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ARTICLE INFO ABSTRACT

Handling Editor: Dr. S Charlebois Background: Microbial spoilage and contamination pose persistent threats to food safety and quality. Microbial
volatile organic compounds (mVOCs), generated during microbial metabolism, are emerging as non-invasive
biomarkers that allow rapid and real-time assessment of food quality, spoilage, and pathogen activity.

Scope and approach: This review outlines the metabolic origins of mVOCs from carbohydrates, proteins, and lipids
pathways and evaluates their roles in food quality and safety changes. Major sampling approaches, including
headspace injection, solid-phase microextraction, purge-and-trap, and needle-trap, are compared alongside
analytical platforms, such as GC-MS, GC-IMS, FTIR, and e-noses. Advances in data analytics, including PCA,
machine learning, and deep learning, are also discussed for interpreting complex mVOCs datasets.

Key findings and conclusions: mVOCs provide sensitive, specific, and scalable indicators of microbial dynamics in
food systems, with applications in fermentation monitoring, spoilage detection, and pathogen identification.
Integration with modern analytical platforms and Al-driven modeling enhances interpretability and industrial
value. However, key challenges remain: lack of standardized sampling protocols and calibration methods, limited
cross-laboratory reproducibility, and poor model generalizability across food types and conditions. Future work
should prioritize harmonized protocols, open benchmark datasets, and explainable Al frameworks, supported by
cross-disciplinary collaboration, to enable reliable, real-time, and industry-ready mVOC-based monitoring.
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1. Introduction recognized as promising, non-invasive indicators for real-time assess-

ment of food quality and safety, with potential applications in moni-

Food safety and quality are fundamental priorities that have received
growing global attention in recent years, driven by the rapid expansion
of the food industry and rising consumer expectations for freshness,
transparency, and safety (Shen et al., 2024). Among the many factors
influencing these priorities, microbial metabolism during food produc-
tion, processing, and storage plays a pivotal role in shaping both safety
outcomes and sensory attributes. In this context, microbial volatile
organic compounds (mVOCs), small, readily detectable molecules pro-
duced by microorganisms, have emerged as a critical focus in food sci-
ence research. Due to their roles in microbial signaling, spoilage
dynamics, and interactions within complex food environments, mVOCs
offer valuable insight into microbial activity and contamination status
(Casaburi et al., 2015). Increasingly, these compounds are being

toring systems across the supply chain.

mVOCs are metabolic byproducts released during microbial growth
and metabolism. A diverse range of chemical classes, such as alcohols,
ketones, aldehydes, and esters, are formed during these processes, and
their production is influenced by a variety of factors, including microbial
species, nutrient composition, temperature, pH, moisture level, and
oxygen availability (Wang et al., 2016). Given the well-established
correlation with microbial metabolic activity, mVOCs have emerged as
critical biomarkers for the dynamic monitoring of safety and spoilage
processes in various food products (Ercolini et al., 2011). For instance,
Pseudomonas species, which are closely associated with food spoilage,
commonly release volatile compounds, such as dimethyl sulfide and
cyclopropane, in meat-based products, whereas Lactobacillus species
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typically produce aromatic compounds like diacetyl and acetoin (Cera
et al., 2024; Zscheppank et al., 2014). In dairy products, elevated levels
of butyric acid and methyl ketones are frequently linked to
spoilage-related microbial activity (Hierro et al., 2005; Zheng et al.,
2021). In fish, the release of trimethylamine and alcohol serves as a
typical indicator of microbial spoilage (Jorgensen et al., 2001). Changes
in ester profiles in fruits and vegetables are also commonly used to
detect early microbial contamination (Dong et al., 2013, 2014). More-
over, the composition and abundance of mVOCs can shift significantly
throughout microbial growth phases: alcohols tend to predominate
during early stages, whereas sulfur compounds and short-chain fatty
acids (SCFAs) typically increase in later stages, contributing to off-odors
and advanced spoilage (Yi & Xie, 2021).

mVOCs offer unique diagnostic signatures of microbial activity,
driving their adoption in food safety and quality control. As a result,
increasing efforts have been made to compile and systematize mVOCs
profiles into comprehensive databases that support the research interest.
For example, mVOC, a database originally established in 2013, has since
been expanded and reached version 4.0 in 2024, now encompassing
over 3500 distinct compounds (Kemmler et al., 2024). This extensive
dataset serves as a foundational resource for researchers and industry
professionals aiming to develop precise, high-throughput food quality
and safety monitoring techniques. In addition, benefiting from recent
advancements in analytical technologies and big data-driven pattern
recognition, the detection and interpretation of mVOCs in food assess-
ment have significantly improved. For example, a commercial electronic
nose (e-nose) with a metal oxide semiconductor sensor array enabled
accurate quantification of Salmonella Typhimurium in pork, with sup-
port vector machine (SVM) regression models optimized by genetic al-
gorithms achieving an R? of 0.989 (Bonah et al., 2021). These
applications highlight the analytical potential and the utility of mVOCs
profiling combined with machine learning and multivariate methods,
opening up avenues toward highly robust and scalable monitoring of
foods.

This review systematically evaluates the multifaceted role of mVOCs
in the monitoring of food quality and safety. It begins by outlining the
key microbial metabolic pathways, including carbohydrate, protein, and
lipid metabolism, that govern mVOCs production and contribute to
characteristic volatile profiles. Subsequently, the review summarizes
current sampling techniques and analytical detection platforms that
enable accurate and sensitive mVOCs identification. Advanced data
analysis approaches, including statistical modeling, machine learning,
and deep learning methods, are also discussed for extracting meaningful

Carbohydrate
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patterns from high-dimensional mVOCs datasets. Finally, the review
explores the practical applications of mVOCs monitoring in various food
industry settings, from fermentation control to spoilage and contami-
nation detection, and highlights current challenges and future directions
for research and industrial implementation.

2. The metabolism pathways of microbial volatile organic
compounds in food

To fully exploit mVOCs as reliable biomarkers in food safety and
quality monitoring, it is essential to understand their biochemical ori-
gins. Broadly, the generation of mVOCs can be classified into three
major metabolic routes: primary carbohydrate metabolism, amino acid
catabolism, and lipid degradation (Fig. 1). Each pathway contributes a
unique set of volatiles, which in turn reflects the underlying microbial
activity and substrate utilization. Table 1 summarizes the key mVOCs,
along with their primary metabolic pathways, representative microbial
origins, and the food products in which they are typically found. The
following sections further outline these three main metabolic pathways
and their representative volatile products.

2.1. Carbohydrate metabolism pathway

Various mVOCs are produced in microbial carbohydrate metabolism,
acting as indicators of carbohydrate breakdown, microbial fermentation
and spoilage, with each compound reflecting specific metabolic stages.
Carbohydrates in food are first subjected to enzymatic hydrolysis,
breaking down complex polysaccharides into monosaccharides, which
subsequently enter metabolic pathways like glycolysis, leading to the
production of various mVOCs (Fig. 1). For example, ethanol is a well-
known marker in fermented beverages and bakery products. In the
fermentation of alcoholic drinks, such as beer and wine, sugars are
converted into ethanol under anaerobic conditions, contributing to
alcohol content (Table 1). It has also been identified as one of the key
mVOCs produced by spoilage bacteria during low-temperature storage
of sea bass (Table 1). Similarly, the formation of acetic acid is crucial in
both desirable and undesirable microbial processes. In vinegar produc-
tion, Acetobacter species oxidize ethanol into acetic acid, providing the
characteristic sour flavor (Table 1). However, excessive acetic acid
accumulation in some food products due to microbial activity can
indicate product spoilage.

Through further fermentation, monosaccharides can be converted
into lactic acid and acetoin as notable mVOCs (Fig. 1). Lactic acid, a key
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Fig. 1. Metabolic pathways of microbial volatile organic compounds (mVOCs) derived from carbohydrate, protein, and lipid metabolism.
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Table 1
Summary of representative microbial volatile organic compounds (mVOCs) pathways, microbial sources, and indicative food products.
mVOCs Primary Representative microbial sources Representative food References
pathways products
Ethanol C Saccharomyces spp,, Pseudomonas Beer, wine, bread, sea (Loncaric et al., 2025; Nguyen et al., 2024; Parlapani
spp. bass et al., 2015)
Acetic acid C Acetobacter spp. Vinegar, pickles Maske et al. (2024)
Lactic acid C LAB, Streptococcus spp. Yogurt, cheese, sausages (El Bouchikhi et al., 2019; Santos et al., 2025)
Acetoin/diacetyl C+P+1L LAB, yeasts, Brochothrix, Serratia Yogurt, beer, butter, beef (Cera et al., 2024; Han et al., 2025; Tapia et al.,
sausage 2025)
Butyric acid C+L Clostridium spp. Cheese, dairy, spoiled fish ~ Floris et al. (2024)
Propionic acid C Propionibacterium spp. Swiss cheese Thierry et al. (2015)
Acetaldehyde C+P+L LAB, yeasts, Pseudomonas spp. Yogurt, wine, cider, pork (Gong et al., 2023; Papadopoulou et al., 2020)
meat
2,3-butanediol C LAB, yeasts Li et al. (2023)
Amines (e.g., histamine, P LAB, Pseudomonas spp., Fish, sausages, meat, (Hernandez-Jover et al., 1997; Rezaei et al., 2007;
putrescine, cadaverine) Enterobacteriaceae cured meats Tosukhowong et al., 2011)
Hydrogen sulfide P Shewanella spp., Escherichia coli, Seafood Yan et al. (2024)
Pseudomonas spp.
Dimethyl sulfide P Staphylococcus aureus, E. coli Mastitis milk Hettinga et al. (2009)
Dimethyl disulfide P Shewanella putrefaciens, Psychrobacter =~ Vacuum-packed salmon Claus et al. (2022)
Phenylethyl alcohol P Saccharomyces spp. Wine, whiskey (Guo et al., 2024; Loncari¢ et al., 2025)
Indole P E. coli Shrimp, meat Federico-Perez and Xue (2018)
p-cresol P Clostridium spp. Baijiu (Ji et al., 2020; Oshiro et al., 2022)
Isovaleric/isobutyric acids P Penicillium spp. Dry-cured sausage Hettinga et al. (2009)
Isoamyl alcohol C+P+L LAB, yeasts, Staphylococcus spp. Dairy, sausages Hierro et al. (2005)
Ethyl acetate C+L LAB, yeasts Wine, cheese, sausages (Abeijon Mukdsi et al., 2009; Hierro et al., 2005)
Hexanal L LAB, molds, Brochothrix, Serratia Smoked fish, meat, beef (Han et al., 2025; Varlet et al., 2007)
sausage
2-Heptanone/2-nonanone L+P Penicillium spp., LAB Blue cheese, dry-cured Hierro et al. (2005)
meat
1-Propanol/1-butanol L+C LAB, yeasts, Clostridium spp. Baijiu, wine, sausages (Chung et al., 2015; Zhao et al., 2025)
Methyl ketones L+P Penicillium spp., LAB Ripened cheese, butter (Hierro et al., 2005; Zheng et al., 2021)

Note: C, carbohydrate metabolism pathway; L, lipid metabolism pathway; P, protein metabolism pathway; LAB, Lactic acid bacteria.

product of lactic acid bacteria (LAB), signifies anaerobic carbohydrate
metabolism and is commonly detected in fermented foods, signaling
microbial activity associated with both desirable and spoilage processes.
For example, in dairy fermentation, Lactobacillus and Streptococcus spe-
cies metabolize sugars into lactic acid, which enhances the texture and
acidity of yogurt and cheese (Table 1). However, excessive accumulation
of lactic acid may lead to undesired changes in flavor, texture, or even
inhibit the growth of beneficial microbes, thus compromising product
quality. For instance, in yogurt production, overproduction of lactic acid
results in excessive sourness and syneresis (whey separation), negatively
affecting consumer acceptance (El Bouchikhi et al., 2019). On the other
hand, acetoin and diacetyl, byproducts of the breakdown of glucose or
other sugars during mixed acid fermentation by various bacterial strains,
contributes a mild buttery aroma and indicates ongoing carbohydrate
fermentation (Fernandez-Varela et al., 2024; Tapia et al., 2025). It is
commonly observed in dairy fermentations and some grain-based foods
(Table 1). Additionally, in sourdough fermentation, Lactobacillus san-
franciscensis produces acetoin as an intermediate in sugar metabolism,
contributing a mild buttery aroma (Cera et al., 2024).

Under anaerobic conditions, the breakdown of carbohydrates can
further yield butyric acid and propionic acid (Fig. 1), both of which are
associated with later stages of carbohydrate fermentation (Turgay et al.,
2018). Indeed, butyric acid is strongly associated with anaerobic
spoilage, particularly in dairy products, where Clostridium butyricum and
C. sporogenes produce this compound, leading to rancid and unpleasant
odors (Table 1). While propionic acid, produced by propionibacteria, is a
key indicator in cheese (particularly in Swiss cheese) fermentation,
contributing to the characteristic flavors. In this process, Propionibacte-
rium freudenreichii converts lactate into propionic acid and CO,, forming
the characteristic holes and imparting a nutty flavor (Table 1). Addi-
tionally, anaerobic carbohydrate metabolism may result in the produc-
tion of acetaldehyde and 2,3-butanediol (Table 1). Acetaldehyde is an
intermediate product of pyruvate metabolism and is often detectable in
fruit and dairy fermentations, marking active microbial carbohydrate
metabolism (Gong et al., 2023). It was also identified as one of the

compounds most strongly correlated with spoilage during pork storage
(Table 1). Meanwhile, 2,3-butanediol, arising from acetoin reduction (Li
et al., 2023), is frequently produced by LAB and certain yeasts, serving
as a marker for advanced fermentation stages.

These mVOGCs, including ethanol, acetic acid, lactic acid, acetoin,
butyric acid, propionic acid, acetaldehyde and 2,3-butanediol, collec-
tively represent different stages and conditions of microbial carbohy-
drate metabolism, offering insights into both the fermentation processes
and the onset of spoilage. Their presence thus serves as a valuable in-
dicator for monitoring microbial activity, supporting the assessment of
food quality and safety, and characterizing fermentation processes in
carbohydrate-rich products, such as fruits, vegetables, baked goods, and
jams or syrups.

2.2. Protein metabolic pathway

In microbial protein metabolism, a range of mVOCs are produced as
characteristic indicators of protein degradation and microbial activity,
each associated with distinct metabolic stages (Fig. 1). During the
decarboxylation of amino acids, specific biogenic amines are enzymat-
ically generated: histamine from histidine, putrescine from ornithine,
and cadaverine from lysine (Alvarez & Moreno-Arribas, 2014). These
compounds are closely linked to microbial spoilage and are commonly
detected in protein-rich foods. In fermented meat products, such as
Nham, a traditional Thai pork sausage, putrescine and cadaverine
accumulate during fermentation, especially when microbial hygiene is
poor or starter cultures are not well controlled (Table 1). In ice-stored
rainbow trout, putrescine and cadaverine levels increase progressively
with storage time and show strong correlations with the growth of
Pseudomonas spp. (Table 1). Histamine is typically detected only in later
stages, making it less suitable as a freshness indicator in early spoilage.
In ripened meat products, high levels of histamine, putrescine, and
cadaverine are frequently observed, with substantial variability among
commercial samples. Moreover, amine accumulation is often influenced
by the hygienic quality of raw meat and the conditions of fermentation
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and ripening, posing risks particularly in products with high tyramine or
histamine content (Hernandez-Jover et al., 1997).

Sulfur volatiles (e.g., hydrogen sulfide, dimethyl sulfide, and
dimethyl disulfide), another class of mVOCs derived from protein
metabolism, can be released during the degradation of sulfur-containing
amino acids, such as methionine and cysteine (Fig. 1). Sulfur volatiles
are typically produced under anaerobic conditions during spoilage,
serving as indicators of microbial activity and degradation in certain
foods. For instance, hydrogen sulfide is a typical indicator in aquatic
products, primarily generated by the degradation of cysteine through
both endogenous enzymes and microbial activity (Table 1). Similarly, in
mastitis milk, Staphylococcus aureus produces dimethyl sulfide by
metabolizing methionine through specific enzymatic pathways,
imparting an unpleasant odor that affects sensory quality (Table 1). In
vacuum-packed salmon, the accumulation of dimethyl disulfide is
strongly correlated with the growth of spoilage bacteria Shewanella
putrefaciens and Psychrobacter under refrigeration (Table 1).

Aromatic volatiles, such as phenylethyl alcohol, indole, and p-cresol,
are produced from microbial metabolism of aromatic amino acids,
specifically phenylalanine and tryptophan in food (Fig. 1). Phenylethyl
alcohol, with its faintly floral aroma, is commonly produced during
fermentation. For instance, S. cerevisiae contributes to desirable aroma
in fermented products like whiskey (Table 1). Indole is a clear indicator
of food spoilage and adherence to good manufacturing practices. Its
accumulation, a byproduct of bacterial degradation of tryptophan, sig-
nals decomposition by microbes like Escherichia coli, seen in US FDA
shrimp assessments (Federico-Perez & Xue, 2018). Moreover, p-cresol
exhibits a complex role, indicating both specific flavor profiles in foods
like grilled cheese and smoked products, and potential toxicity to
humans as food spoilage (Oshiro et al., 2022). Research shows its levels
increase in smoked foods show potential as an indicator to ensure safety
and quality, with studies on its microbial origin in fermented foods like
baijiu have identified several microbial genera, such as Clostridium, as
potential p-cresol producers, offering insights for control (Ji et al., 2020;
Oshiro et al., 2022).

In addition to amines, sulfur and aromatic volatiles, volatile fatty
acids and alcohols, such as isovaleric acid, isobutyric acid, and isoamyl
alcohol, can be generated from the metabolism of branched-chain amino
acids, including leucine, isoleucine, and valine (Zhang et al., 2024).
These compounds are common byproducts in both fermentation and
spoilage environments, where their sour and pungent odors can signal
microbial breakdown of protein substrates. For instance, in dry-cured
sausage, Penicillium aurantiogriseum and P. camemberti produce high
concentrations of isovaleric and isobutyric acids, contributing to the
characteristic aged aroma (Hierro et al., 2005). However, excessive
accumulation of these acids results in strong, unpleasant pungent odors,
indicating spoilage. Similarly, in fresh dairy products, the growth and
metabolism of S. aureus leads to the accumulation of isovaleric acid and
isoamyl alcohol, producing a strong sweaty odor indicative of microbial
spoilage (Hettinga et al., 2009).

Together, these mVOCs, such as biogenic amines, sulfur-containing
compounds, aromatic volatiles, fatty acids, and alcohols, reflect the
complex and multifaceted pathways of microbial protein metabolism.
Their production is closely associated with microbial enzymatic activity
during the breakdown and transformation of amino acids and proteins
under different environmental conditions. As such, these volatiles not
only provide valuable insights into the underlying metabolic processes
but also serve as meaningful indicators for monitoring microbial dy-
namics, assessing product quality, and ensuring safety in protein-rich
food systems.

2.3. Microbial volatile organic compounds in fat metabolic pathway
In the microbial metabolism of fats, mVOCs are produced at distinct

stages of lipid degradation, serving as critical indicators of both food
safety and quality attributes. The initial phase of lipid catabolism,
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lipolysis, involves the enzymatic hydrolysis of triglycerides into glycerol
and free fatty acids (Fig. 1). This process is also associated with the
release of esters, such as ethyl acetate and ethyl hexanoate, which
contribute fruity and buttery aromas in fermented food products
(Table 1). However, these compounds can also serve as indicators of
early lipid oxidation in rancid foods. For example, in cheese ripening,
the production of short-chain esters is linked to beneficial microbial
activity, particularly from LAB and yeasts, which contribute to desirable
flavor complexity (Abeijon Mukdsi et al., 2009). On the other hand,
excessive ester formation in lipid-rich fermented sausage can also indi-
cate microbial contamination or uncontrolled fermentation, leading to
off-flavors (Hierro et al., 2005).

The metabolic pathway of glycerol, an important byproduct of
lipolysis, varies depending on microbial species and environmental
conditions. Under anaerobic conditions, microbial fermentation of
glycerol can yield ethanol, 1-propanol, and 1-butanol, which are
frequently detected in fermented beverages, such as wine and baijiu
(Table 1). These alcohols also serve as important flavor contributors in
fermented dairy and meat products, where specific bacterial strains
regulate their formation to enhance flavor complexity rather than pro-
duce off-flavors. For instance, propanol has been identified as a key
component in aged cheeses, contributing mild alcoholic notes (You
et al., 2024). In contrast, under aerobic conditions, glycerol is more
likely to be completely oxidized through central metabolic pathways,
such as glycolysis and the tricarboxylic acid cycle (TCA) cycle, leading to
the production of non-volatile end-products like carbon dioxide and
water, and resulting in significantly lower levels of volatile alcohols.

The p-oxidation of free fatty acids, a primary pathway in fat meta-
bolism, leads to the formation of volatile ketone compounds, such as
acetone, 2-pentanone, and 3-pentanone, often via subsequent metabolic
steps or microbial activity, which contribute to the characteristic fruity,
buttery, or solvent-like aromas found in various foods (Fig. 1). However,
in the context of food spoilage, intensified p-oxidation leads to an
excessive buildup of ketones, resulting in undesirable solvent-like odors.
Additionally, lipid metabolism also produces a distinct class of com-
pounds known as SCFAs, typically defined as volatile fatty acids con-
taining fewer than six carbon atoms. The accumulation of SCFAs, such as
butyric acid, a metabolic byproduct of butyrate-producing Clostridia,
contributes to strong rancid and putrid odors in dairy spoilage but is also
responsible for the characteristic sharp flavor in certain fermented
cheeses, such as Limburger and Swiss varieties (Zheng et al., 2021).
Caproic acid (hexanoic acid), another SCFA, produces pungent, goaty
aromas commonly observed in both spoiled and aged dairy products.
Additional oxidation processes, such as oxidative cleavage, generate
volatile aldehydes. For instance, hexanal, contributes to grassy or fatty
notes, while trans-2-nonenal, is often responsible for undesirable fishy
or stale aromas, particularly significant in lipid-rich smoked fish prod-
ucts (Varlet et al., 2007). Moreover, o-oxidation pathways yield methyl
ketones, such as 2-nonanone and 2-heptanone, further contributing to
the volatile profile of lipid-containing foods (Hierro et al., 2005).

The production of mVOCs derived from microbial lipid metabolism
highlights the dynamic transformation of fats under microbial influence.
Their formation reflects both the metabolic potential of specific micro-
organisms and the surrounding environmental conditions. The produc-
tion of these volatiles is a double-edged sword: controlled microbial
activity can enhance desirable flavors in fermented foods, while un-
regulated processes may lead to quality deterioration. As such, they
serve as useful indicators for monitoring microbial activity and main-
taining the quality and safety of fat-containing food systems.

2.4. Multi-pathway interactions and cross talk

Multi-pathway interactions are increasingly recognized as a defining
feature of mVOCs production. Intermediates generated in one pathway
frequently enter another, collectively shaping the volatile profile of
types of food. For example, carbohydrate catabolism supplies pyruvate
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for ethanol and acetaldehyde formation but also generates acetyl-CoA,
which connects to lipid metabolism and contributes to fatty acid-
derived volatiles. Protein metabolism is similarly integrated with cen-
tral carbon fluxes, as exemplified by the Ehrlich pathway, where amino
acids are converted into higher alcohols, such as isoamyl alcohol and 1-
propanol (Gong et al., 2023; Li et al., 2023; Zhang et al., 2024; Zhao
et al., 2025). Table 1 also summarizes some representative mVOCs that
arise through multi-pathway interactions, in different foods. For
instance, acetoin and diacetyl are classic multi-pathway compounds,
deriving from carbohydrate precursors, amino acid transamination, and
lipid-derived acetyl-CoA, and are important flavor notes in yogurt, beer,
and butter (Table 1). Isoamyl alcohol is produced via both carbohydrate
metabolism and the Ehrlich pathway from leucine, with additional input
from lipid metabolism, explaining its occurrence across dairy and fer-
mented sausages (Hierro et al., 2005). Ethyl acetate forms when ethanol
from carbohydrate fermentation reacts with free fatty acids from lipid
hydrolysis, linking carbohydrate and lipid metabolism in wine, cheese,
and sausages (Abeijon Mukdsi et al., 2009; Hierro et al., 2005). Likewise,
butyric acid can originate from carbohydrate fermentation by Clos-
tridium spp. as well as lipid p-oxidation, and methyl ketones (e.g., 2-hep-
tanone) arise from lipid breakdown but depend on amino acid-derived
intermediates (Floris et al., 2024; Hierro et al., 2005; Zheng et al., 2021).
In complex fermentations, such as baijiu, cheese ripening, or sausage
fermentation, these multi-pathway interactions enable microbes to
redirect metabolic fluxes depending on substrate availability and com-
munity composition. Recognizing such interactions is therefore critical
for understanding the diversity and abundance of mVOCs in food fer-
mentations and spoilage processes.

3. Sampling and detection method

Sampling is a critical step in mVOCs analysis, as it directly influences
detection sensitivity, selectivity, and the integrity of the sample. A range
of techniques has been developed to accommodate different food
matrices and analytical objectives. Common methods include headspace
injection (HS), which captures volatiles from the gas phase above the
sample; solid-phase microextraction (SPME), which employs a coated
fiber to absorb analytes without solvents; purge and trap (P&T), which
uses inert gas to extract volatiles and retain them on sorbents; and
needle trap (NT), which directly collects volatiles using adsorbent-
packed needles. Each method presents distinct advantages in food-
related mVOCs monitoring. These sampling techniques are typically

{ Headspace injection -
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coupled with detection platforms to assess spoilage, monitor fermenta-
tion, and evaluate product quality (Fig. 2). Common detection methods
include gas chromatography-mass spectrometry (GC-MS), gas
chromatography-ion mobility spectrometry (GC-IMS), fourier transform
infrared spectroscopy (FTIR), and e-nose systems, each with unique
strengths depending on analytical needs. Table 2 summarizes the anal-
ysis of mVOCs from various food samples using different combinations
of sampling and detection methods.

3.1. Sampling method

3.1.1. Headspace injection method

HS is a widely used technique for analyzing mVOCs in food products.
This method is based on the principle of equilibrium partitioning, where
volatile compounds distribute between the sample matrix and the gas
phase above it (Fig. 2). This partitioning is governed by factors, such as
temperature, the volatility of the compounds, and the nature of the
sample matrix. HS GC-MS analysis has been used for the identification of
mVOCs in food samples, with matrix-matched calibration curves being
necessary for accurate results. In cheese, HS mVOCs analysis has been
employed to detect a range of volatile compounds, including aldehydes,
acids, and esters, during the ripening process, enabling the monitoring
of flavor profile changes and the detection of undesirable propionic acid
fermentation (Table 2). Similarly, the combination of headspace sam-
pling with gas chromatography-flame ionization detection has enabled
the detection of volatile ketones in fermented oat milk, facilitating the
optimization of starter cultures for improved fermentation performance
(Table 2). Advances in scientific techniques have allowed for the
detection of odors as primary source evidence in various fields. The use
of HS has been highlighted as a simple, solvent-free, and low in cost
technique, making it widely adopted for food mVOCs analysis in the past
decades. However, HS generally shows low sensitivity for poorly volatile
compounds, and its performance is strongly affected by temperature and
matrix effects, which can reduce reproducibility in complex food sys-
tems (Gu et al., 2025).

3.1.2. Solid phase microextraction

SPME has been widely used for extracting volatile and semi-volatile
organic compounds from environmental, biological, and food matrices.
By employing a coated fiber to absorb mVOCs, SPME significantly en-
hances the effectiveness of headspace analysis (Fig. 2). When coupled
with GC-MS, it has proven effective for profiling mVOCs in complex
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Fig. 2. Overview of sampling and detection methods for microbial volatile organic compounds (mVOCs) extracted from food samples.
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Table 2
Analysis of microbial volatile organic compounds (mVOCs) from various food
samples using different combinations of sampling and detection methods.

Food type mVOCs Sampling Detection References
chemical class  method method
Cheese Esters - GC-FID Abeijon Mukdsi
et al. (2009)
Cheese Acids HS GC-FID Turgay et al. (2018)
Fermented Ketones HS GC-FID Tapia et al. (2025)
oat milk
Cheeses Aldehydes, HS E-nose, GC- You et al. (2024)
acids, esters, MS, GC-
etc. IMS
Sausage Alcohols, HS GC-IMS Ma, Gao, et al.
aldehydes, (2023)
esters, etc.
Whiskey Esters, SPME GC-MS Guo et al. (2024)
ketones, etc.
Pork meat Aldehydes, SPME GC-MS Papadopoulou et al.
ketones (2020)
Beef and Alcohols, SPME GC-MS Pavlidis et al.
pork meat aldehydes, (2019)
ketones
Legumes Ketones SPME GC-MS Fernandez-Varela
et al. (2024)
Whiskey Esters, SPME GC-MS Loncaric¢ et al.
alcohols, (2025)
phenols, etc.
Milk Esters, acids, SPME GC-MS Hettinga et al.
etc. (2009)
Beef Alcohols, SPME E-nose, GC- Ferrocino et al.
aldehydes, MS (2013)
ketones, acids
Beef, Esters, sulfur P&T GC-MS Claus et al. (2022)
salmon compounds
Salmon Alcohols, P&T GC-MS Jorgensen et al.
ketones, etc. (2001)
Golden Acids - GC-MS Wang et al. (2022)
pomfret
Smoked Phenols - GC-MS Oshiro et al. (2022)
meat
Chicken Acids, - FTIR, GC- Muthusamy et al.
ketones, etc. MS (2024)
Vinegar Esters, - FTIR Jiao et al. (2019)
alcohols, etc.
Strawberry Alcohols, - FTIR Dong et al. (2013)
esters, etc.
Grape Alcohols, - FTIR Dong et al. (2014)
esters, etc.
Fish Alcohols, - FTIR Govari et al. (2021)
esters, etc.

Noted: GC-FID, gas chromatography with flame ionization detection; HS,
headspace injection; E-nose, electronic nose; GC-MS, gas chromatography-mass
spectrometry; GC-IMS, gas chromatography-ion mobility spectrometry; SPME,
solid phase microextraction; P&T, purge and trap; FTIR, fourier transform
infrared spectroscopy.

samples. For instance, SPME GC-MS has successfully identified key
mVOCs associated with spoilage during sterile pork storage, and to
discriminate between minced beef and pork based on distinct volatile
profiles (Table 2), highlighting its potential application in monitoring
food quality and safety. Additionally, this method has been employed to
detect and analyze mVOCs, such as esters, ketones, and acids, in various
fermented products including whiskey, legumes, milk, sausage, alco-
hols, and phenols, providing valuable insight into their fermentation
characteristics (Table 2). Furthermore, recent studies have utilized
SPME GC-MS to rapidly detect microbial enzyme activity by measuring
mVOCs generated via enzymatic hydrolysis. Thompson et al. (2020)
reported a rapid and universal microbial detection approach based on
nitroreductase activity, where pathogenic microorganisms converted
nitrobenzene substrates into detectable aniline compounds within 6-8 h,
underscoring the method’s sensitivity and practicality for microbial
screening in food safety, healthcare, and environmental monitoring.
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Given its efficiency in isolating and enriching analytes from intricate
matrices, SPME remains a preferred analytical method in mVOCs
research (Lytou et al., 2019). Nevertheless, SPME suffers from fiber
coating degradation after repeated use, potential adsorption bias toward
certain analytes, and relatively high consumable costs, which limit its
robustness for long-term monitoring (Spietelun et al., 2010).

3.1.3. Purge and trap sampling method

P&T sampling operates on the principle of volatilization and
adsorption. During the purging phase, an inert gas flows through the
sample, stripping volatile compounds from the matrix into the gas phase
(Fig. 2). This makes P&T particularly suitable for profiling mVOCs in
applications where precision and reproducibility are essential. In a
comparative study assessing spoilage in beef and salmon under various
storage conditions, P&T combined with GC-MS effectively identified key
spoilage markers, such as dimethyl disulfide, methyl thioacetate, and
acetoin, demonstrating its strong discriminatory power and consistency
with e-nose data (Table 2). In another application, P&T GC-MS was used
to monitor changes in 38 volatile compounds during chilled storage of
vacuum-packed cold-smoked salmon. The study identified key spoilage
markers, such as 1-propanol, 2-butanone, and 2-furancarboxaldehyde,
that correlated with sensory degradation, and highlighted compounds
like trimethylamine and 3-methylbutanal as major contributors to off-
flavors (Table 2). P&T offers high recovery efficiency with minimum
loss and reproducibility, enabling detection of trace-level volatiles with
strong discriminatory power. Despite these strengths, P&T systems are
limited by moisture interference, which can cause analyte loss, and by
strong dependence on purge parameters, such as flow rate, purge time,
and temperature, making the method vulnerable to bias without careful
optimization. These limitations also mean that P&T is not always well
suited for complex or high-moisture food matrices, where reproduc-
ibility and practicality become challenging (Fernandez-Villarrenaga
et al., 2006).

3.1.4. Needle trap sampling method

NT technique is a solvent-free extraction method that uses a
constant-current pump to actively draw headspace air through the
adsorption bed, enabling dynamic headspace extraction. It employs a
hollow needle packed with adsorbent material, such as activated carbon,
porous polymers, or molecular sieves. During sampling, the needle is
exposed to the sample headspace or directly inserted into the sample
matrix (Fig. 2). Volatile compounds are absorbed onto the packing
material due to interactions based on polarity, volatility, and molecular
size. This approach ensures efficient collection and concentration of
volatiles while maintaining the integrity of the sample. In a recent study,
NT was used to extract mVOCs from ham samples and outperformed
other techniques, such as SPME and solvent-assisted flavor evaporation
(SAFE), detecting a total of 205 volatile compounds, significantly more
than the other methods. This superior performance is attributed to both
the dynamic flow and longer enrichment time, making NT a powerful
tool for comprehensive mVOCs profiling (Liu et al., 2022). In another
study, a growth-dependent headspace analysis method based on NT was
developed for monitoring different mVOCs. Using this method, specific
metabolites from Pseudomonas aeruginosa and E. coli were successfully
detected and quantified. By comparing the headspace profiles of inoc-
ulated and uninoculated media, microbial products could be clearly
distinguished from background compounds, further demonstrating the
applicability of NT for mVOCs analysis in food settings (Zscheppank
et al.,, 2014). Despite their high sensitivity and suitability for rapid
on-site analysis, NT technologies suffer from limited field validation,
lack of standardized protocols, and inconsistent reproducibility across
studies. Challenges related to sorbent stability, environmental vari-
ability, matrix interferences, and cost further restrict their reliability for
routine large-scale monitoring (Baimatova & Gionfriddo, 2025).
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3.2. Detection method

3.2.1. Gas chromatography-mass spectrometry

GC-MS is considered the gold standard for the analysis of mVOCs. It
provides exceptional capability for the separation and identification of
volatile and semi-volatile organic compounds in complex mixtures. It
also demonstrates high sensitivity, enabling the detection of mVOCs at
trace concentrations with remarkable specificity (Xu et al., 2021). Due
to its precision, it is extensively employed in food science, environ-
mental monitoring, and industrial applications for the detection and
quantification of mVOCs. For instance, in a study on fermented golden
pomfret, GC-MS was used to identify 95 volatile compounds generated
during fermentation (Table 2). The analysis revealed a strong link be-
tween lipid oxidation, particularly the degradation of fatty acids like
oleic, linoleic, and palmitic acids, and the formation of these volatiles.
This study demonstrated how GC-MS can effectively profile dynamic
chemical transformations in complex food systems and identify the
lipid-derived precursors that contribute to the sensory characteristics of
fermented foods. GC-MS offers excellent sensitivity, specificity, and
compound identification, but it is limited by cost, speed, portability, and
matrix interferences, which restrict its suitability for rapid or routine
field-based monitoring of mVOCs in food.

3.2.2. Gas chromatography-ion mobility spectrometry

GC-IMS is an emerging analytical method for the detection of mVOCs
in food systems. It integrates GC for the initial separation of compounds
with IMS, which distinguishes ionized molecules based on their drift
times in a weak electric field under ambient pressure (Ma, Gao, et al.,
2023; You et al., 2024). This dual approach enables both qualitative and
quantitative assessment of complex volatile profiles with high resolu-
tion. One of the major advantages of GC-IMS is its minimal sample
preparation requirement and rapid analysis time, making it highly
suitable for real-time, on-site, and high-throughput food quality moni-
toring. It offers excellent sensitivity and repeatability, even for
trace-level volatiles, which is particularly valuable in spoilage detection
and aroma profiling. GC-IMS has been successfully applied to detect
spoilage markers in seafood, distinguish aroma profiles in fermented
dairy products, and mildew gradation based on volatile compound
patterns (Gu et al., 2021). These applications underscore its growing
utility in modern food safety and quality control systems. While GC-MS
remains the benchmark for accurate and comprehensive mVOCs
profiling, GC-IMS offers a complementary approach that is faster, more
portable, and better suited to real-time food quality monitoring, albeit
with reduced structural resolution and less robust compound identifi-
cation (Schanzmann et al., 2025).

3.2.3. Electronic nose

The e-nose, modeled after the human olfactory system, has been
widely adopted in food safety and quality monitoring due to its high
sensitivity, cost-effectiveness, portability, and ease of operation in
detecting mVOCs (Mohareb et al., 2016; Papadopoulou et al., 2013).
Bonah et al. (2021) demonstrated the effectiveness of a commercial
e-nose equipped with a ten-sensor metal oxide semiconductor array in
detecting and quantifying S. Typhimurium contamination in pork. The
device accurately differentiated samples with varying contamination
levels and showed strong agreement with conventional microbial tests.
Similarly, Ferrocino et al. (2013) employed an SPME GC-MS integrated
with an e-nose to monitor beef during vacuum storage, showcasing its
ability to discriminate storage time points and assess the impact of
antimicrobial packaging on microbial growth and volatile metabolite
production (Table 2). These advancements underscore the growing
utility of e-nose systems as rapid, objective, and reliable tools for food
quality assessment, positioning them as key components in future smart
food monitoring solutions. However, their limitations include sensor
drift requiring frequent recalibration, cross-sensitivity that reduces
compound specificity, and poor reproducibility across different devices
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or environmental conditions. In addition, the interpretation of e-nose
data often relies on chemometric or machine learning models, which
may lack robustness if training datasets are limited (Wilson & Baietto,
2009).

3.2.4. Infrared spectroscopy

FTIR is an advanced vibrational spectroscopic method increasingly
utilized for detecting different mVOCs in food matrices (Table 2). Unlike
conventional infrared spectroscopy, which measures absorption at in-
dividual wavelengths sequentially, FTIR simultaneously acquires a
comprehensive infrared spectrum using an interferometer and generates
high-resolution molecular fingerprints via Fourier transformation. These
spectra provide characteristic vibrational patterns corresponding to
specific chemical structures, facilitating identification of microbially
derived volatiles, such as alcohols, aldehydes, ketones, and related
organic compounds (Jiao et al., 2019). Although initially developed for
applications in environmental and clinical microbiology, FTIR has
proven valuable in food analysis due to its ability to detect gaseous
metabolic byproducts. This capability makes it a useful tool for assessing
microbial spoilage and fermentation in a variety of food products,
including chicken, vinegar, strawberries, grapes, and fish (Table 2).
Nevertheless, its relatively low sensitivity makes it less suitable for
trace-level mVOCs detection. In complex food matrices, overlapping
vibrational bands can hinder accurate interpretation, and FTIR alone
cannot provide unambiguous compound identification. Reliable appli-
cation often requires chemometric modeling and complementary
analytical techniques, which may limit its practicality for routine use.
For example, FTIR spectroscopy can been applied to estimate microbial
spoilage in sea bass fillets when combined with partial least squares
regression (PLS-R) by detecting volatile metabolites associated with
total viable counts under different packaging and temperature condi-
tions (Govari et al., 2021).

3.3. Comparative evaluation of sampling and detection methods

While each sampling and detection technique has unique advan-
tages, their practical suitability for food-related mVOCs analysis differs
in terms of sensitivity, reproducibility, cost, and field applicability. For
sampling methods, HS offers the simplest and most economical
approach, making it widely adopted for routine screening; however, its
relatively low sensitivity for poorly volatile compounds and dependence
on temperature and matrix conditions reduce reproducibility in complex
foods (Gu et al., 2025). SPME substantially improves sensitivity and
selectivity while remaining solvent-free, yet fiber degradation, adsorp-
tion bias, and relatively high consumable costs restrict its robustness for
long-term monitoring (Spietelun et al., 2010). P&T provides high re-
covery efficiency and reproducibility, enabling trace-level detection of
spoilage markers, but the complexity of the system, strong dependence
on purge parameters, and susceptibility to moisture interference make it
less suited for rapid or field applications, particularly in high-moisture
food matrices (Fernandez-Villarrenaga et al., 2006). NT combines
solvent-free dynamic sampling with strong enrichment capacity and has
outperformed SPME and other techniques in some cases, highlighting its
potential for on-site profiling; nevertheless, limited field validation, lack
of standardized protocols, sorbent stability concerns, and cost issues
continue to challenge its reproducibility and routine adoption
(Baimatova & Gionfriddo, 2025). Collectively, HS and SPME remain
more practical for cost-effective routine monitoring, while P&T and NT
offer superior sensitivity and comprehensiveness but at the expense of
complexity, cost, and field applicability.

For detection methods, they also present distinct strengths and lim-
itations in food-related mVOCs analysis. GC-MS remains the gold stan-
dard, offering unmatched specificity, sensitivity, and compound
identification, but its high cost, slow throughput, and lack of portability
limit its suitability for routine or field-based applications (Xu et al.,
2021). GC-IMS provides faster, more portable analysis with minimal
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sample preparation, making it well suited for real-time quality moni-
toring, though it delivers lower structural resolution and less reliable
compound identification compared with GC-MS (Schanzmann et al.,
2025). E-noses are attractive for their low cost, portability, and rapid
screening capabilities, especially in spoilage detection, but they suffer
from sensor drift, cross-sensitivity, and dependence on chemometric or
machine learning models, which may reduce reproducibility across
settings (Wilson & Baietto, 2009). FTIR spectroscopy enables rapid,
non-destructive fingerprinting of volatile profiles and can be powerful
when combined with chemometrics, yet its relatively low sensitivity,
overlapping vibrational bands, and inability to unambiguously identify
compounds limit its role as a stand-alone method. Taken together,
GC-MS and GC-IMS remain preferred for high-precision applications,
whereas e-noses and FTIR provide complementary options for
cost-effective, real-time, or non-destructive food quality assessment.
Overall, these comparisons highlight that no single method is uni-
versally optimal; the choice largely depends on the analytical objective,
the characteristics of the food matrix, and the available resources. In
practice, combining different sampling and detection techniques often
yields more robust and reliable insights into mVOCs in food systems.

4. Data analysis and machine learning modeling for mVOCs

With the growing availability of high throughput mVOCs data and
their rapid detectability as reliable biomarkers, these compounds offer
significant potential for monitoring of food quality and microbial dy-
namics, such as fermentation, contamination, and spoilage. However,
fully leveraging this potential requires advanced data analysis and
modeling strategies capable of handling complex, high-dimensional, and
often non-linear datasets. In this context, machine learning has emerged
as a powerful tool for extracting meaningful patterns from mVOCs data,
enabling classification and predictive modeling beyond the capabilities
of traditional statistical approaches. Table 3 outlines key applications of
various machine learning techniques in food quality and safety assess-
ment using diverse data inputs, including mVOCs.
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4.1. Data preprocessing

The analysis of mVOCs data presents significant challenges due to its
high dimensionality, stemming from complex mass spectrometry (MS)
outputs and sensor-derived signals. These datasets are typically char-
acterized by overlapping signals, background noise, and many variables,
making accurate interpretation difficult. To address this, robust pre-
processing and feature extraction techniques are essential. Feature
extraction can simplify these datasets by reducing dimensionality while
retaining critical information. Among the commonly used methods,
Principal Component Analysis (PCA) and independent component
analysis (ICA) are effective in highlighting the underlying structure of
the data by emphasizing key sources of variability (Fig. 3). These tech-
niques make the dataset more manageable and suitable for downstream
analysis by enhancing the signal-to-noise ratio and reducing complexity.

PCA transforms the original data into a set of orthogonal components
ranked by the variance they explain, thereby reducing redundancy and
emphasizing dominant patterns within the dataset. PCA-based unsu-
pervised feature extraction has demonstrated effectiveness across
various bioinformatics applications, including DNA methylation anal-
ysis and biomarker identification (Taguchi, 2016). In the context of
mVOCs gas recognition, PCA can be used as a feature extraction method
alongside other techniques to improve classification accuracy when
applying machine learning algorithms. Moreover, PCA can serve as a
feature learning approach in multiple learning models, enhancing the
extraction of relevant features from raw data (Pavlidis et al., 2019). For
example, in spoiled beef and salmon, PCA effectively reduces dimen-
sionality, generating simplified principal components. These enhance
input for various downstream classification models, enabling
high-accuracy discrimination of distinct sample categories (Claus et al.,
2022).

On the other hand, ICA is used to decompose multivariate signals
into statistically independent, non-Gaussian components. It has
demonstrated strong potential as an effective feature extraction tech-
nique for analyzing mVOCs using e-nose systems. Compared to PCA, ICA

Table 3
Applications of microbial volatile organic compounds (mVOCs) and machine learning in the food industry.
Food type Input data type Algorithm Model performance Reference
Pork E-nose SVM-R The optimal model achieved: R? = 0.989, root mean square error of prediction = Bonah et al. (2021)
0.137, residual predictive deviation = 14.93
Beef fillet E-nose SVM Correlations above 0.96 and 0.86 were obtained between observed and predicted Papadopoulou et al.
microbial counts for the training and test data sets, respectively. (2013)
Wheat Whole-cell biosensor ANN, SVM Achieved 97.24 % accuracy of mold detection for early-warning Li et al. (2025)
Pork patties Color, e-nose data, texture, pH PLS-DA, SVM, PLS-DA: R? = 89.4 %, Permutation test (200 iterations); SVM: R? = 90.84 %, 5-fold Lu et al. (2025)
ANN cross-validation; BP-ANN: R? = 93.50 %, optimal prediction model saved, t-test for
validation
Coffea GC-MS RF Normalized relative frequency >50 %, odor activity value > 1 Messias et al. (2025)
canephora
Peanuts & GC-MS RF 100 % accuracy in discriminating healthy from moldy foods. 95 % and 98 % Ma, Guan, et al.

maize accuracy in discriminating pre-mold stages for infected foods
90-99 % accuracy in differentiating pathogenic microorganisms from spoilage

Pathogen detection from a high background microflora with accuracies ranging from
ANN-based method outperformed other employed models, when total plate count
Achieved up to 100 % accuracy in predicting apple ripening stages, with consistent
classification performance validated across new independent experiments

Achieved 99 % accuracy for determining freshness levels

Achieved 87.8 %-99.41 % accuracy for predicting wine quality

(2023)
Yang et al. (2022)

Jia et al. (2024)
Chen et al. (2024)
Trebar et al. (2024)
Jiang et al. (2024)

Nguyen et al.
(2024)

Seafood Chromogenic array NN
microflora on seafood
Cheddar Color pattern shift ANN
cheese 72+11%t092+3 %
Fresh pork GC-IMS ANN
exceeded 6 log CFU/g
Apple E-nose K-means
clustering, KNNs
Shrimp & Color pattern shift CNN
fish
Wine E-nose LSTM
Salted goose GC-MS, GC-IMS, e-nose, e- GAN

tongue, sensory evaluation

Achieved 95 % accuracy and strong generalization capability for discriminating
salted goose breeds

(Shen et al., 2024)

Noted: E-nose, electronic nose; SVM-R, support vector machine regression; ANN, artificial neural network; SVM, support vector machine; PLS-DA, partial least squares
discriminant analysis; BP-ANN, back propagating-artificial neural network; GC-MS, gas chromatography-mass spectrometry; RF, random forest; GC-IMS, gas
chromatography-ion mobility spectrometry; NN, neural network; KNN, k-nearest neighbors; CNN, convolutional neural network; LSTM, long short-term memory;

GAN, generative adversarial network.
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Fig. 3. Machine learning-based data processing approaches for microbial volatile organic compounds (mVOCs).

often achieves higher classification and regression accuracy for mVOCs
datasets, offering superior predictive performance. As a feature learning
approach, ICA can be implemented into deep learning models to auto-
matically extract relevant features from raw sensor data, reducing reli-
ance on manual feature engineering (Ibrahim & Al-jumaily, 2016).
When combined with supervised machine learning algorithm, ICA has
been successfully applied to eliminate noise and interference from
mixed gas signals from e-nose sensors, thereby improving the accuracy
and reliability of gas composition analysis (Meng, 2010).

4.2. Supervised learning models in mVOCs analysis

Supervised learning models are widely used in the analysis of mVOCs
data in various food science applications due to their ability to learn
from labeled datasets and generalize effectively to unseen data. These
models are typically categorized into classification and regression tasks
based on the type of output (or target variable) they are designed to
predict. They provide a robust and effective framework for addressing
diverse challenges, ranging from food quality monitoring to predictive
modeling in mVOCs-related research.

4.2.1. Classification tasks

SVMs are a type of supervised learning algorithm widely used for
classification tasks (Fig. 3). Known for their efficiency and versatility,
SVMs have gained increasing prominence in food science research
(Lytou et al., 2023). In particular, SVMs can identify characteristic
mVOCs patterns associated with specific pathogens, enabling the
development of rapid and non-invasive diagnostic tools. For example,
SVMs have demonstrated excellent predictive performance in detecting
Salmonella contamination in pork, achieving an R? of 0.989, a Root
Mean Square Error (RMSE) of prediction of 0.137, and a residual pre-
dictive deviation of 14.93, indicating strong model fit and accuracy.
Similarly, SVM-based methods have been applied for mold detection in
wheat (Table 3). Beyond food safety, SVMs have also shown great po-
tential in assessing freshness (Mohareb et al., 2016; Papadopoulou et al.,
2013). In a recent study on pork patties stored at 4 °C, an e-nose com-
bined with SVMs was used to predict freshness based on volatile profiles.
The model achieved over 91 % prediction accuracy for total volatile
basic nitrogen, with predicted values closely aligning with experimental

results (Table 3). These applications highlight the effectiveness of SVMs
in monitoring both microbial safety and quality deterioration, under-
scoring their value as non-destructive, efficient alternatives to conven-
tional, labor-intensive methods. Their ability to model nonlinear
relationships through kernel functions and adapt to various data types
further reinforces their utility in analyzing complex biological food
systems.

Random forest (RF) is another popular supervised learning model
used for classification tasks (Fig. 3). It is an ensemble learning method
that constructs a multitude of decision trees during training and outputs
the mode of the classes of the individual trees. RF is known for its
robustness, ability to handle large datasets with high dimensionality,
and resistance to overfitting, especially when dealing with complex
datasets. The strength of RF lies in its ability to aggregate multiple weak
learners (decision trees) to improve the model’s overall accuracy and
generalization ability. It has been employed to identify disease-related
mVOCs patterns in paratuberculosis detection, showcasing its poten-
tial in medical diagnostics (Kasbohm et al., 2017). Additionally, RF
methodology has been successfully applied in various food science
fields. For instance, it was applied to analyze the volatile profiles of
Coffea canephora beverages fermented with S. cerevisiae, enabling the
differentiation of sensory attributes associated with various fermenta-
tion treatments (Table 3). Among the 94 mVOCs identified, about 10 %
were found to significantly influence the sensory characteristics. RF
analysis effectively pinpointed key compounds responsible for flavor
enhancement in samples treated with glucose and fructose, demon-
strating its utility in optimizing fermentation processes and assessing
product quality. In food safety, RF has also shown impressive perfor-
mance in detecting microbial contamination. It achieved 100 % accu-
racy in distinguishing health from mold-infected samples and 95 %-98
% accuracy in identifying pre-mold stages, allowing for early spoilage
detection and timely intervention (Table 3). These applications high-
light RF’s versatility and reliability in analyzing complex food systems
across both sensory and safety domains.

4.2.2. Regression tasks

Linear regression models, a type of supervised learning algorithm,
are widely used in predictive microbiology to simulate microbial growth
under various environmental conditions. As part of regression tasks,
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these models predict continuous outcomes based on input variables
(Fig. 3). In food microbiology, linear regression can be applied to
analyze percentage data, such as growth probability and inactivation
rates. For example, linear regression analysis has revealed how organic
acids, which are key microbial metabolites, significantly influence the
microbial community structure in fermented grains. This influence
subsequently affects the overall volatile component concentrations and
product quality (He et al., 2024). Recent advancements in microbial
analysis have focused on mVOCs as indicators, enabling early identifi-
cation of microbial contamination.

For more complex regression tasks, such as predicting mVOCs con-
centration levels affected by multiple interacting factors, neural net-
works (NNs) provide an effective alternative (Fig. 3). NNs have been
utilized in various food science applications, including modeling mi-
crobial growth and forecasting food safety outcomes. In one study,
artificial neural networks (ANNs) outperformed other models in pre-
dicting total microbial counts in fresh pork (Table 3). More recently, a
paper-based chromogenic array coupled with an NN achieved high ac-
curacy (90-99 %) in distinguishing pathogenic microorganisms from
spoilage microflora in seafood by detecting mVOCs (Table 3). Addi-
tionally, pathogen detection in shredded Cheddar cheese, despite a
complex background microflora, yielded accuracies ranging from 72 +
11 % to 92 + 3 % using an ANN integrated with a paper chromogenic
array (Table 3). This non-destructive approach, combined with NN
analysis, effectively predicted pathogens in cod and salmon samples
even in the presence of spoilage bacteria and background microflora,
demonstrating the strength of supervised learning models in addressing
complex regression challenges in food safety.

Although these traditional machine learning methods have been
proved to be feasible, they can encounter scalability issues when applied
to large datasets, which may limit their effectiveness in real-world sce-
narios that involve complex biological interactions (Khan et al., 2022).
These challenges become particularly evident as the volume and
complexity of the data increase, making it difficult for these methods to
maintain high performance and accuracy. Nevertheless, the integration
of supervised learning models into food science and mVOCs analysis
remains a key driver of advancements in predictive modeling. Ongoing
research is focused on improving the scalability, interpretability, and
computational efficiency of these models, striving to overcome these
limitations and unlock their full potential in addressing complex food
safety and microbiological concerns.

4.3. Unsupervised learning models in mVOCs analysis

Unlike supervised learning models, which rely on labeled data to
train algorithms, unsupervised learning models are used when labeled
data are unavailable, allowing for the exploration of hidden patterns and
structures within datasets. In the context of mVOCs analysis in food
science, unsupervised learning can uncover natural groupings of food
samples based on their intrinsic characteristics. One common approach
within unsupervised learning is clustering, which segments data into
groups, or clusters, based on similarity metrics, offering insights into the
underlying distribution and relationships of the data. Anomalous sam-
ples can be uncovered with hidden relationships and generate hypoth-
eses for further investigation. Popular clustering methods include K-
means, which partitions the dataset into a predefined number of clus-
ters, and hierarchical clustering, which builds a tree-like structure to
represent data relationships at different levels of similarity (Fig. 3).
These approaches are especially beneficial in exploratory data analysis,
where the primary objective is to identify underlying patterns that may
inform subsequent supervised modeling or provide domain-specific
insights.

K-means clustering has been applied in food science for various types
of analyses. In an olive oil study, it was used to group extra virgin olive
oils based on sensory profiles and volatile compounds, helping to
differentiate monovarietal samples. Notably, K-means combined with K-
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nearest neighbors (KNN) has demonstrated strong performance in pre-
dicting the ripening stages of apple fruits. By clustering sensor data and
principal components from volatile compound analysis, followed by
classification using KNN, this approach achieved up to 100 % accuracy
across multiple independent experiments, effectively distinguishing
between less-ripe, ripe, and overripe apples (Table 3). Additionally,
mVOCs have gained attention as key indicators of food contamination,
and K-means clustering has been employed to analyze mVOCs profiles in
various food safety assessments. In human gut microbiome studies, K-
means clustering of 16S rRNA sequences has also contributed to un-
derstanding intestinal microbiota composition and identifying potential
disease indicators (Taie et al., 2018).

Hierarchical clustering is another method used to analyze mVOCs
emitted by various microorganisms, revealing consistency between
mVOCs-based and pathogenicity-based classifications. This technique
can also distinguish between different microalgal strains based on their
mVOCs profiles (Deng et al., 2023). Unlike K-means, hierarchical clus-
tering does not require a pre-specified number of clusters, making it
particularly well-suited for exploratory studies where the optimal
number of groups is unknown. In mVOCs profiling, studies have shown
that species-level discrimination of bacterial isolates can be achieved
based on emission patterns of volatile compounds. Although not always
explicitly analyzed using hierarchical clustering, such mVOCs datasets
present structured variability well-suited for this method. In food
research, hierarchical clustering has been used to distinguish grapes and
corresponding wine samples processed under different postharvest
cooling treatments, based on distinct mVOCs profiles that correlate with
sensory properties (Modesti et al., 2021).

4.4. Deep learning models in mVOCs analysis and time-series data
processing

Deep learning models, as a form of representation-learning, are
particularly effective in analyzing complex and high-dimensional data-
sets, such as those involved in mVOCs analysis. These models auto-
matically learn features from raw data, refining multilevel
representations to capture intricate patterns. Deep learning can be
applied in both supervised learning tasks, such as classification and
regression, and unsupervised tasks, such as clustering or anomaly
detection, offering flexibility depending on whether labeled data is
available (Shen et al., 2025). In mVOCs analysis, deep learning models
help to uncover hidden relationships between volatile compounds,
improving the accuracy of predictions related to microbial contamina-
tion, spoilage, and food safety.

Convolutional neural networks (CNNs) have shown promising ap-
plications in food science and related fields. For example, they have been
employed in monitoring the freshness of seafood. In a recent study,
colorimetric sensor arrays composed of 16 chemo-responsive dyes were
used to detect mVOCs released during spoilage. The resulting color
changes were digitized and analyzed using a CNN model, which suc-
cessfully classified the seafood into four freshness levels, fresh, less
fresh, slightly spoiled, and spoiled, with an accuracy of 99 %. (Table 3).
On the other hand, recurrent neural networks (RNNs), designed to
model sequential data, are particularly effective at capturing temporal
dependencies in mVOCs time-series datasets. Unlike feedforward net-
works, RNNs incorporate loops that allow information to persist across
time steps, enabling them to analyze data where the order of observa-
tions is critical. Advanced techniques, such as long short-term memory
(LSTM) networks, have shown promise in predicting food allergies from
longitudinal gut microbiome profiles, outperforming traditional ma-
chine learning models (Metwally et al., 2019). Additionally, in food
quality evaluation, LSTM networks analyzing e-nose mVOCs signals
with have achieved high accuracy (87.8-99.41 %) in wine quality
recognition (Table 3). Another prominent variant of deep learning is
generative adversarial networks (GANs), which are particularly
powerful for data augmentation and capturing complex multimodal
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food data (Shen, Wang, Nawazish, et al., 2024). For instance, Shen,
Wang, Jin, et al. (2024) developed a GAN-based integrated framework
that combined GC-MS, GC-IMS, e-nose, e-tongue, and sensory evaluation
to discriminate salted goose breeds (Table 3). By generating synthetic
data to overcome limited sample sizes and fusing heterogeneous data-
sets, the GAN-enhanced model achieved 95 % accuracy and strong
generalization capability. This example underscores GANs’ potential not
only to solve the challenge of small datasets but also to integrate
multi-sensor and chemometric data streams for robust food authenti-
cation and mVOCs analysis.

4.5. Critical perspectives in machine learning-based mVOCs analysis

Despite notable advances, significant challenges remain in applying
machine learning to mVOCs-based food analysis. A persistent concern is
the risk of overfitting, as many studies are based on relatively small but
high-dimensional datasets. Such models may report deceptively high
accuracies in training or cross-validation but lack robustness during
external validation or real-world deployment (Khan et al., 2022; Tagu-
chi, 2016). Closely related is the issue of generalizability, since models
optimized for specific foods: models trained on specific foods, microbial
communities, or sensor platforms often fail when transferred to other
contexts (Ibrahim & Al-jumaily, 2016; Ma, Guan, et al., 2023).
Addressing these limitations requires access to larger and more diverse
datasets, rigorous external validation, and advanced strategies, such as
transfer learning, domain adaptation, and federated learning, which can
help models adapt to heterogeneous data without compromising pri-
vacy. As a positive example, the MeatReg study employed Monte-Carlo
cross-validation and reported RMSE/accuracy across packaging types
and temperatures, illustrating robust model comparison practices that
help curb overfitting in small, high-dimensional settings (Estelles-Lopez
et al., 2017).

Practical implementation barriers also constrain progress. Deploying
machine learning for real-time monitoring in industrial environments
requires computationally efficient models that are resilient to sensor
drift, environmental noise, and matrix variability. Yet most existing
systems remain research prototypes rather than industry-ready solutions
(Bonah et al., 2021). The problem is compounded by data heterogeneity,
with inconsistencies across laboratories, sensor platforms, and pre-
processing protocols leading to poor reproducibility and difficult
cross-study comparisons. Standardized protocols and harmonized eval-
uation metrics are urgently needed to ensure comparability and
robustness across applications. Another critical barrier is interpret-
ability. Many advanced models, particularly deep NNs, function as
“black boxes,” limiting transparency and trust in regulatory and indus-
trial settings. Since food safety monitoring requires traceable reasoning,
models that lack interpretability risk rejection. The application of
explainable AI (XAI) tools, such as SHapley Additive exPlanations
(SHAP) values, attention maps, or surrogate models can provide greater
transparency. Furthermore, hybrid models that combine mechanistic
insights with machine learning predictions could help improve both
accuracy and biological interpretability (Okyere et al., 2023).

Beyond these methodological and operational challenges, several
data-related limitations must be addressed. Data imbalance remains
common: certain spoilage organisms, food types, or mVOCs classes are
overrepresented, biasing model predictions. Similarly, the temporal
dynamics of mVOCs, critical for tracking spoilage and fermentation
stages, are often underexplored, with most models focusing on static
snapshots rather than longitudinal signals. Integrating multimodal data
(e.g., mVOCs with omics, imaging, and environmental metadata) has
shown promise (Estelles-Lopez et al., 2017; Govari et al., 2021; Lytou
et al., 2023). Moreover, recent perspectives in food Al highlight broader
systemic barriers that are equally relevant to mVOCs research. As Zhang
et al. (2025) emphasize, progress will depend on tighter integration of
domain knowledge into model frameworks, ensuring that predictions
are guided by an understanding of microbial metabolism, food
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chemistry, and processing dynamics rather than solely data-driven
correlations. Moreover, the field lacks transparent and reusable work-
flows: many published models do not release code, datasets, or pipe-
lines, hindering reproducibility and slowing collective progress. The
absence of benchmark datasets and evaluation initiatives, comparable to
Critical Assessment of Protein Structure Prediction (CASP) in protein
structure prediction, makes it difficult to fairly assess whether new
models represent real advances. Finally, the lack of robust data stan-
dards and infrastructure, alongside geographic biases in existing data-
sets, undermines global applicability and risks reinforcing inequities
across food systems.

In summary, while machine learning offers transformative oppor-
tunities for mVOC-based food analysis, its advancement requires moving
beyond proof-of-concept demonstrations toward scalable, interpretable,
and industry-ready solutions. This will require larger collaborative
datasets, standardized protocols, explainable modeling approaches,
multimodal integration, and cross-disciplinary partnerships between
food scientists, data scientists, and industry stakeholders. By addressing
these methodological, practical, and systemic challenges, machine
learning-based mVOCs analysis can evolve into a reliable tool for food
quality monitoring, microbial safety, and sustainable production
systems.

5. Applications of mVOCs analysis in food industry

Fig. 4a illustrates the end-to-end workflow of mVOCs analysis,
starting from microbial generation and volatile release, followed by
sampling and detection (e.g., GC-MS, GC-IMS, e-nose), and extending to
machine learning modeling and final decision-making for food quality
and safety management. This framework demonstrates how mVOCs can
be systematically captured and analyzed to enable real-time in-
terventions in fermentation, spoilage detection, foodborne pathogen
monitoring, and control of undesirable microbial growth (Fig. 4b).
These mVOCs play a crucial role in regulating microbial interactions
during food fermentation, influencing community succession and the
accumulation of metabolic products. For example, during baijiu
fermentation, Pichia yeast releases 2-phenylethanol, which inhibits the
growth of Monascus, thereby altering the microbial community structure
and affecting flavor formation (Zhang et al., 2021). In natural vinegar
fermentation, the metabolic activity of Saccharomyces, Leuconostoc, and
Acetobacter determines the accumulation of ethanol, esters, and acetic
acid, with mVOCs potentially influencing microbial regulation (Maske
et al., 2024). During Qu starter preparation, Rhizopus microsporus pro-
duces benzyl alcohol, which promotes the growth of Lactobacillus fer-
mentum and enhances microbial stability through amino acid
metabolism (Hao et al.,, 2022). These findings suggest that mVOCs
significantly shape the microbial ecology of food fermentation while
influencing the synthesis of flavor precursors and fermentation dy-
namics. By controlling the release of mVOGs, it is possible to optimize
microbial interactions, improve fermentation efficiency, and enhance
the flavor and quality of the final product.

The release of mVOCs during food spoilage acts as a reliable indi-
cator of deterioration, providing a solid foundation for food quality
monitoring. In seafood, the accumulation of methanethiol and dimethyl
disulfide results from the enzymatic degradation of methionine and
cysteine, while the increase in ethyl acetate and ethyl propionate is
associated with fatty acid metabolism. These mVOCs have been identi-
fied as key markers of seafood spoilage (Chang & Urban, 2018). In
poultry, ethanol, 3-methyl-1-butanol, and acetic acid concentrations rise
significantly with microbial growth. Ethanol is primarily produced by
Pseudomonas spp., whereas 3-methyl-1-butanol and acetic acid are
linked to the metabolic activity of LAB and Brochothrix thermosphacta.
The presence of these mVOCs correlates with spoilage progression,
making them effective indicators for poultry quality assessment
(Miks-Krajnik et al., 2016). In red meat products such as beef sausages,
GC-MS analysis revealed hexanal, acetoin, and 1-octen-3-ol as the main
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Fig. 4. End-to-end workflow (a) for microbial volatile organic compounds (mVOCs) analysis and its applications (b) in the food industry.

mVOCs during refrigerated storage, with their concentrations positively
correlated to the dominant spoilage bacteria Brochothrix and Serratia
(Table 1), underscoring their value as spoilage indicators (Han et al.,
2025). These studies demonstrate the potential of mVOCs to signal the
onset of spoilage and differentiate stages of deterioration, supporting
their use in food quality evaluation and spoilage monitoring.

mVOCs contribute to food safety by inhibiting pathogenic microor-
ganisms and minimizing contamination risks. For example, Bacillus-
derived mVOCs have expanded their application in food safety control.
Studies show that mVOCs from B. subtilis, B. amyloliquefaciens, and B.
cereus inhibit pathogens, such as Moniliophthora perniciosa and Fusarium
oxysporum, with key inhibitory compounds, including propanone, 1-
butanol, 3-methyl-1-butanol, acetic acid, and ethyl acetate
(Chaves-Lopez et al., 2015). Furthermore, pathogen-emitted mVOCs are
emerging as reliable biomarkers for pathogen detection and identifica-
tion in complex food matrices. Recent studies have demonstrated
distinct mVOCs fingerprints specific to pathogens, such as E. coli, S.
Typhimurium, S. aureus, Vibrio parahaemolyticus and Shigella sonnei
(Fang et al., 2021; Wang et al., 2018; Yang et al., 2021). For example,
mVOCs released by pathogens were used to differentiate rapidly and
simultaneously between living E. coli O157:H7 and Listeria mono-
cytogenes in fresh-cut romaine lettuce without the need for culturing or
enrichment, maintaining the promise of mVOCs as valuable biomarkers
for monitoring food safety (Yang et al., 2021). Similarly, diagnostic
volatile metabolite profiles of pathogens S. sonnei and S. aureus were
efficiently sensed in contaminated foods, further validating the
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practicability of pathogen-specific mVOCs in premature detection of
contamination (Fang et al., 2021; Wang et al., 2018). Collectively, the
multifunctionality of mVOCs, as both antimicrobial agents and precise
biomarkers for pathogen identification, represents a promising avenue
for sustainable and innovative food safety and quality management
strategies.

6. Conclusion

mVOCs have emerged as powerful non-invasive indicators for
assessing food quality and safety, enabling early detection of spoilage,
contamination, and fermentation dynamics. This review summarizes
their metabolic origins across carbohydrate, protein, and lipid path-
ways, which generate characteristic volatile signatures linked to mi-
crobial activities in diverse food matrices. The effectiveness of mVOCs
analysis depends heavily on optimized sampling methods, such as HS,
SPME, P&T, and NT, each offering unique advantages in cost, sensitivity,
selectivity, and applicability to various food systems. For detection, GC-
MS remains the gold standard for sensitivity and specificity, while GC-
IMS enables rapid and portable profiling, FTIR offers non-destructive
molecular fingerprints, and e-nose systems provide fast, sensor-based
classification. Equally critical is the role of data analysis and machine
learning. Raw mVOCs datasets are typically high-dimensional, noisy,
and matrix-dependent, requiring careful preprocessing and feature
extraction to ensure meaningful interpretation. Supervised learning
models like SVMs, RFs, and NNs have been widely applied to classify
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pathogens and predict spoilage stages, while unsupervised approaches
(e.g., clustering and PCA/ICA) uncover hidden patterns in unlabeled
data. More advanced deep learning architectures, such as CNNs and
RNNs, are particularly useful for handling complex and time-series
mVOCs signals, enabling dynamic monitoring of microbial activity. To
fully realize their potential, future studies must prioritize data harmo-
nization, standardized workflows, and the creation of benchmark
datasets to reduce overfitting risks and enhance reproducibility across
laboratories and food systems.

Despite substantial progress, several critical challenges remain.
Standardization of experimental protocols is urgently needed, including
calibration procedures for GC-MS and GC-IMS, harmonized quality
control measures, and cross-laboratory reproducibility studies to ensure
comparability of results. Moreover, model interpretability, robustness to
sensor drift, and integration of multimodal data streams (e.g., metab-
olomics, imaging, and sensor data) remain open challenges that must be
addressed before industrial adoption. Looking ahead, future perspec-
tives should emphasize: (i) protocol standardization and reference ma-
terial development to support regulatory adoption and cross-industry
comparability; (ii) scalable and cost-effective sensing solutions that
enable both laboratory and industrial deployment; (iii) robust data in-
frastructures and open repositories to promote transparency, bench-
marking, and cross-study comparability; and (iv) interdisciplinary
collaboration between microbiologists, analytical chemists, data scien-
tists, and industry partners to accelerate translation into practice. By
addressing these methodological, computational, and translational
challenges, the field can move toward reliable, scalable, and real-time
applications of mVOCs in ensuring food quality, safety, and
sustainability.

Author contribution form

All authors must check* the relevant terms to indicate their contri-
butions. To know more about the CReDiT Author Statement and defi-
nitions of each term mentioned in the below form, please visit https
://www.elsevier.com/authors/policies-and-guidelines/credit-author-s
tatement.

Term DL zX CL
Conceptualization v NA NA
Methodology/Study design NA NA NA
Software NA NA NA
Validation v v NA
Formal analysis NA NA NA
Investigation NA NA NA
Resources NA NA NA
Data curation NA NA NA
Writing — original draft v NA NA
Writing — review and editing NA v v

Visualization NA NA NA
Supervision NA NA 4

Project administration NA NA v

Funding acquisition NA NA v

*Use tick mark (v) to indicate contribution, a cross (X) to indicate no
contribution and NA where not applicable.
#Use author initials to declare the contributions to the manuscript.

Funding
This work was supported by Singapore Food Story R&D Programme
(04SBP001496C110, 04SBP001461C110), Singapore MOE Tier 1 Grant

(04MNP003962C110), and Singapore MOE Tier 1 Seed Funding Grant
(04MNP003731C110).

Competing interests

All authors declare that they have no competing interests.

13

Trends in Food Science & Technology 166 (2025) 105414
Data availability
No data was used for the research described in the article.

References

Abeijon Mukdsi, M. C., Medina, R. B., Alvarez, M. de, & Gonzdlez, S. N. (2009). Ester
synthesis by lactic acid bacteria isolated from goat’s and Ewe’s milk and cheeses.
Food Chemistry, 117(2), 241-247. https://doi.org/10.1016/j.foodchem.2009.03.105

Alvarez, M. A., & Moreno-Arribas, M. V. (2014). The problem of biogenic amines in
fermented foods and the use of potential biogenic amine-degrading microorganisms
as a solution. Trends in Food Science & Technology, 39(2), 146-155. https://doi.org/
10.1016/j.tifs.2014.07.007

Baimatova, N., & Gionfriddo, E. (2025). Needle trap devices in analytical chemistry: A
critical review of development, applications, and future perspectives. Analytical
Chemistry, 97(13), 6911-6921. https://doi.org/10.1021/acs.analchem.4c06984

Bonah, E., Huang, X., Hongying, Y., Aheto, J. H., Yi, R., Yu, S., & Tu, H. (2021). Detection
of Salmonella Typhimurium contamination levels in fresh pork samples using
electronic nose smellprints in tandem with support vector machine regression and
metaheuristic optimization algorithms. Journal of Food Science and Technology, 58
(10), 3861-3870. https://doi.org/10.1007/513197-020-04847-y

Casaburi, A., Piombino, P., Nychas, G. J., Villani, F., & Ercolini, D. (2015). Bacterial
populations and the volatilome associated to meat spoilage. Food Microbiology, 45,
83-102. https://doi.org/10.1016/j.fm.2014.02.002

Cera, S., Tuccillo, F., Knaapila, A., Sim, F., Manngéard, J., Niklander, K., Verni, M.,
Rizzello, C. G., Katina, K., & Coda, R. (2024). Role of tailored sourdough
fermentation in the flavor of wholegrain-oat bread. Current Research in Food Science,
8, Article 100697. https://doi.org/10.1016/j.crfs.2024.100697

Chang, C. H., & Urban, P. L. (2018). Automated dual-chamber sampling system to follow
dynamics of volatile organic compounds emitted by biological specimens. Analytical
Chemistry, 90(23), 13848-13854. https://doi.org/10.1021/acs.analchem.8b03511

Chaves-Lopez, C., Serio, A., Gianotti, A., Sacchetti, G., Ndagijimana, M., Ciccarone, C.,
Stellarini, A., Corsetti, A., & Paparella, A. (2015). Diversity of food-borne bacillus
volatile compounds and influence on fungal growth. Journal of Applied Microbiology,
119(2), 487-499. https://doi.org/10.1111/jam.12847

Chen, L., Kuuliala, L., Somrani, M., Walgraeve, C., Demeestere, K., De Baets, B., &
Devlieghere, F. (2024). Rapid and non-destructive microbial quality prediction of
fresh pork stored under modified atmospheres by using selected-ion flow-tube mass
spectrometry and machine learning. Meat Science, 213, Article 109505. https://doi.
org/10.1016/j.meatsci.2024.109505

Chung, H., Yoon, M. K., Han, J., & Kim, Y. S. (2015). Evaluation of volatile organic
compounds in alcoholic beverages consumed in Korea. Journal of the Korean Society
for Applied Biological Chemistry, 58(3), 423-432. https://doi.org/10.1007/s13765-
015-0059-1

Claus, P., Cattenoz, T., Landaud, S., Chaillou, S., Peron, A. C., Coeuret, G., Slimani, S.,
Livache, T., Demarigny, Y., & Picque, D. (2022). Discrimination of spoiled beef and
salmon stored under different atmospheres by an optoelectronic nose. comparison
with GC-MS measurements. Future Foods, 5, Article 100106. https://doi.org/
10.1016/j.fufo.2021.100106

Deng, F., Zhao, Z., Wang, R., Xiang, C., Lv, Y., Li, W., & Duan, Y. (2023). Rapid and
online detection of foodborne bacteria via a novel ultraviolet photoionization time-
of-flight mass spectrometry. Journal of Agricultural and Food Chemistry, 71(28),
10809-10818. https://doi.org/10.1021/acs.jafc.3c01486

Dong, D., Zhao, C., Zheng, W., Wang, W., Zhao, X., & Jiao, L. (2013). Analyzing
strawberry spoilage via its volatile compounds using Longpath Fourier transform
infrared spectroscopy. Scientific Reports, 3(1). https://doi.org/10.1038/srep02585

Dong, D., Zheng, W., Wang, W., Zhao, X., Jiao, L., & Zhao, C. (2014). Analysis and
discrimination of grape spoilage via volatiles: A comparison between long optical
path fourier-transform-infrared spectroscopy and sensor arrays. The Analyst, 139
(19), 5028-5034. https://doi.org/10.1039/c4an00586d

El Bouchikhi, S., Pages, P., El Alaoui, Y., Ibrahimi, A., & Bensouda, Y. (2019). Syneresis
investigations of lacto-fermented sodium caseinate in a mixed model system. BMC
Biotechnology, 19(1). https://doi.org/10.1186/512896-019-0539-1

Ercolini, D., Ferrocino, L., Nasi, A., Ndagijimana, M., Vernocchi, P., La Storia, A.,
Laghi, L., Mauriello, G., Guerzoni, M. E., & Villani, F. (2011). Monitoring of
microbial metabolites and bacterial diversity in beef stored under different
packaging conditions. Applied and Environmental Microbiology, 77(20), 7372-7381.
https://doi.org/10.1128/aem.05521-11

Estelles-Lopez, L., Ropodi, A., Pavlidis, D., Fotopoulou, J., Gkousari, C., Peyrodie, A.,
Panagou, E., Nychas, G. J., & Mohareb, F. (2017). An automated ranking platform
for machine learning regression models for meat spoilage prediction using multi-
spectral imaging and metabolic profiling. Food Research International, 99, 206-215.
https://doi.org/10.1016/j.foodres.2017.05.013

Fang, S., Liu, S., Song, J., Huang, Q., & Xiang, Z. (2021). Recognition of pathogens in
food matrixes based on the untargeted in vivo microbial metabolite profiling via a
novel SPME/GC x GC-QTOFMS approach. Food Research International, 142, Article
110213. https://doi.org/10.1016/j.foodres.2021.110213

Federico-Perez, R. A., & Xue, Z. L. (2018). Optical probe for the analysis of trace indole in
shrimp. Analytical Biochemistry, 557, 104-110. https://doi.org/10.1016/j.
ab.2018.07.011

Fernandez-Varela, R., Hansen, A. H., Svendsen, B. A., Moghadam, E. G., Bas, A.,
Kracun, S. K., Harlé, O., & Poulsen, V. K. (2024). Harnessing fermentation by bacillus
and lactic acid bacteria for enhanced texture, flavor, and nutritional value in plant-


https://www.elsevier.com/authors/policies-and-guidelines/credit-author-statement
https://www.elsevier.com/authors/policies-and-guidelines/credit-author-statement
https://www.elsevier.com/authors/policies-and-guidelines/credit-author-statement
https://doi.org/10.1016/j.foodchem.2009.03.105
https://doi.org/10.1016/j.tifs.2014.07.007
https://doi.org/10.1016/j.tifs.2014.07.007
https://doi.org/10.1021/acs.analchem.4c06984
https://doi.org/10.1007/s13197-020-04847-y
https://doi.org/10.1016/j.fm.2014.02.002
https://doi.org/10.1016/j.crfs.2024.100697
https://doi.org/10.1021/acs.analchem.8b03511
https://doi.org/10.1111/jam.12847
https://doi.org/10.1016/j.meatsci.2024.109505
https://doi.org/10.1016/j.meatsci.2024.109505
https://doi.org/10.1007/s13765-015-0059-1
https://doi.org/10.1007/s13765-015-0059-1
https://doi.org/10.1016/j.fufo.2021.100106
https://doi.org/10.1016/j.fufo.2021.100106
https://doi.org/10.1021/acs.jafc.3c01486
https://doi.org/10.1038/srep02585
https://doi.org/10.1039/c4an00586d
https://doi.org/10.1186/s12896-019-0539-1
https://doi.org/10.1128/aem.05521-11
https://doi.org/10.1016/j.foodres.2017.05.013
https://doi.org/10.1016/j.foodres.2021.110213
https://doi.org/10.1016/j.ab.2018.07.011
https://doi.org/10.1016/j.ab.2018.07.011

L. Deng et al.

based matrices. Fermentation, 10(8), 411. https://doi.org/10.3390/
fermentation10080411

Fernandez-Villarrenaga, V., Lopez-Mahia, P., Muniategui-Lorenzo, S., & Prada-
Rodriguez, D. (2006). Optimisation of purge-and-trap gas chromatography-mass
spectrometry analysis of volatile organic compounds in water. Chemia Analityczna,
51(1), 89.

Ferrocino, L., La Storia, A., Torrieri, E., Musso, S. S., Mauriello, G., Villani, F., &
Ercolini, D. (2013). Antimicrobial packaging to retard the growth of spoilage
bacteria and to reduce the release of volatile metabolites in meat stored under
vacuum at 1 °C. Journal of Food Protection, 76(1), 52-58. https://doi.org/10.4315/
0362-028X.JFP-12-257

Floris, I., Martucci, F., Romano, A., Marello, G., Ligotti, C., & Bianchi, D. M. (2024).
Multiplex-PCR detection of Clostridium tyrobutyricum, Clostridium butyricum, and
Clostridium sporogenes in raw milk for cheesemaking. Life, 14(9), 1093. https://doi.
org/10.3390/1ife14091093

Gong, X., Huang, J., Xu, Y., Li, Z., Li, L., Li, D., Belwal, T., Jeandet, P., Luo, Z., & Xu, Y.
(2023). Deterioration of plant volatile organic compounds in food: Consequence,
mechanism, detection, and control. Trends in Food Science & Technology, 131, 61-76.
https://doi.org/10.1016/j.tifs.2022.11.022

Govari, M., Tryfinopoulou, P., Parlapani, F. F., Boziaris, I. S., Panagou, E. Z., &
Nychas, G. J. E. (2021). Quest of intelligent research tools for rapid evaluation of fish
quality: FTIR spectroscopy and multispectral imaging versus microbiological
analysis. Foods, 10(2), 264. https://doi.org/10.3390/foods10020264

Gu, Z., Rao, J., & Chen, B. (2025). Application of flavoromics approach to evaluate aroma
characteristics in malts: Current trends and future outlooks. Trends in Food Science &
Technology, 156, Article 104878. https://doi.org/10.1016/].tifs.2025.104878

Gu, S., Zhang, J., Wang, J., Wang, X., & Du, D. (2021). Recent development of HS-GC-
IMS technology in rapid and non-destructive detection of quality and contamination
in agri-food products. TrAC, Trends in Analytical Chemistry, 144, Article 116435.
https://doi.org/10.1016/j.trac.2021.116435

Guo, S., Wang, D., Li, Y., Li, J., & Du, J. (2024). Comparison of aroma profiles of
whiskeys fermented from different grain ingredients. Foods, 13(13), 2031. https://
doi.org/10.3390/foods13132031

Han, M., Gu, Q., Al-Dalali, S., Chen, C., Xu, B., & Li, P. (2025). Changes in volatile
organic compounds of tray-packed fresh beef sausages under refrigeration: The roles
of dominant spoilage bacteria. Meat Science, 109914. https://doi.org/10.1016/j.
meatsci.2025.109914

Hao, H., Yan, R., Miao, Z., Wang, B., Sun, J., & Sun, B. (2022). Volatile organic
compounds mediated endogenous microbial interactions in Chinese baijiu
fermentation. International Journal of Food Microbiology, 383, Article 109955.
https://doi.org/10.1016/j.ijffoodmicro.2022.109955

He, Y. X., Shi, W., Huang, T. C., Mei, J. L., Lu, Z. M., Zhang, X. J., Yang, B., Chen, X. Y.,
Wang, S. T., Shen, C. H., Xu, Z. H., & Chai, L. J. (2024). Overproduction of organic
acids affects the microbial community succession and flavor metabolism during
baijiu fermentation. LWT, 213, Article 117093. https://doi.org/10.1016/j.
1wt.2024.117093

Herndndez-Jover, T., Izquierdo-Pulido, M., Veciana-Nogués, M. T., Mariné-Font, A., &
Vidal-Carou, M. C. (1997). Biogenic amine and polyamine contents in meat and meat
products. Journal of Agricultural and Food Chemistry, 45(6), 2098-2102. https://doi.
0rg/10.1021/jf960790p

Hettinga, K. A., van Valenberg, H. J. F., Lam, T. J. G. M., & van Hooijdonk, A. C. M.
(2009). The origin of the volatile metabolites found in mastitis milk. Veterinary
Microbiology, 137(3-4), 384-387. https://doi.org/10.1016/j.vetmic.2009.01.016

Hierro, E., Ordénez, J. A., Bruna, J. M., Pin, C., Fernandez, M., & de la Hoz, L. (2005).
Volatile compound generation in dry fermented sausages by the surface inoculation
of selected mould species. European Food Research and Technology, 220(5-6),
494-501. https://doi.org/10.1007/s00217-004-1083-2

Ibrahim, M. F., & Al-jumaily, A. A. (2016). ICA based feature learning and feature
selection. 2016 5th international conference on electronic devices, systems and
applications (ICEDSA) (pp. 1-4). https://doi.org/10.1109/icedsa.2016.7818563

Ji, M., Du, H., & Xu, Y. (2020). Structural and metabolic performance of p-cresol
producing microbiota in different carbon sources. Food Research International, 132,
Article 109049. https://doi.org/10.1016/j.foodres.2020.109049

Jia, Z., Lin, Z., Luo, Y., Cardoso, Z. A., Wang, D., Flock, G. H., Thompson-Witrick, K. A.,
Yu, H., & Zhang, B. (2024). Enhancing pathogen identification in cheese with high
background microflora using an artificial neural network-enabled paper
chromogenic array sensor approach. Sensors and Actuators B: Chemical, 410, Article
135675. https://doi.org/10.1016/j.snb.2024.135675

Jiang, C., Guo, A. J. X,, Li, Y., Wang, Y., Sun, J., Chen, Z., Chen, X., & Ma, Q. (2024).
Inspired by human olfactory system: Deep-learning-assisted portable chemo-
responsive dye-based odor sensor array for the rapid sensing of shrimp and fish
freshness. Chemical Engineering Journal, 484, Article 149283. https://doi.org/
10.1016/j.cej.2024.149283

Jiao, L., Guo, Y., Chen, J., Zhao, X., & Dong, D. (2019). Detecting volatile compounds in
food by open-path Fourier-transform infrared spectroscopy. Food Research
International, 119, 968-973. https://doi.org/10.1016/j.foodres.2018.11.042

Jorgensen, L. V., Huss, H. H., & Dalgaard, P. (2001). Significance of volatile compounds
produced by spoilage bacteria in vacuum-packed cold-smoked salmon (salmo salar)
analyzed by GC-MS and multivariate regression. Journal of Agricultural and Food
Chemistry, 49(5), 2376-2381. https://doi.org/10.1021/jf0009908

Kasbohm, E., Fischer, S., Kiintzel, A., Oertel, P., Bergmann, A., Trefz, P., Miekisch, W.,
Schubert, J. K., Reinhold, P., Ziller, M., Frohlich, A., Liebscher, V., & Kohler, H.
(2017). Strategies for the identification of disease-related patterns of volatile organic
compounds: Prediction of paratuberculosis in an animal model using random forests.
Journal of Breath Research, 11(4), Article 047105. https://doi.org/10.1088/1752-
7163/aa83bb

14

Trends in Food Science & Technology 166 (2025) 105414

Kemmler, E., Lemfack, M. C., Goede, A., Gallo, K., Toguem, S. M. T., Ahmed, W.,
Millberg, 1., Preissner, S., Piechulla, B., & Preissner, R. (2024). mVOC 4.0: A database
of microbial volatiles. Nucleic Acids Research, 53(D1). https://doi.org/10.1093/nar/
gkae961

Khan, M. I. H., Sablani, S. S., Nayak, R., & Gu, Y. (2022). Machine learning-based
modeling in food processing applications: State of the art. Comprehensive Reviews in
Food Science and Food Safety, 21(2), 1409-1438. https://doi.org/10.1111/1541-
4337.12912

Li, Q., Chen, S., Wang, H., Chang, Q., Li, Y., & Li, J. (2025). Decoding wheat
contamination through self-assembled whole-cell biosensor combined with linear
and non-linear machine learning algorithms. Biosensors and Bioelectronics, 267,
Article 116869. https://doi.org/10.1016/j.bios.2024.116869

Li, Y., Zhao, X., Yao, M., Yang, W., Han, Y., Liu, L., Zhang, J., & Liu, J. (2023).
Mechanism of microbial production of acetoin and 2,3-butanediol optical isomers
and substrate specificity of butanediol dehydrogenase. Microbial Cell Factories, 22(1).
https://doi.org/10.1186/512934-023-02163-6

Liu, D., Yang, C., Bai, L., Feng, X., Chen, Y., Zhang, Y., & Liu, Y. (2022). Analysis of
volatile compounds in Jinhua ham using three extraction methods combined with
gas chromatography-time-of-flight mass spectrometry. Foods, 11(23), 3897. https://
doi.org/10.3390/foods11233897

Lon¢ari¢, A., Castillo, A., Celeiro, M., Milicevi¢, B., Busi¢, H., Anadolac, T., Skoko, A.-
M. G., & Lores, M. (2025). Profiling Croatian whisky using GC/MS-MS and UHPLC-
QTOF. Applied Sciences, 15(5), 2738. https://doi.org/10.3390/app15052738

Lu, H., Song, A., Li, M., Yao, X., Cai, Y., Dong, L., Kang, D., & Liu, Y. (2025). Evaluation of
the freshness (TVB-N) of pork patty during storage based on PLS-DA, SVM and BP-
ANN models. Food Control, 171, Article 111121. https://doi.org/10.1016/j.
foodcont.2024.111121

Lytou, A., Fengou, L. C., Nette Schultz, J., Carstensen, M., Zhang, Y., Mohareb, F., &
Nychas, G. J. (2023). An overview of implementing multispectral imaging coupled
with machine learning for the assessment of microbiological quality and authenticity
in foods. In OCM 2023-Optical characterization of materials: Conference proceedings (p.
87). KIT Scientific Publishing. https://doi.org/10.58895/ksp/1000155014-8.

Lytou, A. E., Panagou, E. Z., & Nychas, G. J. E. (2019). Volatilomics for food quality and
authentication. Current Opinion in Food Science, 28, 88-95. https://doi.org/10.1016/
j.cofs.2019.10.003

Ma, Y., Gao, Y., Xu, Y., Zhou, H., Zhou, K., Li, C., & Xu, B. (2023). Microbiota dynamics
and volatile metabolite generation during sausage fermentation. Food Chemistry,
423, Article 136297. https://doi.org/10.1016/j.foodchem.2023.136297

Ma, J., Guan, Y., Xing, F., Eltzov, E., Wang, Y., Li, X., & Tai, B. (2023). Accurate and non-
destructive monitoring of mold contamination in foodstuffs based on whole-cell
biosensor array coupling with machine-learning prediction models. Journal of
Hazardous Materials, 449, Article 131030. https://doi.org/10.1016/j.
jhazmat.2023.131030

Maske, B. L., Ruiz, 1., Vale, A. da, Sampaio, V. de, El Kadri, N. K., Soccol, C. R., &
Pereira, G. V. (2024). Predicting the microbiome and metabolome dynamics of
natural apple fermentation towards the development of enhanced functional
vinegar. Fermentation, 10(11), 552. https://doi.org/10.3390/fermentation10110552

Meng, X. (2010). ICA algorithm based on intelligent electronic nose in the mixed gas of
feature extraction. 2010 International Conference on Computational Intelligence and
Software Engineering, 1-4. https://doi.org/10.1109/wicom.2010.5600613

Messias, E., Guimaraes, C. V., da Luz, J. M. R., de Paulo, E. H., Oliveira, E. C.,
Nascimento, M. H. C., Ferrao, M. F., Guarconi, R. C., Filgueiras, P. R., & Pereira, L. L.
(2025). Study of the sensory profile of Coffea canephora through malting/
fermentation using HS-SPME-GC-MS and synthetic sampling combined with random
forest. Food Chemistry, 489, Article 144907. https://doi.org/10.1016/j.
foodchem.2025.144907

Metwally, A. A, Yu, P. S., Reiman, D., Dai, Y., Finn, P. W., & Perkins, D. L. (2019).
Utilizing longitudinal microbiome taxonomic profiles to predict food allergy via long
short-term memory networks. PLoS Computational Biology, 15(2). https://doi.org/
10.1371/journal.pcbi.1006693

Miks-Krajnik, M., Yoon, Y., Ukuku, D. O., & Yuk, H. (2016). Identification and
quantification of volatile chemical spoilage indexes associated with bacterial growth
dynamics in aerobically stored chicken. Journal of Food Science, 81(8). https://doi.
org/10.1111/1750-3841.13371

Modesti, M., Shmuleviz, R., Macaluso, M., Bianchi, A., Venturi, F., Brizzolara, S.,
Zinnai, A., & Tonutti, P. (2021). Pre-processing cooling of harvested grapes induces
changes in berry composition and metabolism, and affects quality and aroma traits
of the resulting wine. Frontiers in Nutrition, 8. https://doi.org/10.3389/
fnut.2021.728510

Mohareb, F., Papadopoulou, O., Panagou, E., Nychas, G.-J., & Bessant, C. (2016).
Ensemble-based support vector machine classifiers as an efficient tool for quality
assessment of beef fillets from electronic nose data. Analytical Methods, 8(18),
3711-3721. https://doi.org/10.1039/c6ay00147e

Muthusamy, G., Karthikeyan, S., Arun Giridhari, V., Alhimaidi, A. R., Balachandar, D.,
Ammari, A. A., Paranidharan, V., & Maruthamuthu, T. (2024). Identification of
potential biomarkers and spectral fingerprinting for detection of foodborne
pathogens in raw chicken meat matrix using GCMS and FTIR. Foods, 13(21), 3416.
https://doi.org/10.3390/foods13213416

Nguyen, Q. D., Le, H. V., Nakano, T., & Tran, T. H. (2024). Wine quality assessment
through lightweight deep learning: Integrating 1D-CNN and LSTM for analyzing
electronic nose VOCs signals. Applied Computing and Informatics. https://doi.org/
10.1108/aci-10-2023-0098

Okyere, F. G., Cudjoe, D., Sadeghi-Tehran, P., Virlet, N., Riche, A. B., Castle, M.,
Greche, L., Simms, D., Mhada, M., Mohareb, F., & Hawkesford, M. J. (2023).
Modeling the spatial-spectral characteristics of plants for nutrient status


https://doi.org/10.3390/fermentation10080411
https://doi.org/10.3390/fermentation10080411
http://refhub.elsevier.com/S0924-2244(25)00550-3/sref21
http://refhub.elsevier.com/S0924-2244(25)00550-3/sref21
http://refhub.elsevier.com/S0924-2244(25)00550-3/sref21
http://refhub.elsevier.com/S0924-2244(25)00550-3/sref21
https://doi.org/10.4315/0362-028X.JFP-12-257
https://doi.org/10.4315/0362-028X.JFP-12-257
https://doi.org/10.3390/life14091093
https://doi.org/10.3390/life14091093
https://doi.org/10.1016/j.tifs.2022.11.022
https://doi.org/10.3390/foods10020264
https://doi.org/10.1016/j.tifs.2025.104878
https://doi.org/10.1016/j.trac.2021.116435
https://doi.org/10.3390/foods13132031
https://doi.org/10.3390/foods13132031
https://doi.org/10.1016/j.meatsci.2025.109914
https://doi.org/10.1016/j.meatsci.2025.109914
https://doi.org/10.1016/j.ijfoodmicro.2022.109955
https://doi.org/10.1016/j.lwt.2024.117093
https://doi.org/10.1016/j.lwt.2024.117093
https://doi.org/10.1021/jf960790p
https://doi.org/10.1021/jf960790p
https://doi.org/10.1016/j.vetmic.2009.01.016
https://doi.org/10.1007/s00217-004-1083-2
https://doi.org/10.1109/icedsa.2016.7818563
https://doi.org/10.1016/j.foodres.2020.109049
https://doi.org/10.1016/j.snb.2024.135675
https://doi.org/10.1016/j.cej.2024.149283
https://doi.org/10.1016/j.cej.2024.149283
https://doi.org/10.1016/j.foodres.2018.11.042
https://doi.org/10.1021/jf0009908
https://doi.org/10.1088/1752-7163/aa83bb
https://doi.org/10.1088/1752-7163/aa83bb
https://doi.org/10.1093/nar/gkae961
https://doi.org/10.1093/nar/gkae961
https://doi.org/10.1111/1541-4337.12912
https://doi.org/10.1111/1541-4337.12912
https://doi.org/10.1016/j.bios.2024.116869
https://doi.org/10.1186/s12934-023-02163-6
https://doi.org/10.3390/foods11233897
https://doi.org/10.3390/foods11233897
https://doi.org/10.3390/app15052738
https://doi.org/10.1016/j.foodcont.2024.111121
https://doi.org/10.1016/j.foodcont.2024.111121
https://doi.org/10.58895/ksp/1000155014-8
https://doi.org/10.1016/j.cofs.2019.10.003
https://doi.org/10.1016/j.cofs.2019.10.003
https://doi.org/10.1016/j.foodchem.2023.136297
https://doi.org/10.1016/j.jhazmat.2023.131030
https://doi.org/10.1016/j.jhazmat.2023.131030
https://doi.org/10.3390/fermentation10110552
https://doi.org/10.1109/wicom.2010.5600613
https://doi.org/10.1016/j.foodchem.2025.144907
https://doi.org/10.1016/j.foodchem.2025.144907
https://doi.org/10.1371/journal.pcbi.1006693
https://doi.org/10.1371/journal.pcbi.1006693
https://doi.org/10.1111/1750-3841.13371
https://doi.org/10.1111/1750-3841.13371
https://doi.org/10.3389/fnut.2021.728510
https://doi.org/10.3389/fnut.2021.728510
https://doi.org/10.1039/c6ay00147e
https://doi.org/10.3390/foods13213416
https://doi.org/10.1108/aci-10-2023-0098
https://doi.org/10.1108/aci-10-2023-0098

L. Deng et al.

identification using hyperspectral data and deep learning methods. Frontiers in Plant
Science, 14, Article 1209500. https://doi.org/10.3389/fpls.2023.1209500

Oshiro, S., Silvério, F., & Pinho, G. (2022). Determination of p-cresol levels in smoked
meat products using Quechers method and gas chromatography-mass spectrometry.
Journal of Environmental Science and Health, Part B, 57(10), 796-803. https://doi.
org/10.1080/03601234.2022.2116897

Papadopoulou, O. S., Iliopoulos, V., Mallouchos, A., Panagou, E. Z., Chorianopoulos, N.,
Tassou, C. C., & Nychas, G. J. E. (2020). Spoilage potential of Pseudomonas (P. fragi,
P. putida) and LAB (Leuconostoc mesenteroides, Lactobacillus sakei) strains and their
volatilome profile during storage of sterile pork meat using GC/MS and data
analytics. Foods, 9(5), 633. https://doi.org/10.3390/foods9050633

Papadopoulou, O. S., Panagou, E. Z., Mohareb, F. R., & Nychas, G. J. E. (2013). Sensory
and microbiological quality assessment of beef fillets using a portable electronic nose
in tandem with support Vector Machine Analysis. Food Research International, 50(1),
241-249. https://doi.org/10.1016/j.foodres.2012.10.020

Parlapani, F. F., Haroutounian, S. A., Nychas, G. J. E., & Boziaris, L. S. (2015).
Microbiological spoilage and volatiles production of gutted European sea bass stored
under air and commercial modified atmosphere package at 2 °C. Food Microbiology,
50, 44-53. https://doi.org/10.1016/j.fm.2015.03.006

Pavlidis, D. E., Mallouchos, A., Ercolini, D., Panagou, E. Z., & Nychas, G. J. E. (2019).
A volatilomics approach for off-line discrimination of minced beef and pork meat
and their admixture using HS-SPME GC/MS in tandem with multivariate data
analysis. Meat Science, 151, 43-53. https://doi.org/10.1016/j.meatsci.2019.01.003

Rezaei, M., Montazeri, N., Langrudi, H. E., Mokhayer, B., Parviz, M., & Nazarinia, A.
(2007). The biogenic amines and bacterial changes of farmed rainbow trout
(Oncorhynchus mykiss) stored in ice. Food Chemistry, 103(1), 150-154. https://doi.
org/10.1016/j.foodchem.2006.05.066

Santos, C., Raymundo, A., Moreira, J. B., & Prista, C. (2025). Exploring the potential of
lactic acid bacteria fermentation as a clean label alternative for use in yogurt
production. Applied Sciences, 15(5), 2686. https://doi.org/10.3390/app15052686

Schanzmann, H., Gaar, S., Keip, S., Telgheder, U., & Sielemann, S. (2025). Comparison of
the quantification performance of thermal desorption GC-IMS and GC-MS in VOC
analysis. Analytical and Bioanalytical Chemistry, 417(18), 4179. https://doi.org/
10.1007/5s00216-025-05933-w

Shen, C., Jin, Q., Zhou, G., Wang, R., Wang, Z., Liu, D., Cai, K., & Xu, B. (2025).
Advanced deep learning algorithms in food quality and authenticity. TrAC, Trends in
Analytical Chemistry. , Article 118374. https://doi.org/10.1016/j.trac.2025.118374

Shen, C., Wang, R., Jin, Q., Chen, X., Cai, K., & Xu, B. (2024a). Chemometrics methods,
sensory evaluation and intelligent sensory technologies combined with GAN-based
integrated deep-learning framework to discriminate salted goose breeds. Food
Chemistry, 461, Article 140919. https://doi.org/10.1016/j.foodchem.2024.140919

Shen, C., Wang, R., Nawazish, H., Wang, B., Cai, K., & Xu, B. (2024b). Machine vision
combined with deep learning-based approaches for food authentication: An
integrative review and new insights. Comprehensive Reviews in Food Science and Food
Safety, 23(6), Article €70054. https://doi.org/10.1111/1541-4337.70054

Spietelun, A., Pilarczyk, M., Kloskowski, A., & Namiesnik, J. (2010). Current trends in
solid-phase microextraction (SPME) fibre coatings. Chemical Society Reviews, 39(11),
4524-4537. https://doi.org/10.1039/C003335A

Taguchi, Y. (2016). Principal component analysis based unsupervised feature extraction
applied to budding yeast temporally periodic gene expression. BioData Mining, 9(1).
https://doi.org/10.1186/s13040-016-0101-9

Taie, W. S., Omar, Y., & Badr, A. (2018). Clustering of human intestine microbiomes with
K-means. 2018 21st Saudi computer Society National Computer Conference (NCC) (pp.
1-6). https://doi.org/10.1109/ncg.2018.8593154

Tapia, S. M., Moreno-Ruiz, A., Tres, A., Moreno-Yerro, N., Arrubla, P., Gastén-
Lorente, M., Mohedano, M. L., Virto, R., & Fratebianchi, D. (2025). Butter aroma
compounds in plant-based milk alternatives through fermentation: Screening of
potential starter cultures and enhanced production in oat milk with Lactococcus
Cremoris. LWT, 223, Article 117754. https://doi.org/10.1016/j.1wt.2025.117754

Thierry, A., Valence, F., Deutsch, S. M., Even, S., Falentin, H., Le Loir, Y., Jan, G., &
Gagnaire, V. (2015). Strain-to-strain differences within lactic and propionic acid
bacteria species strongly impact the properties of cheese-a review. Dairy Science &
Technology, 95(6), 895-918. https://doi.org/10.1007/513594-015-0267-9

Thompson, R., Perry, J. D., Stanforth, S. P., & Dean, J. R. (2020). Detection of microbial
nitroreductase activity by monitoring exogenous volatile organic compound
production using HS-SPME-GC-MS. Separations, 7(4), 64. https://doi.org/10.3390/
separations7040064

Tosukhowong, A., Visessanguan, W., Pumpuang, L., Tepkasikul, P., Panya, A., &
Valyasevi, R. (2011). Biogenic amine formation in Nham, a Thai fermented sausage,
and the reduction by commercial starter culture, Lactobacillus plantarum BCC 9546.
Food Chemistry, 129(3), 846-853. https://doi.org/10.1016/j.foodchem.2011.05.033

Trends in Food Science & Technology 166 (2025) 105414

Trebar, M., Zalik, A., & Vidrih, R. (2024). Assessment of ‘golden delicious’ apples using
an electronic nose and machine learning to determine ripening stages. Foods, 13(16),
2530. https://doi.org/10.3390/foods13162530

Turgay, M., Schaeren, W., Graber, H. U., Wagner, E., Amrein, R., Biitikofer, U., &
Wechsler, D. (2018). A field study investigating the effectiveness of VAT milk
controls by qPCR for the prevention of undesired propionic acid fermentation in
Sbrinz PDO cheese. International Dairy Journal, 77, 80-88. https://doi.org/10.1016/
j.idairyj.2017.06.008

Varlet, V., Prost, C., & Serot, T. (2007). Volatile aldehydes in smoked fish: Analysis
methods, occurrence and mechanisms of formation. Food Chemistry, 105(4),
1536-1556. https://doi.org/10.1016/j.foodchem.2007.03.041

Wang, Y., Li, Y., Yang, J., Ruan, J., & Sun, C. (2016). Microbial volatile organic
compounds and their application in microorganism identification in Foodstuff. TrAC,
Trends in Analytical Chemistry, 78, 1-16. https://doi.org/10.1016/j.trac.2015.08.010

Wang, Y., Liu, S., Pu, Q., Li, Y., Wang, X, Jiang, Y., Yang, D., Yang, Y., Yang, J., & Sun, C.
(2018). Rapid identification of Staphylococcus aureus, Vibrio parahaemolyticus and
Shigella Sonnei in foods by solid phase microextraction coupled with gas
chromatography-mass spectrometry. Food Chemistry, 262, 7-13. https://doi.org/
10.1016/j.foodchem.2018.04.088

Wang, Y., Wang, H., Wu, Y., Xiang, H., Zhao, Y., Chen, S., Qi, B., & Li, L. (2022). Insights
into lipid oxidation and free fatty acid profiles to the development of volatile organic
compounds in traditional fermented golden pomfret based on multivariate analysis.
LWT, 171, Article 114112. https://doi.org/10.1016/j.lwt.2022.114112

Wilson, A. D., & Baietto, M. (2009). Applications and advances in electronic-nose
technologies. Sensors, 9(7), 5099-5148. https://doi.org/10.3390/s90705099

Xu, J., Liu, K., & Zhang, C. (2021). Electronic nose for volatile organic compounds
analysis in rice aging. Trends in Food Science & Technology, 109, 83-93. https://doi.
org/10.1016/j.tifs.2021.01.027

Yan, J., Zhao, Z., Wang, X., & Xie, J. (2024). Hydrogen sulfide in seafood: Formation,
hazards, and control. Trends in Food Science & Technology, 148, Article 104512.
https://doi.org/10.1016/j.tifs.2024.104512

Yang, M., Liu, X., Luo, Y., Pearlstein, A. J., Wang, S., Dillow, H., Reed, K., Jia, Z.,
Sharma, A., Zhou, B., Pearlstein, D., Yu, H., & Zhang, B. (2021). Machine learning-
enabled non-destructive paper chromogenic array detection of multiplexed viable
pathogens on food. Nature Food, 2(2), 110-117. https://doi.org/10.1038/s43016-
021-00229-5

Yang, M., Luo, Y., Sharma, A., Jia, Z., Wang, S., Wang, D., Lin, S., Perreault, W.,
Purohit, S., Gu, T., Dillow, H., Liu, X., Yu, H., & Zhang, B. (2022). Nondestructive
and multiplex differentiation of pathogenic microorganisms from spoilage
microflora on seafood using paper chromogenic array and neural network. Food
Research International, 162, Article 112052. https://doi.org/10.1016/j.
foodres.2022.112052

Yi, Z., & Xie, J. (2021). Prediction in the dynamics and spoilage of Shewanella Putrefaciens
in Bigeye Tuna (thunnus obesus) by gas sensors stored at different refrigeration
temperatures. Foods, 10(9), 2132. https://doi.org/10.3390/foods10092132

You, L. Q., Wang, Y. R., Bai, S., Wang, X. Y., & Wei, Z. J. (2024). Impact of ripening
periods on the key volatile compounds of cheddar cheese evaluated by sensory
evaluation, instrumental analysis and chemometrics method. Applied Food Research,
4(2), Article 100578. https://doi.org/10.1016/j.afres.2024.100578

Zhang, H., Du, H., & Xu, Y. (2021). Volatile organic compound-mediated antifungal
activity of pichia pp. and its effect on the metabolic profiles of fermentation
communities. Applied and Environmental Microbiology, 87(9). https://doi.org/
10.1128/aem.02992-20

Zhang, D., Liu, M., Yu, Z., Xu, H., Pfister, S., Menichetti, G., Kou, X., Zhu, J., Fan, D., &
Rao, P. (2025). Domain knowledge, just evaluation, and robust data standards are
required to advance Al in food science. Trends in Food Science & Technology. , Article
105272. https://doi.org/10.1016/j.tifs.2025.105272

Zhang, W., Ni, Y., Xie, Y., Tan, L., Zhao, J., Li, X. min, Li, C., & Xu, B. (2024). Revealing
the spoilage characteristics of refrigerated prepared beef steak by advanced
bioinformatics tools. Journal of the Science of Food and Agriculture, 104(12),
7688-7703. https://doi.org/10.1002/jsfa. 13605

Zhao, H., Chai, L. J., Zhang, W., Zhang, X. J., Lu, Z. M., Wang, S. T., Shen, C. H., Shi, J. S.,
& Xu, Z. H. (2025). Changes in flavor profile of sauce-flavor baijiu: Perceptual
interactions between 1-propanol and aroma compounds. Food Chemistry X, 25,
Article 102153. https://doi.org/10.1016/j.fochx.2024.102153

Zheng, X., Shi, X., & Wang, B. (2021). A review on the general cheese processing
technology, flavor biochemical pathways and the influence of yeasts in cheese.
Frontiers in Microbiology, 12. https://doi.org/10.3389/fmicb.2021.703284

Zscheppank, C., Wiegand, H. L., Lenzen, C., Wingender, J., & Telgheder, U. (2014).
Investigation of volatile metabolites during growth of Escherichia coli and
Pseudomonas aeruginosa by needle trap-GC-MS. Analytical and Bioanalytical
Chemistry, 406(26), 6617-6628. https://doi.org/10.1007/500216-014-8111-2

15


https://doi.org/10.3389/fpls.2023.1209500
https://doi.org/10.1080/03601234.2022.2116897
https://doi.org/10.1080/03601234.2022.2116897
https://doi.org/10.3390/foods9050633
https://doi.org/10.1016/j.foodres.2012.10.020
https://doi.org/10.1016/j.fm.2015.03.006
https://doi.org/10.1016/j.meatsci.2019.01.003
https://doi.org/10.1016/j.foodchem.2006.05.066
https://doi.org/10.1016/j.foodchem.2006.05.066
https://doi.org/10.3390/app15052686
https://doi.org/10.1007/s00216-025-05933-w
https://doi.org/10.1007/s00216-025-05933-w
https://doi.org/10.1016/j.trac.2025.118374
https://doi.org/10.1016/j.foodchem.2024.140919
https://doi.org/10.1111/1541-4337.70054
https://doi.org/10.1039/C003335A
https://doi.org/10.1186/s13040-016-0101-9
https://doi.org/10.1109/ncg.2018.8593154
https://doi.org/10.1016/j.lwt.2025.117754
https://doi.org/10.1007/s13594-015-0267-9
https://doi.org/10.3390/separations7040064
https://doi.org/10.3390/separations7040064
https://doi.org/10.1016/j.foodchem.2011.05.033
https://doi.org/10.3390/foods13162530
https://doi.org/10.1016/j.idairyj.2017.06.008
https://doi.org/10.1016/j.idairyj.2017.06.008
https://doi.org/10.1016/j.foodchem.2007.03.041
https://doi.org/10.1016/j.trac.2015.08.010
https://doi.org/10.1016/j.foodchem.2018.04.088
https://doi.org/10.1016/j.foodchem.2018.04.088
https://doi.org/10.1016/j.lwt.2022.114112
https://doi.org/10.3390/s90705099
https://doi.org/10.1016/j.tifs.2021.01.027
https://doi.org/10.1016/j.tifs.2021.01.027
https://doi.org/10.1016/j.tifs.2024.104512
https://doi.org/10.1038/s43016-021-00229-5
https://doi.org/10.1038/s43016-021-00229-5
https://doi.org/10.1016/j.foodres.2022.112052
https://doi.org/10.1016/j.foodres.2022.112052
https://doi.org/10.3390/foods10092132
https://doi.org/10.1016/j.afres.2024.100578
https://doi.org/10.1128/aem.02992-20
https://doi.org/10.1128/aem.02992-20
https://doi.org/10.1016/j.tifs.2025.105272
https://doi.org/10.1002/jsfa.13605
https://doi.org/10.1016/j.fochx.2024.102153
https://doi.org/10.3389/fmicb.2021.703284
https://doi.org/10.1007/s00216-014-8111-2

	Microbial volatile organic compounds for food quality and safety: metabolic pathways, sampling and detection, and machine l ...
	1 Introduction
	2 The metabolism pathways of microbial volatile organic compounds in food
	2.1 Carbohydrate metabolism pathway
	2.2 Protein metabolic pathway
	2.3 Microbial volatile organic compounds in fat metabolic pathway
	2.4 Multi-pathway interactions and cross talk

	3 Sampling and detection method
	3.1 Sampling method
	3.1.1 Headspace injection method
	3.1.2 Solid phase microextraction
	3.1.3 Purge and trap sampling method
	3.1.4 Needle trap sampling method

	3.2 Detection method
	3.2.1 Gas chromatography-mass spectrometry
	3.2.2 Gas chromatography-ion mobility spectrometry
	3.2.3 Electronic nose
	3.2.4 Infrared spectroscopy

	3.3 Comparative evaluation of sampling and detection methods

	4 Data analysis and machine learning modeling for mVOCs
	4.1 Data preprocessing
	4.2 Supervised learning models in mVOCs analysis
	4.2.1 Classification tasks
	4.2.2 Regression tasks

	4.3 Unsupervised learning models in mVOCs analysis
	4.4 Deep learning models in mVOCs analysis and time-series data processing
	4.5 Critical perspectives in machine learning-based mVOCs analysis

	5 Applications of mVOCs analysis in food industry
	6 Conclusion
	Author contribution form
	Funding
	Competing interests
	Data availability
	References


