchmarked. In this thesis, reporting guidelines and available descriptors supported
global parameter estimation for PEF and broader benchmarking for HPP, whereas
heterogeneous reporting in NTP currently limits global D-value estimation and
motivated the development of a dedicated metadata schema (Pampoukis et al.,
2025; Raso et al., 2016; Santillana Farakos and Zwietering, 2011; Torrents-Masoliver
et al., 2025). Together, these chapters show that technology-specific minimum
information requirements are a prerequisite for synthesis, benchmarking, and process
optimization.

To make the evidence base as comparable as possible, this thesis used a transparent,
reversible data wrangling pipeline to standardize units and fields, apply domain fil-
ters, exclude ambiguous entries (for example, values below detection limits), validate
reported D-values where possible, and de-duplicate records (Rattenbury et al., 2017).
Exploratory analyses were used to detect outliers and guidemodel development (Chat-
field, 1986). The modeling strategy then used meta-regression to estimate global ki-
netic parameters when supported by the data and focused on factor ranking to identify
key drivers when data limitations and heterogeneity prevented robust quantitative pa-
rameter estimation.

Sustainability comparisons in the literature often report energy demands or green-
house gas (GHG) emissions per liter or kilogram of product and then infer which tech-
nology is “more sustainable”. When processing is used to assure food safety, this is
only interpretable if the processes deliver comparable decontamination performance
for the same microorganism and product category. In practice, published case studies
often use different target reductions and different process constraints, so a technology
can appear energy efficient per liter while delivering substantially lower lethality, or
it can deliver a much higher lethality than intended.

In this thesis, energy demands and GHG emissions are interpreted together with the
estimated decontamination efficacy for the samemicroorganism and product category.
This is necessary because energy per liter can be compared meaningfully only when
the achieved lethality is comparable.

Using the reported energy demand and greenhouse gas emissions from each study,
for the specific processing conditions evaluated in that study, avoids extrapolating
sustainability indicators to other operating points that were not assessed. An alterna-
tive would be to fix a common energy demand or greenhouse gas emissions level and
compare the estimated reductions, but in applications, the starting point is typically
a target reduction, often a 5- or 6-log10-reduction, and this would require extrapolat-
ing to operating points that were not evaluated in the original studies. This was not
used here because energy demand and greenhouse gas emissions are not estimated in
a comparable way across technologies and studies, and the underlying assumptions
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differ. Additionally, for PEF, the dose metric chosen in this thesis is the volumetric
energy input, whereas the reported electricity demand depends on system efficiency
and losses that vary across setups. For thermal processing and HPP, reported en-
ergy demand depends on the full time-temperature or time-pressure profile and on
equipment and heat recovery assumptions that are often not reported consistently.
“Efficacy matched” therefore refers to comparisons in which the evaluated operating
points are expected, on average, to deliver similar microbial log10-reductions for the
same microorganism in the same product category.

For TP, the starting point was an existing database of D-values (Van Asselt and Zwi-
etering, 2006), which was updated for E. coli in high-acid fruit juices (pH ≤ 4.5) (Van
der Sluis, 2025). On this filtered subset (n = 86, 13 studies), primary and secondary
linear inactivation models were fitted (Bigelow, 1921):

log10(𝑁0
𝑁 ) = 𝑡

𝐷 (6.1)

log10 𝐷 = log10 𝐷ref + 𝑇ref − 𝑇
𝑧 (6.2)

where log10(𝑁0
𝑁 ) are the log10-reductions of the microbial population after processing,

𝑡 is the processing time, 𝐷 is the time needed for a ten-fold reduction of the microbial
population at the temperature 𝑇 , 𝐷ref is the 𝐷-value at a reference temperature 𝑇ref,
and 𝑧 is the temperature increase required to reduce 𝐷 by one log10. Combining both
gives a single expression for the reduction as a function of temperature and time:

log10(𝑁0
𝑁 ) = 𝑡

𝐷ref ⋅ 10𝑇ref−𝑇
𝑧

= 𝑡
𝐷ref

⋅ 10− 𝑇ref−𝑇
𝑧 . (6.3)

The fitted secondary model for TP in high-acid fruit juices was:

log10 𝐷 = −1.4 + 71 − 𝑇
7.7 (6.4)

which expresses log10 𝐷 (with D in minutes) as a linear function of temperature, with
71 °C as the reference temperature and a 𝑧-value of 7.7 °C. The temperature of 71 °C
(160 °F) is a relevant temperature for pasteurization treatment of fruit juices since it is
expected to achieve a 5-log10-reduction of the pertinent microorganism in a matter of
seconds (U.S. Food and Drug Administration, 2004). These parameter estimates were
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introduced in Equation 6.3 to obtain the microbial reductions under different time-
temperature combinations (Figure 6.1).

6.3.2 High-pressure processing

For HPP, the corresponding subset of the HPP database compiled in Chapter 5, filtered
for E. coli in high-acid fruit juices (pH ≤ 4.5) (n = 37, 6 studies), was used to fit an
analogous secondary model in which pressure 𝑃 replaces temperature. A reference
pressure of 500 MPa was chosen because it lies in the middle of the pressure range
typically applied in industrial practice (EFSA Panel on Biological Hazards (BIOHAZ)
et al., 2022):

log10 𝐷 = −0.39 + 500 − 𝑃
245 (6.5)

with D in minutes. Here, 500 MPa is the reference pressure, and 245 MPa corresponds
to the pressure 𝑧-value (𝑧𝑃 ). An increase of 245 MPa reduces the D-value by one log10.
As for TP, this secondary model and its parameter estimates can be combined with
the primary inactivation equation to obtain log10-reductions for given pressure-time
combinations (Equation 6.3) as visualized in Figure 6.1.

6.3.3 Pulsed electric field

For PEF, the case study used the PEF database compiled in Chapter 4, filtered for E. coli
in high-acid fruit juices (pH ≤ 4.5) (n = 34, 4 studies). In this case, the inactivation was
modeled directly as a function of the volumetric energy input 𝐸vol, which aggregates
the main process parameters into a single dose metric:

𝐸vol [J/cm3] = 𝐸2
𝑓 ⋅ 𝑓 ⋅ 𝜏 ⋅ 𝜎 ⋅ 𝑅𝑡 ⋅ 𝑛𝑐, (1 J/cm3 = 1 kJ/L) (6.6)

where 𝐸𝑓 is the electric‑field strength (kV/cm); 𝑓 is the frequency/pulse‑repetition
rate (pulses per second); 𝜏 is the pulse width (μs); 𝜎 is the electrical conductivity of
the food at the inlet temperature (S/cm); 𝑅𝑡 is the residence time in the PEF unit (s);
𝑛𝑐 is the number of PEF chambers in series (-). On this basis, the primary inactivation
model fitted was:

log10( 𝑁0
𝑁(𝐸vol)

) = 𝐸vol
𝐷𝐸vol

(6.7)
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where 𝐷𝐸vol
is the decimal-reduction volumetric energy input (kJ/L), i.e., the energy

input needed for a one log10-reduction. Here, 𝐸vol is a dose metric delivered to the
product, and it should not be interpreted as the total electricity demand of a specific
PEF system. For E. coli and the high-acid fruit juice subset, the fitted relationship
was:

log10( 𝑁0
𝑁(𝐸vol)

) = 𝐸vol
32 (6.8)

so that 𝐷𝐸vol
= 32 kJ/L for E. coli in high-acid fruit juices based on this subset of the

PEF database. Because 𝐸vol already combines multiple process parameters in one, such
as electric field strength, pulse width, frequency, conductivity, residence time, and the
number of chambers, no additional secondary model was required.

6.3.4 Model performance, uncertainty, and units

For all three technologies, model performance was quantified using the root mean
square error (RMSE) of the fitted meta-regression models and the 95% prediction in-
tervals (PI) for the microbial log10-reduction at given processing conditions.

For TP and HPP, the fitted models were the secondary meta-regression equations as
shown in Equation 6.4 and Equation 6.5, where log10 𝐷 was expressed as a function
of temperature 𝑇 (TP) or pressure 𝑃 (HPP) for E. coli in high-acid fruit juice datasets
with an intercept and slope. Denoting the predictor generically by 𝑋𝑖 (temperature
or pressure), the RSS and RMSE were:

RSS =
𝑛

∑
𝑖=1

(log10 𝐷𝑖 − (𝛼 + 𝛽𝑋𝑖))
2 (6.9)

RMSE = √ RSS
𝑛 − 2 (6.10)

where 𝛼 is the intercept, 𝛽 the slope, and 𝑛 − 2 the degrees of freedom for a simple
linear regression with two fitted parameters (Montgomery et al., 2021).

For a given processing condition 𝑋0 (temperature or pressure) used in the case study,
the 95% PI for a new log10 𝐷 observation at 𝑋0 was:
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log10 𝐷(𝑋0) ± 𝑡0.975,𝑛−2 ⋅ RMSE ⋅ √1 + 1
𝑛 + (𝑋0 − 𝑋̄)2

SSX (6.11)

where log10 𝐷(𝑋0) = 𝛼 + 𝛽𝑋0 is the fitted mean value of log10 𝐷 at 𝑋0 (the point on
the regression line), 𝑋̄ is the mean of the predictor, and SSX = ∑𝑛

𝑖=1(𝑋𝑖 − 𝑋̄)2.

These prediction limits for log10 𝐷 were then back-transformed to obtain lower and
upper bounds for the D-value at the condition in question (𝑋0):

𝐷lower = 10log10 𝐷(𝑋0)−Δ, 𝐷upper = 10log10 𝐷(𝑋0)+Δ (6.12)

with

Δ = 𝑡0.975,𝑛−2 ⋅ RMSE ⋅ √1 + 1
𝑛 + (𝑋0 − 𝑋̄)2

SSX (6.13)

For each specific time-temperature (TP) or time-pressure (HPP) combination used in
the comparison table, these 𝐷lower and 𝐷upper values were substituted into the primary
inactivation model (Equation 6.1) to obtain the corresponding lower and upper 95%
prediction limits for the log10-reduction at that setting. The mean log10-reductions
were obtained from Equation 6.1, with 𝐷 = 10log10 𝐷(𝑋0).

For PEF, the primary model explained in Equation 6.7 was fitted as a regression
through the origin, with log10-reductions as response and 𝐸vol as predictor. The
residual sum of squares (RSS) was:

RSS =
𝑛

∑
𝑖=1

(log10( 𝑁0
𝑁(𝐸vol))𝑖

− 𝛽 ⋅ 𝐸vol,𝑖)
2 (6.14)

where the slope 𝛽 = 1/𝐷𝐸vol
was estimated by ordinary least squares, and the fitted

values were 𝑦𝑖 = 𝛽𝑥𝑖. The RMSE was then:

RMSE = √ RSS
𝑛 − 1 (6.15)

with 𝑛 the number of observations and 𝑛 − 1 the degrees of freedom for a regression
through the origin (Eisenhauer, 2003). The 95% PI for the log10-reductions at a given
volumetric energy input 𝐸vol were obtained as (Montgomery et al., 2021):
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𝐸vol
𝐷𝐸vol

± 𝑡0.975,𝑛−1 ⋅ RMSE ⋅ √1 + 𝐸2
vol

SSX (6.16)

where 𝐸vol
𝐷𝐸vol

= log10 ( 𝑁0
𝑁(𝐸vol)) is the predicted log10-reduction at 𝐸vol, and SSX =

∑𝑛
𝑖=1 𝐸2

vol,𝑖. For the numerical examples in this chapter, this expression was evalu-
ated at the 𝐸vol values corresponding to each PEF condition, and the mean and 95%
prediction limits were reported.

RMSE was 0.36 for TP and 0.37 for HPP on the log10D scale, and 1.06 for PEF on the
log10-reduction scale. The prediction intervals above show how this uncertainty prop-
agates to expected reductions at specific processing conditions. The fitted models are
visualized in Figure 6.1 as mean estimated log10-reductions across time-temperature
combinations for TP, time-pressure combinations for HPP, and volumetric energy in-
put levels for PEF, with contours for 3, 5, 7, and 9 log10-reductions. The corresponding
95% PI around the case study operating points, together with the RMSE and other
regression diagnostics, are provided in the Supplementary Material.
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6.3.5 Linking sustainability indicators to predicted efficacy

Reported energy demand values expressed in kJ/kg in the sustainability comparison
studies were converted to kJ/L assuming a density of approximately 1.03 kg/L for high-
acid juices (Charrondiere et al., 2012). These converted values were then linked to the
estimated reductions from the meta-regression models. For PEF, the reported energy
demand, including losses, is study-specific and does not equal the volumetric energy
input used as the dose metric in the meta-regression.

Aganovic et al. (2017) reported the electricity use for a tomato juice pasteurization sce-
nario as the kWh consumed during one hour of operation, at a continuous production
throughput of 120 L/h. To express this on a per-liter basis, the value was converted
to kJ/L by multiplying by 3600 kJ/kWh and dividing by 120 L processed in that hour
(Aganovic et al., 2017).

The reported operating points were not matched on energy demand. They reflect
the specific pilot settings chosen in that study for each technology, so the energy per
liter differs by design. The fair comparison in this thesis is therefore not based on
equal energy input, but on interpreting the reported energy demand together with the
estimated log10-reduction for the same microorganism and product category, and then
examining the normalized indicators (energy per mean log10-reduction) within each
study.

Under the Aganovic et al. (2017) scenarios, the electricity demand was 136.8 kJ/L for
TP at 74 °C for 30 s with 70% heat recovery, 652 kJ/L for HPP at 600 MPa for 5 min
with a 36.5% filling ratio, and 433 kJ/L for the PEF system. For PEF, the study also
reported the treatment dose delivered to the product as 188 kJ/kg, which corresponds
to 194 kJ/L assuming a juice density of 1.03 kg/L. The difference between 433 kJ/L
and 194 kJ/L is not a contradiction. It reflects that electricity demand includes system
inefficiencies and losses, while the volumetric energy input is the dose metric in the
product used for the inactivation model (Aganovic et al., 2017). Because these values
reflect the specific pilot setup, including heat recovery and filling ratio specifications,
they are most informative for within-study comparisons.

To interpret these energy values in terms of food safety performance, each reported
scenario was evaluated with the meta-regression models for high-acid fruit juices and
E. coli. According to Aganovic et al. (2017), the aforementioned process conditions are
expected to achieve at least 5-log10-reductions at the treated product. Predicted lethal-
ity and 95% PI using the meta-regression models were 34 [5.9, 202] log10-reductions
for TP, 32 [4.6, 215] for HPP, and 6.1 [3.8, 8.4] for PEF. The wide asymmetric intervals
for TP and HPP arose because uncertainty was estimated on log10D and then back-
transformed through the primary model, which yields multiplicative uncertainty in
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reductions. For PEF, uncertainty was estimated directly on reductions, which yields
symmetric prediction limits by construction.

Many sustainability studies compare technologies on an “energy per liter” basis under
scenarios that each aim to meet a common microbial target (often 5-log10-reduction).
However, scenarios that satisfy the same nominal target can still differ in the achieved
lethality. In the Aganovic et al. (2017) operating points, TP, HPP, and PEF are all
expected to meet at least 5-log10-reduction of E. coli in high-acid fruit juice, but the
meta-regression models estimate markedly different mean reductions across the three
technologies. Comparing energy or greenhouse gas emissions per liter alone would
therefore mix two effects: process efficiency and the safety margin delivered under
the chosen settings.

This thesis evaluates two quantities for each reported operating point: (i) the reported
energy use and greenhouse gas emissions per liter (as given by the original study),
and (ii) the estimated mean log10-reduction for the same microorganism and product
category (from the fitted models). The resulting normalized indicators, “Energy per
mean log10-reduction” and “GHG per mean log10-reduction”, are the primary compari-
son metrics used here within each study. They answer the question: for the operating
point reported in that study, how much energy or climate impact is associated with
one estimated log10-reduction?

Table 6.1 summarizes these normalized indicators alongside the underlying en-
ergy/GHG values and estimated reductions. Under the Aganovic et al. (2017)
scenarios, TP shows the lowest energy per mean log10-reduction, followed by HPP
and then PEF, because TP combines relatively low energy per liter (with heat recovery)
with high lethality, whereas PEF is closer to the 5-log10 target on average (Aganovic
et al., 2017). Energy per mean log10-reduction and GHG per mean log10-reduction are
not universal sustainability metrics, and they should not be interpreted as standalone
measures of sustainability but as two of the metrics of efficacy that could be of
relevance. Their role here is diagnostic, based on sustainability data available in the
literature and the global kinetic parameters estimated in this thesis.
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Table 6.1: Sustainability insights for TP, HPP, and PEF interpreted together with estimated de-
contamination efficacy. “Energy (kJ/L)” and “GHG (g CO2-eq/L)” were taken from
each study, and when studies reported these metrics in different units, the values were
converted to kJ/L and g CO2-eq/L for consistent presentation in this table. “Microbial
reduction (mean [95% PI])” was estimated from the meta-regression models developed in
this thesis. The columns “Energy per mean log10-reduction” and “GHG per mean log10-
reduction” are the within-study comparison indicators used to interpret sustainability
together with efficacy

Reference Processing
method

Settings /
scenario

Microbial reduction
(mean [95% PI])

Energy
(kJ/L)

GHG
(g CO2-
eq/L)

Energy per
mean

log10-reduction
(kJ/L)

GHG per mean
log10-reduction

(g CO2-
eq/L)

Aganovic et al.
(2017) (tomato
juice)

TP 74 °C, 30 s; 70%
heat recovery

34 [5.9, 202] 136.8 - 4.0 -

HPP 600 MPa, 5 min;
36.5% fill

32 [4.6, 215] 652 - 20.4 -

PEF 188 kJ/kg 6.1 [3.8, 8.4] 433 - 71.0 -
Ge et al. (2024)
(orange juice)

TP 62 °C, 30 min 56 [11, 297] 373 - 6.7 -

HPP 600 MPa, 3 min;
36% fill

19 [2.8, 129] 645 - 34 -

Atuonwu et al.
(2018) (orange
juice)

TP 76.8 °C, 15 s 40 [6.5, 245] 470 24 12 0.6

HPP 600 MPa, 3 min;
95% fill

19 [2.8, 129] 256 15 13 0.79

Cacace et al.
(2020) (orange
juice)

TP 95 °C, 15 s
(orange juice)

9540 [1058, 86021] - 160 - 0.017

HPP 600 MPa, 6 min 38 [5.6, 258] - 47 - 1.2
Sampedro et al.
(2014) (orange
juice)a

TP 85 °C, 5 s; 96%
heat recovery

157 [22, 1119] - 5.5 - 0.42

HPP 550 MPa, 1.5
min

5.9 [0.9, 38] - 47 - 8.0

Landi et al.
(2025) (orange
juice)

TP 90 °C, 15 s; 35%
heat recovery

1000 [133, 7517] - 31 - 0.031

PEFb 55 °C preheat +
38 kJ/kg

≥1.2 [0, 2.6] - 22 - ≤18

a: To obtain the GHG (g CO2-eq/L), the values provided in the article were divided by the yearly pro-
duction of 16,500,000 L and expressed in g CO2-eq/L.
b: The thermal effects in this study could not be neglected, and this is why inequality symbols were
added to the estimates.

The same interpretation applies across studies: differences in reported energy per
liter can reflect different safety margins rather than intrinsic process efficiency. The
normalized indicators in Table 6.1 highlight where apparent advantages on a per-liter
basis change once predicted lethality is taken into account (e.g., Atuonwu et al. (2018);
Ge et al. (2024)).
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GHG emissions data were also compiled from published life cycle assessment stud-
ies for the different technologies (Van der Sluis, 2025). Life cycle assessment quanti-
fies environmental burdens across a defined system boundary, and climate impact is
commonly reported in g CO2-eq per functional unit, here per liter of product. GHG
emissions are relevant because they are frequently used to summarize climate im-
pact and because electricity-driven processes may change the climate impact ranking
depending on the way in which electricity is produced. Reported values vary across
studies due to differences in system boundaries, estimation methods, production scale,
and equipment assumptions (Van der Sluis, 2025). Two studies reported lower green-
house gas emissions for HPP than for TP under their analysis frameworks (Atuonwu
et al., 2018; Cacace et al., 2020), whereas one study reported lower emissions for TP
than for HPP (Sampedro et al., 2014). Our meta-regression models indicate that the
compared scenarios were not efficacy matched, which means that GHG emissions per
liter cannot necessarily be interpreted as evidence of superior sustainability unless the
achieved safety performance is comparable and therefore the experimental conditions
are equivalent (Table 6.1).

For PEF, the only life cycle assessment in the reference set that assessed the GHG
emissions combined preheating at 55 °Cwith a PEF dose of 38 kJ/kg, and reported lower
GHG emissions than TP at 90 °C for 15 s (Landi et al., 2025). This comparison requires
additional care because thermal effects cannot be separated. The preheat contributes
directly to lethality, Joule heating occurs during the PEF step, and the combined effects
of mild heat and PEF occur. In Table 6.1, the estimated reduction attributed to the PEF
dose alone is therefore expressed with inequality symbols, because the study reports a
heat-assisted PEF process designed tomeet a 5-log10-reduction target, and the available
information does not allow strict attribution of the observed reductions to PEF alone.

Across the available studies, the normalized indicators in Table 6.1 tend to favor TP
over HPP and HPP over PEF within each study, while highlighting that operational
factors such as heat recovery for TP, filling ratio for HPP, and inlet temperature for
PEF strongly influence this ranking.

A common strategy to increase efficacy while limiting energy demand is the use of
hurdles (Giannoulis and Karatzas, 2024). Hurdle technology is common in food sci-
ence applications, e.g., pressure-thermal combinations (Rastogi et al., 2007) or PEF
with preheating as shown above, but also in other research (Siemer et al., 2014) be-
cause such combinations can induce higher inactivation (Singh and Shalini, 2016).
The contribution of heat must be quantified when interpreting such combinations as
mild processing. This is particularly important because microbial z-values, includ-
ing those for spores, are typically lower than those of many quality factors such as
vitamins (Awuah et al., 2007). High-temperature short-time concepts can therefore
achieve a given lethality with less quality loss than lower-temperature, longer-time
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treatments (Van Boekel, 2008). Comparisons between mild combinations and conven-
tional thermal processing should be performed at matched decontamination targets
while explicitly evaluating the food quality parameters that motivate the use of mild
technologies.

6.4 Implications and future directions

Sustainability comparisons in the literature often use qualitative benchmarks such as
‘can achieve 5-log10-reduction’. As shown in the case study above, this is not suffi-
cient for fair comparison because the achieved reduction and its uncertainty can differ
strongly across operating points. Although a 5-log10-reduction is a common bench-
mark, it is mandated as a criterion primarily for U.S. juices under HACCP (21 CFR Part
120), where the pertinent pathogen must be reduced by ≥5 logs immediately before or
after packaging (U.S. Food and Drug Administration, 2004, 2001). Higher safety mar-
gins may target 6-, 7-, or 12-log10-reductions, or “commercial sterility” for shelf-stable,
low-acid foods in hermetically sealed containers (U.S. Food and Drug Administration,
1979). Even after a 12-log10-reduction, a small residual risk of illness or spoilage re-
mains (Zwietering et al., 2021). This highlights that fair comparison requires reporting
the expected reduction and its uncertainty, and stating how targets are judged under
uncertainty as a risk-management choice, for example, by requiring that the lower
95% prediction limit meets the target reduction as a conservative worst-case criterion,
while recognizing that this may imply larger safety margins with consequences for
cost, product quality, and environmental performance.

Fair comparison also extends beyond safety and climate indicators. Mild processing
technologies are often adopted to preserve sensory quality, fresh-like attributes, or
heat-sensitive nutrients, and these outcomes are product dependent. Conversely, ther-
mal processing can remain preferable when heat recovery is efficient and when the
product tolerates thermal load without unacceptable quality loss. Claims that a tech-
nology is “milder”, “more natural”, or “more sustainable” therefore need to be tied to a
defined product category, target microorganism, and process, and should be evaluated
across safety, quality, and sustainability factors.

Technology comparison should also be dynamic. Decarbonization will shift the rel-
ative sustainability of electricity-driven processes (Atuonwu et al., 2018). In the EU,
renewables generated 47.3% of electricity in 2024, up 7.7% from 2023 (Eurostat, 2025).
Mild processing technologies such as HPP, PEF, and NTP may therefore become more
favorable over time from a greenhouse gas perspective, provided that their perfor-
mance remains competitive at the required decontamination level. If fresh-like prop-
erties are not required and thermal effects are acceptable, electricity-driven thermal
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processing through ohmic heating and continuous-flow microwave volumetric heat-
ing can also be competitive on emissions (Atuonwu et al., 2018). In any case, temper-
ature profiles and the associated quality impacts must be evaluated explicitly, given
the advantages of high-temperature short-time processing noted above. Non-thermal
processing is therefore not inherently more eco-friendly. Its value lies in achieving
safety with limited heat exposure and thereby preserving attributes that motivate its
use.

The case study in this chapter illustrates how quantitative benchmarks can reduce the
risk of misinterpretation. Energy use or greenhouse gas emissions per liter can only
be interpreted as evidence of superior sustainability when the compared scenarios
are efficacy matched, meaning that they deliver comparable log10-reductions for the
same microorganism and product category, within uncertainty. When efficacy is not
matched, rankings may reflect different safety margins rather than intrinsic process
efficiency. A practical implication is that sustainability studies should quantify the
achieved microbial reduction, or provide enough information to predict it, alongside
energy and climate indicators.

Several research directions follow directly from the limitations identified across the
chapters.

First, systematic external validation would give additional value to the global kinetic
parameters established. For PEF and HPP, validation should use independent datasets
generated under conditions representative of industrial operation, and should quantify
both bias and prediction interval coverage across microorganisms, matrix categories,
and operating modes. For NTP, the main bottleneck is still comparability. Wider up-
take of the metadata schema and consistent reporting of core descriptors are needed
before robust kinetic meta-regression can be pursued.

Second, a matched efficacy design should be integrated into life-cycle assessment. Fu-
ture LCAs should evaluate multiple process settings per technology and relate energy
demands and GHG emissions to the corresponding achieved or predicted microbial
reductions under those settings. This would allow scenario analyses in which decon-
tamination targets, throughput, and quality constraints are varied transparently, and
it would reduce the risk of comparing technologies operated at different microbial
inactivation levels.

Third, modeling should be extended to combined hurdles with explicit accounting
for thermal contributions. Many practical applications rely on combinations such as
mild heat plus PEF or pressure-assisted thermal processing. For these cases, time-
temperature profiles, separation of thermal and non-thermal effects where possible,
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and potential interactions between hurdles need to be quantified. Without this, com-
bined processes risk being described as non-thermal while their performance is partly
driven by heat.

Finally, the modeling and data infrastructure developed in this thesis can support a
shift from technology-specific benchmarks to decision support. Quantitative meta-
regressionmodels can be combinedwith life-cycle assessment acrossmultiple process-
ing settings and with consumer-relevant quality criteria. This can support choices by
process developers, manufacturers, quality managers, and regulators. Such a frame-
work should integrate decontamination efficacy, processing time and throughput, un-
certainty, energy use and GHG emissions, scale and mode of operation, and prod-
uct constraints, including packaging and physicochemical properties. It should also
account for consumer priorities such as sensory quality, nutritional value, cost, and
label expectations. Extending this approach to additional technologies, including ir-
radiation, continuous-flow microwave volumetric heating, and ohmic heating, and
maintaining curated, interoperable datasets will be important for robust comparisons
as evidence accumulates. In addition to database development and cross-technology
comparison, a practical contribution of this thesis is the integration of established data
science practices for food safety evidence synthesis, through reusable code, transpar-
ent wrangling pipelines, and semi-automated workflows that can be adapted to future
studies and related research tasks.
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Supplementary Material

No supplementary material is reproduced in the thesis body. The supplemen-
tary workbook supporting this chapter is available via 4TU.ResearchData (DOI:
10.4121/08c650c5-82be-468f-a878-b6ccbf93b7ca).
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Summary

The growing demand for safe, nutritious, and high-quality food that is produced with
limited environmental impact and minimal food loss and waste requires preservation
technologies that reliably control microbiological hazards without unnecessarily com-
promising product quality. Conventional thermal processing has a long history of
food applications but can negatively affect sensory and nutritional attributes. Mild
or non-thermal technologies such as non-thermal plasma (NTP), pulsed electric field
(PEF), and high-pressure processing (HPP) are increasingly proposed as alternatives
thatmay combine high levels of microbial safetywith improved product quality and, in
some cases, lower environmental burdens. At the same time, food business operators
and risk assessors need quantitative evidence on decontamination performance across
products, microorganisms, and process settings in order to design and validate control
measures, perform risk assessments, and compare technologies on a fair basis.

This thesis aimed to obtain quantitative, generic insights into the decontamination
efficacy of NTP, PEF, and HPP under food-relevant conditions by systematically col-
lecting, structuring, and analyzing existing literature data. Rather than optimizing a
single process or product, the work focused on extracting global kinetic parameters
and identifying the key processing, matrix, and microbial factors that drive variability
in inactivation outcomes. To do so, it combined meta-regression and other statistical
approaches with recent data-science methods, including active learning for literature
screening, transparent data-wrangling pipelines, and machine-learning algorithms to
obtain generic insights. The resulting benchmarks are intended to support process
design and validation, quantitative microbiological risk assessment, and technology
comparison in a broader sustainability context.

Chapter 2 addressed non-thermal plasma decontamination in food-related applica-
tions. A literature-derived database of log10D-values was compiled across a wide range
of plasma sources, matrices, and target microorganisms. Because the data were highly
heterogeneous and reporting practices differed considerably between studies, classi-
cal kinetic meta-regression was not feasible at a generic level. Instead, the chapter
introduced dissipated power per plasma volume as an integrated descriptor of process
intensity for dielectric barrier discharge configurations and used machine-learning
methods to rank the relative importance of process, product, and microbial factors.
Power density and matrix category emerged as the most influential predictors of de-
contamination efficacy, followed by microbial genus and pH. The chapter also demon-
strated, for the first time in food microbiology, the use of active learning to make lit-
erature screening more efficient, reducing the manual workload while maintaining
coverage of relevant studies.
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Chapter 3 responded to the lack of standardization that limited the analyses in Chap-
ter 2 by developing a dedicated metadata schema for NTP decontamination in food-
related applications. Building on the existing Plasma-MDS framework from plasma
science, the new schema defined a structured set of parameters covering the plasma
source, working medium, food or target matrix, microbial characteristics, and diag-
nostic methods. The schema was implemented in human- and machine-readable for-
mat and illustrated with concrete examples how experimental parameters should be
reported. By making key experimental details explicit and interoperable, this work
supports FAIR (findable, accessible, interoperable, reusable) data practices for NTP
and lays the foundation for future meta-analyses and predictive modelling once more
consistently reported metadata have accumulated.

Chapters 4 and 5 focused on PEF andHPP, respectively, for microbial decontamination
in food products. In Chapter 4, a harmonized database of 569 PEF experiments was
compiled for seven microbial groups, including E. coli, Listeria spp., Pseudomonas spp.,
S. aureus, S. cerevisiae, Salmonella spp., and lactic acid bacteria (LAB), across multi-
ple liquid food matrices. Decontamination efficacy was expressed using the decimal-
reduction volumetric energy input (𝐷𝐸vol

), defined as the energy per litre required
for a one-log10-reduction. Meta-regression was used to estimate global and matrix-
stratified 𝐷𝐸vol

values, revealing that matrix composition can change the decimal-
reduction energy by up to eight-fold. High-acid fruit juices showed comparatively
low 𝐷𝐸vol

values, whereas high-acid alcoholic products were more protective, demon-
strating that acidity alone is insufficient to describe matrix effects. A decision tree
was developed to provide estimates of the energy input needed to achieve a 5-log10-
reduction for different microorganisms and matrices, and an interactive dashboard
was created to allow users to visualize and explore the underlying data in real time.

In Chapter 5, high-pressure processing was examined using an extended database of
2692 log10D-values for 15 microbiological hazards treated at temperatures ≤ 45 °C.
Using a Bigelow-type model fitted to the available data, global log10D-values were
estimated at a reference pressure of 500 MPa, allowing microbiological hazards to be
grouped into three resistance categories (sensitive, moderate, and resistant) at this
pressure level. The analysis confirmed that matrix properties strongly influence HPP
resistance: low water activity (aw ≤ 0.95) tended to protect microorganisms, while
acidic or aqueous matrices (pH ≤ 4.5 and aw > 0.95) facilitated inactivation. Multiple
linear regression indicated that aw and pH categories were the dominant product-level
predictors of inactivation, whereas other variables such as protein and carbohydrate
content had comparatively limited effects. Together, these results led to a decision-
support framework combining (i) hazard resistance ranking at 500 MPa, (ii) matrix-
stratified inactivation estimates by food category, and (iii) multiple linear regression
models based on aw and pH, providing flexibility depending on the level of information
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available to users.

Chapter 6 integrated the technology-specific findings into a broader food safety and
sustainability perspective by comparing thermal processing, HPP, and PEF for the in-
activation of E. coli in high-acid fruit juices. Using meta-regression models developed
in this thesis, the chapter derived efficacy benchmarks (log10-reductions) and their
variability for each technology under various industrially relevant processing condi-
tions reported in the literature. These efficacy estimates were linked to energy use
and, where available, greenhouse gas emission data from the literature. The analysis
illustrated that conclusions about “more sustainable” technologies depend critically
on matching decontamination performance across processes and on considering both
energy and GHG emissions per log10-reduction rather than per litre alone. It also high-
lighted that electricity-drivenmild technologiesmay become relativelymore favorable
as electricity production relies more and more on renewable sources. However, al-
though thermal processes with heat recovery compromise fresh-like properties, they
can remain highly efficient from both an energy and a decontamination performance
perspective. Finally, the chapter outlined how the meta-regression framework used
here could be coupled with life-cycle assessment and extended to other technologies
and product-pathogen combinations.

Taken together, this thesis shows that carefully curated databases, transparent data-
processing pipelines, and quantitative synthesis methods can extract generic, practi-
cally useful information from heterogeneous literature on mild food processing tech-
nologies. For NTP, it clarifies which factors most strongly influence decontamination
and introduces a metadata infrastructure to enable more robust comparisons in the
future. For PEF and HPP, it delivers global kinetic parameters, hazard and matrix re-
sistance rankings, and simple tools such as decision trees and dashboards that can
support process design, validation, and risk assessment. By bringing these pieces to-
gether in a comparative framework that explicitly considers both microbiological per-
formance and sustainability factors, the work links data-driven modelling to practical
decision-making on process choice. In doing so, it contributes to the evidence base
needed to deploy mild preservation technologies in a way that is scientifically justi-
fied, transparent, and aligned with broader ambitions for safe, lower-waste, and more
sustainable food systems.
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database. Part of the data extraction was contributed through an MSc thesis project. The co-authors 
contributed to defining the modeling approach, and Cristina Serra-Castelló initiated the modeling 
procedures. This chapter was developed in close collaboration with Kah Yen Claire Yeak, with whom I 
share equal contribution to the underlying publication. I continued and implemented the data-wrangling 
pipelines, performed the meta-regression analyses, derived hazard-resistance rankings, and drafted the 
manuscript text together with Kah Yen Claire Yeak and Cristina Serra-Castelló. The analytical approach, 

interpretation, and manuscript were further refined through discussions and feedback from all co-
authors. 
Chapter 6: General Discussion  
I proposed the outline of the general discussion, integrating the findings from Chapters 2, 4, and 5 with 
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