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Abstract

Meat serves as a prime medium for the growth of foodborne pathogens due to its rich
protein content and high water activity, contributing significantly to the global burden
of foodborne illnesses. This review synthesizes current advances in meat-borne bacterial
pathogen detection with particular emphasis on emerging artificial intelligence (AI)-enabled
applications. Major pathogens of concern, including Salmonella, Listeria monocytogenes,
Escherichia coli, Campylobacter, Clostridium, and Staphylococcus aureus, are examined in re-
lation to their relevance across the meat supply chain. Recent progress in biosensors
(clustered regularly interspaced short palindromic repeats), CRISPR-based assays, isother-
mal amplification, and metagenomics is evaluated alongside the growing role of Al in
automating signal interpretation, enhancing image-based diagnostics, and supporting early
contamination prediction. Al-based systems have proved 96.4-104% recovery and 100%
bacterial capture ability. Embedding Al methods in a wet lab demands technical and logical
modeling, as well as learning and calibration decorum. Nonetheless, Al readiness and
full-scale application for meat-borne pathogens surveillance are on the way. Furthermore,
additional focus is aligned on meat-borne bacterial pathogen genomic databases, i.e., (NCBI
Pathogen Detection, EnteroBase, VFDB, ComBase, and GenBank), which serve as critical
training resources for Al models for outbreak tracking, virulence profiling, and antimicro-
bial resistance (AMR) prediction. By integrating molecular methods, genomic surveillance,
and Al-driven analytics, this review presents a framework for strengthening meat safety
systems. This will improve early detection capabilities and support data-driven public
health interventions in the future.

Keywords: artificial intelligence; meat-borne pathogens; antimicrobial resistance; genomic
surveillance; phage therapy; biosensors; pathogen detection

1. Introduction

Globalization and the surge in trade have rendered the food supply chain vulnerable
to various challenges, including bioterrorism, food safety issues, and food fraud [1]. Most
foodborne diseases result from poor food handling practices and limited or time-consuming
detection techniques, which are either limited in sensitivity or too time-consuming, delay-
ing timely intervention [2,3]. A substantial proportion of these illnesses originates from
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contaminated meat products [4]. Despite the longstanding debate surrounding vegetarian-
ism and non-vegetarianism, evidence indicates that humans have consumed meat for over
2.6 million years, pre-dating the domestication of animals [5,6]. As of 2018, 1.8 billion peo-
ple, representing 23.9% of the global population, consumed at least 100 g of meat daily [7].
Most meat consumed annually becomes infected with various pathogenic bacteria and
viruses [8]. Viral contamination of foods, particularly meat, can cause massive outbreaks,
with the contamination threshold often being fewer than 100 viral particles [9]. Since viruses
require a live host and cannot grow in food on their own, the organoleptic properties of the
food remain unchanged, posing a hidden threat of viral contamination [10]. However, this
review focuses exclusively on meat-borne bacterial pathogens, which represent the primary
contributors to global food-borne illnesses. A wide range of bacterial species, including
Salmonella, Listeria monocytogenes, Shigella, Escherichia coli, Campylobacter, Clostridium, Staphy-
lococcus aureus, Pseudomonas, Vibrio species, and Yersinia, infect meat and meat products
worldwide [11,12]. Meat provides essential nutrients, although processed variants may
contain preservatives that could pose health issues [13]. Despite conflicting evidence on
the health effects of meat consumption, further research is needed to fully understand the
health impacts, potential benefits, and metabolic effects of processed meats [14].

Over the past decades, pathogen detection in meat has progressed from traditional
culture-based and microscopic methods to highly sensitive molecular, biosensor, and Al-
enhanced platforms. Conventional techniques, including selective culturing and colony
enumeration, remain foundational but are limited by long turnaround times and their
inability to detect viable non-culturable cells [15-19]. Immunoassays such as ELISA im-
proved speed and specificity, but face challenges related to antibody stability and cross-
reactivity [20,21]. Molecular diagnostics, including PCR, multiplex PCR, LAMP, and
NASBA, introduced rapid and precise nucleic-acid-based detection, enabling identification
of pathogens like Salmonella, Listeria, and E. coli at low concentrations [22-26]. Recent ad-
vances in biosensors, including electrochemical, optical, piezoelectric, and nanotechnology-
based devices, have further enhanced on-site and real-time detection capabilities with low
CFU/mL (10> CFU/mL) and short time [22,27-32]. Complementing these tools, modern
CRISPR-Cas systems and metagenomics provide ultra-specific and culture-independent
detection with high sensitivity, while whole-genome sequencing and surveillance databases
(e.g., NCBI Pathogen Detection, EnteroBase, and VFDB) enable comprehensive tracking
of virulence and antimicrobial resistance genes [33—40]. More recently, Al-driven models
and imaging systems have emerged as powerful tools that automate colony classification,
enhance biosensor signal interpretation, and predict contamination events, demonstrat-
ing accuracies above 95% for major meat-borne pathogens, enabling faster, data-driven
food safety decisions [41-47]. However, many of these high-accuracy values are reported
from studies conducted using relatively small or curated experimental datasets, thereby
generating controlled laboratory conditions, which may not fully represent the biological
and environmental variability encountered in industrial meat processing systems. Con-
sequently, careful evaluation of dataset size, validation strategy (using varied datasets,
biological matrices variability, robustness checks), and model generalization is essential
to avoid overfitting and to ensure that Al-based detection systems remain reliable when
applied to heterogeneous real-world meat samples.

Keeping in view these trends in pathogen detection, the current review focuses on
meat-borne bacterial pathogens and the technological advancements used to detect and
control them. It examines the major bacterial pathogens that are associated with meat, their
physiological and pathological attributes, along with their role in contamination across
the meat supply chain. Furthermore, it critically evaluates conventional, molecular, and
advanced detection technologies, including biosensors, nucleic-acid assays, a CRISPR-
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Cas system, metagenomics, and emerging Al-enabled diagnostic frameworks that are
enhancing sensitivity, speed, and predictive surveillance. Additionally, it also highlights the
increasing importance of genomics and bioinformatics resources, such as NCBI pathogen
detection, EnteroBase, ComBase, and Genebank, in supporting pathogen tracking, virulence
profiling, and antimicrobial resistance monitoring and feeding data into advanced Al-based
models. Collectively, the study integrates the latest developments to outline the evolving
tools required to strengthen meat safety, improve outbreak detection, and support public
health protection.

Review Methodology

The current review was compiled using various search engines, i.e., NCBI, PubMed,
ScienceDirect, Google Scholar, and alike. Only published research articles, reviews, case
studies, and meta-analyses were selected, while unpublished, incomplete, and in languages
other than English or irrelevant were excluded. The search strategy applied Boolean
operators like “AND”, “OR”, etc., along with search terms including meat pathogens,
bacterial toxins, meat toxins, Al in pathogen surveillance, and meat infection, etc.

2. Epidemiology and Emerging Concern of Meat-Borne Bacterial Pathogens
2.1. Major and Emerging Meat-Borne Bacterial Pathogens

Meat-borne pathogens pose a significant threat to global public health, causing diseases
primarily transmitted through the contamination of meat by bacteria [4,48]. The One Health
approach is essential for implementing effective control strategies, as it recognizes the
network of human, animal, and environmental systems in managing bacterial zoonotic
pathogens associated with meat [49,50]. Historical outbreak analyses further highlight the
burden of meat-borne diseases, like in 1980 and 2015, E. coli and Salmonella were identified as
the leading causes of meat-associated outbreaks, accounting for 33 and 21 events, in Europe
and the United States, respectively [12]. In these outbreaks, the fresh and processed meat
products were observed as the cause of E. coli outbreaks, whereas raw, cured, and fermented
sausages were found with Salmonella outbreaks [12]. Later, another study critically explored
the connection between animal farming, meat consumption, and the emergence of infectious
diseases in humans, highlighting that meat production increases epidemic risks through
more significant contact with affected animals and environments [51]. In addition to
these, several other meat-borne pathogens, including Clostridium, Staphylococcus, and
Campylobacter, also contribute to significant foodborne disease through potent toxins such
as botulinum neurotoxins, staphylococcal enterotoxins, and perfringolysin (a toxin that is
prevalent in infected or unhealthy meat after slaughtering and acts by binding cholesterol
in the host cell membrane, creating pores, and ultimately cell death) [52].

Beyond these well-established pathogens, several newly emerging bacteria are in-
creasingly implicated in meat contamination and foodborne illness [53]. While traditional
pathogens, such as Salmonella and E. coli, remain major contributors to disease burden.
Further, pathogens, including Arcobacter spp., Cronobacter sakazakii, K. pneumoniae, and B.
cereus,have gained rising epidemiological significance in recent years [54,55]. Arcobacter spp.
have been detected in more than 20% of carcasses and meat products, being recognized as
cause of entire and prolonged gastrointestinal illness [56]. These have also demonstrated
higher tolerance to common preservation processes than Campylobacter, enabling sustained
contamination within the meat supply chain [52]. Although C. sakazakii has historically
been linked to powdered infant formulae, increasing reports from Europe and Asia have
implicated that ready-to-eat meat products can cause severe infections, such as meningitis,
septicemia, or necrotizing enterocolitis, particularly among immunocompromised individ-
uals [15,57-59]. Furthermore, K. pneumoniae has also emerged as a food-borne pathogen
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due to its presence in raw meat. This is inherent in water, soil, and farm vicinity, as well
as in the GI tract of livestock, where it can pose a health threat due to poor handling of
meat animals [60]. In another study, K. pneumoniae was detected in 12% of meat samples,
and its persistence within the processing environment represented its biofilm-forming
capacity, making the elimination process less effective [61-63]. Likewise, B. cereus, though
well-described in non-meat dishes, has now been increasingly reported in different meat
products. It is reported in the literature that a few strains of B. cereus produce heat-stable
toxins which remain active even at higher temperatures, like cooking of meat, causing
severe gastrointestinal disease [64,65]. Their growing detection in raw and ready-to-eat
meat, together with their persistence in diverse environments, signals a shift in meat-borne
pathogen epidemiology and underscores the need for stronger surveillance and improved
detection technologies. Building on this need, future studies are likely to explore these
toxins as identification markers for advanced tools such as biosensors and Al-supported
diagnostic systems.

2.2. Prevalence of Meat-Borne Pathogen-Associated Diseases

The global prevalence of meat-associated bacterial infections remains substantial,
and is driven by contamination of animal products during slaughter, processing, and
distribution. Surveillance reports demonstrated that Salmonella, E. coli, L. monocytogenes,
Campylobacter, and Y. enterocolitica are consistently detected across diverse meat commodi-
ties, reflecting their ability to persist in production environments and enter the food chain
through multiple contamination routes [66,67]. Of these, Salmonella remains one of the
most frequently detected contaminants in meat products, colonizing the gastrointestinal
tracts of livestock and spreading widely during slaughtering and processing. Its ability
to form biofilm, particularly in poultry facilities, enables persistence on equipment and
surfaces, thereby increasing the likelihood of carcass contamination [68,69]. The spread of
E. coli-associated diseases has been linked to beef, poultry, fish, and contaminated water
sources, with diarrheal disease resulting from ingestion of even low infectious doses [70,71].
Nonetheless, L. monocytogenes remains a particular pathogen of global concern, contaminat-
ing meat, poultry, seafood, dairy products, vegetables, and fish. The incidence of Listeriosis,
which is caused by L. monocytogenes, has been rising in the food industry because of its
capacity to survive during refrigeration and sanitation procedures, contributing to con-
tamination of meat and ready-to-eat products [72]. Campylobacter contamination is often
introduced during poultry defeathering and evisceration, whereas Y. enterocolitica spreads
primarily through pork processing, especially when cross-contamination occurs during car-
cass handling. These epidemiological patterns highlight pathogen-specific contamination
points within the meat chain, underscoring the need for robust monitoring systems capable
of detecting early, low-level contamination events.

Certain population groups, including infants, young children, older adults, pregnant
women, and immunocompromised individuals, experience disproportionately severe
outcomes from meat-borne bacterial infections [73,74]. Their heightened susceptibility,
combined with the low infectious dose of several pathogens such as L. monocytogenes and
Shiga toxin—producing E. coli, underscores the need for early and highly sensitive detection
systems in meat products [75]. Rapid identification of contamination before distribution is
therefore essential to prevent severe disease in these high-risk groups (Figure 1).
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Figure 1. Pathogen Diversity, Toxins, and Virulence Factors. Provides a circular schematic overview
illustrating the diversity and epidemiological relevance of major meat-borne bacterial pathogens. The
figure highlights key attributes, including Gram-staining profiles, major toxins (e.g., Stx1/Stx2 in E.
coli, ListeriolysinO in Listeria monocytogenes, enterotoxins in B. cereus, and virulence secretion systems
in Salmonella), common meat sources (poultry, beef, pork, fish), AMR levels, and unique ecological or
epidemiological features.

In terms of public health, the detection of meat-borne pathogens is important not only
for identifying microorganisms but also for preventing human diseases and controlling
outbreaks. Fast and sensitive detection technologies are important for breaking the chain
of transmission in the farm-to-folk continuum by identifying products that are contam-
inated early, before they reach consumers. Late or inadequate diagnosis may result in
mass outbreaks, high hospitalization levels, and serious challenges, especially in high-risk
groups like immunocompromised persons, pregnant women, and the elderly. Thus, any
positive change in detection, sensitivity, and turnaround time is directly proportional to the
increased use of food safety surveillance systems.

3. AMR in Meat-Borne Pathogens and Their AI-Based Risk Assessment
3.1. Prevalence and Impact of Antibiotic Resistance in Meat-Borne Pathogens

Antimicrobial resistance (AMR) in meat-borne pathogens has become a major global
health concern because it directly affects food safety and disease management. The exten-
sive use of antibiotics in livestock production accounts for almost 67% of global antibiotic
consumption. This level of use creates strong selective pressure, accelerating the develop-
ment of multidrug-resistant (MDR) bacteria in animal production systems. Key pathogens
such as Salmonella, Escherichia coli, Campylobacter, and methicillin-resistant Staphylococcus
aureus (MRSA) are now frequently detected in meat products and often show resistance to
several classes of antimicrobials, causing consumers” health risks [76,77]. The prevalence of
AMR varies across regions, depending on regional factors and bacterial species identified.
For example, antibiotic-resistant Salmonella is responsible for nearly 13% of reported cases
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in the United States and is linked to more severe illness and higher hospitalization rates. In
Southeast Asia, isolates of S. Typhimurium commonly show resistance to ampicillin, tetracy-
cline, and fluoroquinolones [78]. Shiga-toxigenic E. coli strains are resistant to 3-lactams
and fluoroquinolones, where this situation further complicates treatment, while MRSA
contamination, reported in about 5% of raw meat samples in Europe, raises increasing con-
cern about zoonotic transmission [79,80]. Some methicillin-resistant Staphylococcus aureus
(MRSA) have started causing zoonotic problems, with some evidence proving transmission
from livestock to humans via meat products [81]. Recent information indicates that MRSA
could be traced to nearly 5% of raw meat samples in Europe, thus calling for the urgent use
of alternative antimicrobial strategies [82].

Artificial intelligence (Al) is now an important tool for improving the early detection
and prediction of AMR within meat production systems [83]. Al models can combine
diverse data sources such as antibiotic usage records, slaughterhouse microbiological
findings, whole-genome sequencing data, and environmental information [83-85]. This
integration allows Al systems to identify resistance genes, efflux pump activity, and drug-
modifying enzyme patterns, which helps to predict the likelihood of AMR contamination
before meat reaches consumers [85,86].

3.2. Alternative Strategies to Combat Antibiotic Resistance

The rising burden of AMR in meat production, highlighted by Al-based surveil-
lance systems, has increased interest in alternative antimicrobial strategies that reduce
dependence on conventional antibiotics [87]. Phage therapy is one promising option.
Bacteriophages can selectively infect and kill bacterial pathogens without encouraging
resistance [88]. They can be added to animal feed, used in processing areas, or applied
directly to meat products [89]. Studies have shown that phage treatment can significantly
reduce Salmonella contamination in poultry and beef [90]. Antimicrobial peptides (AMPs)
also represent an important alternative. These naturally occurring or synthetic molecules
have broad antibacterial activity and can function as food preservatives, feed additives, or
therapeutic agents in veterinary medicine [91]. Synthetic AMPs have achieved reductions
of more than 90% in E. coli populations in meat samples [92,93]. Plant-derived antimicrobial
compounds, probiotic interventions, and targeted vaccination strategies offer additional
ways to limit pathogen growth and reduce antibiotic use in livestock systems [94,95].

Al contributes further by improving the design, optimization, and selection of
these alternative strategies. Al-assisted phage matching helps to identify phages that
work effectively against new resistant strains [96]. Machine-learning models support
AMP research by predicting antimicrobial activity, stability, and safety for thousands of
potential peptide sequences [97]. Al-guided chemical screening assists in discovering
plant-derived compounds with strong antimicrobial properties, while computational
models simulate how probiotic strains interact within the gut or meat environment
to identify those most likely to inhibit pathogens [98,99]. Al-based vaccine modeling
also enhances the evaluation of immune responses in livestock and helps to design
more efficient vaccination programs. Through these advances, Al not only improves
AMR surveillance but also accelerates the development of innovation in microbial
control strategies, contributing to a more sustainable and resilient approach to AMR
management in food systems (Figure 2).
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Figure 2. An Al-integrated framework illustrates how antibiotic use, bacterial pathogens, and
resistance mechanisms in the food animal production chain contribute to antimicrobial resistance
(AMR) in consumers. The model incorporates on-farm data, slaughterhouse information, antibiotic
usage logs, and pathogen sequencing outputs to enable Al-driven AMR detection, thereby predicting
resistance genes and efflux/DME mechanisms. This also aids in the estimation of AMR risk in meat
and in public health forecasting for early-warning and stewardship interventions.

4. Meat-Borne Bacterial Pathogen Detection: Conventional to Advanced
Molecular Approaches

4.1. Conventional Methods

Microbial culture remains a fundamental approach for the detection of meat-borne
bacterial pathogens, based on the growth of microorganisms on selective and differential
media to allow their isolation and identification. Standard plating techniques include
pour, spread, and streaking, typically requiring 24-72 h of incubation, depending on the
target organisms in labs [100,101]. After incubation, bacterial colonies are examined for
morphological characteristics and are subsequently confirmed using biochemical assays
for the detection of key foodborne pathogens, including Salmonella spp., L. monocytogenes,
and E. coli [102,103]. Reported detection limits for culture-based assays in meat matrices
generally range from 103 to 10* CFU/mL, with diagnostic accuracy being reported be-
tween 80 and 90% under controlled laboratory conditions [104]. Despite their reliability
and regulatory acceptance, culture-based detections are limited by prolonged incubation
periods, intensive labor requirements, and the inability to recover viable but non-culturable
(VBNC) cells. To address these constraints, recent developments have focused on integrat-
ing automated imaging and computational analysis into culture-based workflows. Digital
colony imaging systems and growth-monitoring software enable more consistent colony
enumeration, minimize observer-dependent variability, and support earlier assessment
of microbial growth trends [105,106]. Such refinements improve analytical efficiency and
reproducibility while maintaining the established role of culture-based methods in routine
pathogen surveillance.

Microscopy-based techniques provide direct visualization and quantitative assess-
ment of bacterial contamination on meat and meat-contact surfaces [107,108]. Conven-
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tional fluorescent staining methods, such as DAPI-based direct cell counts, are widely
used to estimate total bacterial load, typically achieving detection limits of approximately
103 CFU/mL [109,110]. These approaches have been expanded through flow cytometry,
viability staining, and scanning electron microscopy (SEM) to enable rapid enumeration,
assessment of cell integrity, and visualization of bacterial attachment and biofilm formation.
SEM and fluorescence-based methods offer high spatial resolution and detailed structural
information, particularly for studying surface-associated contamination; however, reported
accuracy values generally range between 80 and 88%, depending on staining efficiency
and sample preparation quality [111]. Their routine application is limited by high instru-
mentation costs, extensive sample preparation, and operator-dependent interpretation,
particularly when distinguishing viable cells from non-viable cells. Recent methodolog-
ical refinements incorporate automated image quantification and standardized analysis
pipelines to improve contrast resolution, reduce background noise, and enhance consis-
tency across microscopic datasets [112,113]. These approaches improve cell-discrimination
reliability and analytical throughput, supporting more reproducible assessment of micro-
bial contamination patterns. As a result, microscopy-based detection continues to serve as
a valuable complementary tool within conventional pathogen-detection frameworks for
meat safety research and monitoring.

4.2. Advanced Non-Molecular Approaches for Meat-Borne Pathogen Detection
4.2.1. Immunoassay-Based Methods

Immunoassays continue to play a major role in food pathogen detection, with re-
cent innovation emphasizing rapid analysis, multiplexing capability, and nanomaterial
enhancement rather than reliance on the conventional enzyme-linked immunosorbent
assays (ELISA) alone [114-116]. Nanomaterial-based ELISAs (nano-ELISA) have signifi-
cantly improved analytical sensitivity and signal stability, making them more suitable for
complex food matrices such as meat products [20]. Several studies demonstrated the use of
monoclonal antibody-based assays for rapid detection of Salmonella across diverse food
systems, while fluorescence immunoassays provide high sensitivity for detecting antigens,
drugs, and hormones [21]. For instance, a label-free immunofluorescence strip sensor
incorporating FITC enables rapid detection of E. coli O157:H7, presents visual detection
limits comparable to conventional ELISA, reducing assay time [117].

Modern food-diagnostic immunoassays now employ magnetic beads, quantum dots,
gold nanoparticles, and lateral-flow fluorescence strips to achieve single-or-sub-picogram
sensitivity for major meat-borne pathogens, including E.coli O157:H7, Salmonella, Staphy-
lococcus, and Listeria spp. [20,118,119]. These nano-ELISA platforms offer substantially
lower detection limits than conventional toxin-based assays while supporting multiplex
analysis within a single reaction format [117]. Despite these advances, immunoassays
remain susceptible to cross-reactivity and antibody instability, particularly when applied to
heterogeneous meat matrices. Hence, careful antibody selection, validation against non-
target organisms, and matrix-specific optimizations are essential to minimize false-positive
results to ensure reliability in routine meat safety testing [116,120] (Table 1).

4.2.2. Biosensor-Based Detection

Biosensors have emerged as a powerful class of non-molecular detection platforms
for meat-borne bacterial pathogens, offering rapid response time, high sensitivity, and
cost-effective operation compared to traditional microbiological methods [121]. Intelligent
sensor platforms enable low-cost, portable, rapid, and real-time analysis, strengthening
global food safety monitoring through direct detection of biological or biochemical sig-
nals [122]. Since the introduction of the first enzyme electrode by Clark, Biosensor tech-
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nology has evolved substantially, leading to the development of diverse sensing platforms
optimized for food and meat safety applications [123]. Biosensors used for meat-borne
pathogen detection are typically classified by their bioreceptors, including enzymes, anti-
bodies (immunosensors), nucleic acids (genosensors), whole cells, and aptamers [124]. Each
recognition element presents distinct advantages and limitations with respect to selectivity,
stability, and compatibility with complex meat matrices [125]. While natural receptors
provide high specificity towards target bacterial pathogens, their susceptibility to degra-
dation has driven the development of artificial recognition elements, such as molecularly
imprinted polymers (MIPs), or “plastic antibodies,” which offer improved stability and
extended operational lifetimes under harsh meat-processing conditions [126].

Biosensor platforms combine biological components with electronic components via a
transducer that converts bacterial binding events into quantifiable signals [127,128]. Optical
biosensors have demonstrated strong performance in the meat-processing and food control
due to their high sensitivity, robustness, and minimal sample preparation requirements. For
example, an optical biosensor utilizing antibody-functionalized porous silicon film enabled
the rapid identification and quantification of E. coli in complex food industry processes,
demonstrating real-time detection and high specificity [129]. Piezoelectric biosensors ex-
ploit mass-induced frequency changes at sensor surfaces and have been successfully applied
for detecting bacterial toxins and contaminants relevant to meat safety. A label-free quartz
crystal microbalance immunosensor demonstrated sensitive detection of Aflatoxin B; in
food samples across a wide linear range [130,131]. Electrochemical biosensors are particu-
larly attractive for meat-borne pathogen detection due to their portability and rapid signal
generation [132]. A gold-nanoparticle-modified carbon screen-printed electrode enabled
label-free detection of E. coli O157:H7, supporting rapid, field-deployable diagnostics in the
meat testing workflow [27,133]. Furthermore, magnetic nano-beads have been extensively
utilized in biosensor development, particularly for magnetic separation, target labeling,
and signal amplification, with applications in biomedical diagnostics, food safety, and
environmental monitoring [134]. Notably, a LAMP-CRISPR/Cas12a-based biosensor using
TEPA-functionalized magnetic nanoparticles achieved a detection limit of 100 CFU/per
mL for L. monocytogenes, highlighting how biosensors can be effectively adapted for ultra-
sensitive detection of meat-borne bacterial pathogens when coupled with amplification
technologies [135]. In conclusion, biosensors play a crucial role in meat-borne bacterial
pathogen detection by providing rapid, sensitive, and potentially on-site diagnostic ca-
pability. These constraints explain why biosensor-based systems currently complement
rather than replace culture-based reference methods in routine meat safety surveillance,
underscoring the need for continued optimization and standardization [136,137].

4.2.3. Nanotechnology in Pathogen Detection

Detection methods that use nanotechnology enhance the sensitivity and specificity
of biosensors [31]. Gold nanoparticles (AuNPs) and quantum dots (QDs) are widely ap-
plied in lateral flow assays and electrochemical sensors for quick detection of pathogens
such as L. monocytogenes and C. jejuni [138,139]. A 2020 study demonstrated that AuNP
biosensors detected Salmonella typhimurium from pork meat in a short time in Korea, as
opposed to the traditional culture methods, which need 24-48 h for confirmation [29,140].
Nanotechnology-based biosensors containing gold nanoparticles and quantum dots make
it possible for the real-time detection of pathogens with attractive specificity. Functionaliza-
tion to improve lateral flow assays and electrochemical sensors has been used extensively
to enhance the detection sensitivity to Salmonella and E. coli. Metagenomics helps to identify
both culturable and non-culturable pathogens by sequencing all genetic material from a
sample, thus assisting with tracing contamination sources and understanding microbial
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ecology [141]. Portable devices for biosensing that use surface plasmon resonance (SPR)
and electrochemical impedance spectroscopy (EIS) would enable rapid detection on-site,
thereby reducing reliance on laboratory-based testing. In 2021, Al models were employed to
predict the outbreak of S. enterica in processed meat in Canada, utilizing historical patterns
of outbreaks and genomic sequencing data to initiate early recalls, thereby reducing public
health impact [139].

4.2 4. Surface-Enhanced Raman Spectroscopy

The ever-changing and exciting non-destructive methods, such as Raman spectroscopy
and hyperspectral imaging, provide rapid identification of pathogens without ever destroy-
ing the sample. Surface-enhanced Raman spectroscopy (SERS) has shown the detection
of S. aureus biofilms with a sensitivity of 10% CFU/mL [142,143]. On the other hand, hy-
perspectral imaging differentiates fluorescence in some meat products and changes with
spoilage, using near-infrared (NIR) analysis to present an automatic quality assessment. It
will be crucial to explore alternative approaches to combat AMR through phage therapy
and AMPs, integrated with predictive Al risk modeling and the One-Health concept, to
ensure global food safety [143]. Standardization and regulatory alignment are two key
matters that ought to be addressed so as to optimize detection methodologies and response
strategies. As illustrated in Figure 3, modern pathogen detection approaches integrate
molecular diagnostics, biosensor platforms, and Al-driven analytics, enabling faster and
more sensitive detection compared with conventional culture-based techniques (Figure 3).

Conventional Methods Meat Modem Methods
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Figure 3. Comparison of conventional and modern methods for meat pathogen detection. The
left side depicts conventional techniques, including culture-based methods (spreading, serial dilu-
tions, and inoculation), microscopy (fluorescent and Gram stains), and colony counting (CFU). The
right side presents modern methods, such as immunoassays using antibodies for antigen detection,
biosensors, nucleic acid assays for DNA-based detection, and CRISPR-Cas assays for RNA extraction,
amplification, and fluorescence detection. Various meat types (beef, mutton, poultry, and seafood)
are used as samples across these detection techniques.
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4.3. Advanced Molecular Approaches for Meat Pathogen Detection
4.3.1. Nucleic-Acid-Based Methods

In recent years, the food industry has increasingly incorporated nucleic acid-based
approaches for rapidly and sensitively identifying pathogenic bacteria, significantly im-
proving food safety and quality assurance [144]. Nucleic acid-based techniques have
undergone the most rapid modernization. Methods like polymerase chain reaction (PCR),
recent applications in meat safety emphasize digital PCR (dPCR), multiplex PCR, and
rapid isothermal amplification techniques, which have enabled absolute quantification
of low-abundance pathogens and AMR-genes in meat samples [144]. Multiplex PCR
(mPCR) is useful for detecting various pathogens or assessing different virulence factors
within a single pathogen, such as Escherichia coli, where mPCR can differentiate pathogens
based on their pathotype or serotype using distinct amplicon profiles [145]. However,
mPCR can be labor- and cost-intensive, making it less suitable for field operations. In
contrast, loop-mediated isothermal amplification (LAMP) has gained popularity due to its
shorter reaction times, sensitivity, specificity, and independence from specific equipment.
LAMP is also less susceptible to sample inhibitors, making it a practical tool for detecting
pathogens in raw food samples without extensive preparation [146]. Additionally, nucleic
acid sequence-based amplification (NASBA) is an isothermal RNA amplification method,
particularly effective for detecting microbial pathogens in food and environmental sam-
ples [147]. By targeting 165 rRNA and mRNAs, NASBA allows for the specific identification
of viable cells [26,148]. These nucleic acid-based methods, including PCR, mPCR, LAMP,
and NASBA, represent key innovations that enhance the speed, sensitivity, and accuracy of
pathogen detection in food safety testing [149]. While the molecular diagnostic techniques
are very helpful in quantifying the pathogen load in the sample, their efficiency is hindered
owing to the requirement of well-trained handlers, sample preparation, time consumption,
cost effectiveness, and presence of inhibitors in food samples [150].

4.3.2. CRISPR-Cas-Based Methods

CRISPR-enabled molecular diagnostics has rapidly advanced in high-sensitivity and
field-deployable tools that are capable of detecting bacterial pathogens in meat and food pro-
cessing environments with short turnaround times [151]. The CRISPR-Cas-based method
has emerged as a promising tool for pathogen nucleic acid detection, overcoming the
limitations of traditional detection methods by offering enhanced specificity and sensitivity.
One example of its application is developing a rapid nucleic acid detection-based method
for E. coli O157:H7 using the CRISPR/Cas12a system targeting the rfbE gene. This system
achieved an impressive sensitivity of 0.9 pg/uL for DNA and 6.5 x 10* CFU/mL for
bacterial concentrations [152]. Another significant advancement is the CRISPR/Cas12a-
based fluorescence detection platform, “Casl12aFDet,” developed for the rapid and specific
detection of L. monocytogenes serotype 4c. This platform integrated PCR or recombinase-
aided amplification (RAA) methods with Cas12a-mediated cleavage, achieving detection
within 15 min and avoiding amplicon contamination. It demonstrated a sensitivity of
3.37 x 10! CFU/mL for PCR-based detection and 1.35 x 10> CFU/mL for RAA-based de-
tection. These advancements show the potential of CRISPR-Cas systems in revolutionizing
pathogen detection with rapid, sensitive, and specific results. These techniques provide
significant accuracy in quantifying and detecting pathogens; however, factors like off-target
effects during genome editing and the complexity of CRISPR-Cas classification can hin-
der standardization and need integration with amplification methods like PCR, inducing
additional steps as limiting factors [38] (Figure 2).

These detection technologies have clinical significance because they can be used to give
timely and accurate detection of pathogens, which is very crucial in preventing the entry of
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contaminated meat into the food supply chain. Technologies that can prove a reduction in
detection time from days to hours contribute significantly to the reduction in outbreaks. In
addition, extremely sensitive procedures that can identify low levels of contamination are
especially valuable in the prevention of infections by pathogens that cause infections at low
dosages, i.e., L. moncytogeneses and E. coli. As a result, the development of such detection
technologies not only improves laboratory diagnostics but also enhances the level of safety
of the population and the control of food safety.

4.3.3. Metagenomics for Culture-Independent Identification of Pathogens

Metagenomics allows the detection of a myriad of pathogens through the sequencing
of all DNA or RNA present in the sample [153]. The method is advantageous for identi-
fying pathogens that are non-culturable or previously unknown. In 2019, a metagenomic
study of poultry meat conducted in Germany found Campylobacter contamination levels
exceeding 30%, leading to stricter hygiene standards being imposed by regulatory bod-
ies [154]. Thus, on-site pathogen detection became a reality with portable biosensors using
surface plasmon resonance (SPR) and electrochemical impedance spectroscopy (EIS) [155].
These devices have detection limits as low as 10> CFU/mL for E. coli O157:H7 in meat
matrices [156] (Table 1).

Although there is a broad spectrum of detection technologies that have been developed
against meat-borne pathogens, the technologies perform quite differently in terms of
sensitivity, their complexity of operation, the skilled staff, complex meat matrices, and their
applicability in the real world. Traditional culture-based technologies are gold standards
with good reliability. These can verify viable organisms requiring a long turnaround time
(24-27 h), which restricts their usefulness in making quick decisions in an industrial setting.
On the other hand, molecular methods, including PCR and isothermal amplification, have
much higher sensitivity and shorter time to detect pathogens, even at low concentrations
(10? CFU/mL). Conclusively, the latter are beneficial in terms of sensitivity, accuracy, and
the shortest reporting time with a futuristic scope in meat safety.
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Table 1. Comparative overview of pathogen detection technologies in the meat industry: evolution from conventional to Al-enhanced approaches.
Catego.ry/ Principle/ Target Meat Detection  Sensitivity/ Accuracy/ Cost/Test Field/On-site = Major AI-A(%ded
Detection Example Pathogens Detected Time Detection Limit  Specificity ($) r Applicabilit Limitations Benefit/ References
Approach P 8 P y PP y Enhancement
I. Conventional Approaches
. Salmonella spp., E. Fails to detect
Growth on selective . L Faster
Culture-based media (pour, spread, coli O157:H7, Listeria 24-72 h 10°-10* CFU/mL  80-90% $2-10 No (lab only) V].SNC automated [100-
Methods monocytogenes, microbes; . 103,105,106]
streak plate) N counting
Campylobacter spp. media bias
Microscopy-based SEM/Fluorescent E. coli, Listeria s I;;:l)lo?:uie ;  Improved
COPY staining (DAPI, - ot PP 6 o4h ~10CFU/mL  80-88%  $20-100 No pleprep; - mp . [109-111]
Detection . Staphylococcus aureus dependent on  image clarity
epifluorescence) .
stain binding
II. Advanced Non-Molecular Approaches
Immunoassay Antibody-antigen Salmonella, E. coli Cross-
(ELISA, bmdl.ng w1-th Listeria, 3.6h 10°-10° CFU/mL  90-95% $10-25 Lab. or field reaFtwlty, Red.u.ced false  [20,114-118,
colorimetric/ (strips) antibody positives 120,129,157]
Nano-ELISA) Campylobacter . o1
fluorescent readout instability
An enzyme, antibody, Bioreceptor
Biosensor-based DNA, or Salmonella, Listeria, . 5 o g instability; Enhanced [29,121,124,
Detection aptamer-based sensor  E. coli 30 2h  10° CFU/mL 95-98% $5-30 Yes (portable) background signal filtering  128,132,158]
with a transducer noise
e E. coli O157:H7,
Electrochemical AuNP-modified . Salcniolnella spp. Surface Improved
. electrode for E. coli L. ’ ~1h 102 CFU/mL 96-98% $3-15 Yes fouling; . . [27,132,159]
Biosensor Listeria > signal stability
0157:H7 short lifespan
monocytogenes
. Light or frequency . .
Optical/ . . Signal drift, .
Piezoelectric change via E. coli, Salmonella, = _, 102CFU/mL  96-98%  $10-40  Yes calibration  Deter drift 0 160,161
. antigen—-antibody Listeria, S. aureus . correction
Biosensor . . required
interaction
Nanotechnology- EAIngf;eCi?;r’sSflfr{’ E. coli, Salmonella Nanoparticle  Improved
&Y . ol ’ 10-15min 102 CFU/mL 97-99%  $2-20  Yes (on-site)  stability, pattern [30-32]
based Sensors rapid pathogen Listeria, S. aureus . o
detection aggregation recognition
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Table 1. Cont.
Catego.ry/ Principle/ Target Meat Detection  Sensitivity/ Accuracy/ Cost/Test Field/On-site = Major AI-Ac%ded
Detection Example Pathogens Detected Time Detection Limit  Specificity ($) r Applicabilit Limitations Benefit/ References
Approach P 8 P y PP y Enhancement
III. Molecular Approaches
E. coli O157:H7, Needs a
e Salmonella enterica, . skilled
PCR/qPCR DNA amplification e, 4-6h 10P-10° CFU/mL.  95-98%  $15-50  Limited operator; Faster curve - [17,23-
using a thermocycler field use . . analysis 25,161,162]
monocytogenes, inhibitors in
Campylobacter jejuni samples
. Simultaneous . Primer .
Multiplex PCR amplification of Multiple pathogens 5 5, 102 CFU/mL 96-98%  $20-60  No optimization ~ Opfimized [22-24]
(mPCR) . simultaneously primer design
multiple targets complex
Isothermal Salmonella Yes Primer desi Cleaner signal
LAMP/NASBA DNA/RNA c 1-2h 10? CFU/mL 96-99% $5-20 ) . - & . & [26,135,146]
L E. coli, Listeria (field-suitable)  critical reading
amplification
CRISPR-Cas- Cast2amediated E. coli, Salmonella, . o0 . 34 x 10! os.00%  si0o Fortable Offtarget  tmproved 135 35,37,35,
Based & Listeria 102 CFU/mL ° (POC) a8e 151,152]
post-amplification multi-step readout
. Sequencing of all Expensive; Faster
Metagenomics DNA /RNA for All detectable 6-12 h Detects 598% $100 No bioinformat- sequence [141,153,154,
(WGS/Shotgun) pathogens non-culturable 500 . : . 163]
pathogen ID ics required sorting
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5. Significance of Genomic Databases in Meat-Borne Bacterial Pathogen
Research and Surveillance

5.1. NCBI Pathogen Detection System

The NCBI Pathogen Detection system is one of the most important genomics surveil-
lance platforms for foodborne bacteria, integrating whole genome (WGS) data from clinical,
environmental, and food sources to support real-time pathogen tracking and antimicrobial
monitoring [164]. Its relevance to meat safety is substantial, as the database initially priori-
tized four major meat-associated pathogens, including Salmonella, E. coli, Shigella, and Liste-
ria, which remain key contributors to food-borne outbreaks globally [165]. The system has
since expanded to include more than 50 taxa of public health significance, enabling broad
genomics comparisons and cluster detection across diverse food-production environments.
For meat-borne pathogens, NCBI Pathogen Detection provides a high-resolution frame-
work for identifying outbreak-related strains, characterizing AMR profiles, and detecting
emerging lineages linked to livestock and meat products. For example, a large-scale WGS
analysis revealed that approximately 60% of sequenced isolates in the database originated
from meat or meat-processing environments, with more than 147,000 resistance-associated
genes detected across Salmonella, Campylobacter, E. coli, and Listeria strains [164]. Another in-
vestigation of the meat-associated Salmonella serovar I 4,[5],12:i:- analyzed 13,612 genomes
and demonstrated that 71% of global isolates harbored the metal-tolerance island SGI-4,
while 55% carried the ASSuT resistance pattern; notably, swine-derived strains exhib-
ited the highest prevalence of multidrug resistance [166]. These findings highlight the
database’s value in tracking the dissemination of virulent and resistant clones through the
meat-production system.

Beyond surveillance, the NCBI Pathogen Detection system also serves as a critical
source of high-quality WGS datasets that are increasingly used to train machine-learning
models for meat-borne bacterial pathogen detection, source attribution, and AMR pre-
diction. However, its broader utility is constrained by well-documented metadata and
harmonization challenges. Inconsistent or incomplete sample annotation, such as missing
production-stage information or environmental context, limits downstream comparative
analyses and reduces model accuracy [167]. Unequal global sequencing capacity and
limited cross-border data create surveillance gaps, especially for meat-associated lineages
circulating in low-resource settings [168]. Additionally, differences in sequencing work-
flows and the lack of full interoperability with platforms such as GenomeTrakr, EnteroBase,
and PulseNet further hinder integration of genomic, epidemiological, and food-chain
metadata into unified detection pipelines [168]. These limitations collectively weaken
the performance of Al-driven detection frameworks and restrict global outbreak-tracking
capabilities. Strengthening metadata standards, unifying pathogen identifiers, and enhanc-
ing international data-sharing agreements are therefore essential to fully leverage NCBI
Pathogen Detection for next-generation as well as Al-supported meat-borne pathogen
surveillance systems (Table 2).

5.2. Virulence Factor Database (VFDB) for Gene-Level Profiling of Meat-Associated Pathogens

The Virulence Factor Database (VFDB), established in 2004, is a comprehensive re-
source dedicated to bacterial pathogens’ virulence factors (VFs). It provides detailed
insights into the major virulence factors, including their structural features, functions,
and mechanisms by which pathogens induce diseases [40]. Its relevance to meat-borne
pathogens is well established, as VFDB enables systematic profiling of virulence determi-
nants that shape pathogenicity, transmission potential, and outbreak severity. For instance,
comparative WGS analysis of 243 Salmonella isolates from human and animal sources in
China identified 670 virulence-associated genes, with VFDB enabling their classification
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into 14 functional categories most related to adherence, secretion systems, immunomod-
ulation, and toxin production, which together accounted for over 84.63% of the detected
virulence repertoire [169]. The VFDB further takes part in a leading role in understanding
the prevalence of Clostridium perfringens IRMC2505A, a gastrointestinal pathogen linked to
contaminated meat. VFDB-supported annotation detected major toxins, including phos-
pholipase C, perfringolysin O, collagenase, and hyaluronidase, alongside multiple AMR
determinants when cross-referenced with CARD [170]. Such gene-level resolution is es-
sential for identifying high-risk clones and assessing the pathogenic potential of strains
circulating within meat-production systems [171]. The VFDB is a foundational resource
explicitly used in the literature for training machine-learning models, such as Virulent
Hunter and various Deep Transfer Learning (DTVF) frameworks, which aim to predict
and classify bacterial virulence factors (VFs) and illuminate pathogenicity in diverse micro-
bial contexts. For meat-borne pathogen detection, these VFDB-trained models are critical
for differentiating highly virulent strains such as specific Salmonella serotypes or Shiga
toxin-producing E. coli from benign environmental isolates [172]. However, the models’
utility in real-time food safety surveillance is fundamentally constrained by the VFDB's
own issues with heterogeneity in gene nomenclature and variable curation depth across
taxa. These inconsistencies reduce the models’ generalizability and impede the rapid,
accurate risk assessment necessary to identify the most dangerous contaminants in the
meat supply chain.

5.3. EnteroBase Genomic Repository for High-Resolution Typing of Meat-Associated Pathogens

EnteroBase is a comprehensive genome database and web-based platform dedicated
to foodborne pathogens, focusing on genera such as Salmonella, Escherichia/ Shigella, Clostrid-
ioides, Vibrio, and Yersinia [173]. It integrates strain-level metadata, assembled genomes,
cgMLST/MLST (core genomic multilocus sequence typing) profiles, and HierCC clustering
outputs derived primarily from Illumina short-read sequencing, enabling consistent and
recombination-robust genotyping across global datasets [174,175]. As of the latest update,
EnteroBase hosts a vast collection of 1,026,432 bacterial strains, including 452,734 Salmonella
strains, 293,315 Escherichia/ Shigella strains, 30,388 Clostridioides strains, 17,118 Vibrio strains,
and 8436 Yersinia strains, representing one of the world’s most comprehensive repositories
for meat-associated pathogens [173]. For meat safety surveillance, EnteroBase has proven
critical in tracing the diversity and epidemiology of S. enterica recovered from livestock
and meat-processing environments. A Brazilian study analyzing bovine carcass isolates
used EnteroBase MLST data to classify 333 continental sequence types into four major
clusters, revealing lineage L4 as the dominant group containing 74 STs, including 13 of the
17 meat-derived isolates [175]. Such findings underscore EnteroBase’s value in identifying
transmission lineages, AMR trends, and evolutionary trajectories of pathogens circulating
through animal and meat-production systems.

Beyond epidemiology, EnteroBase is increasingly used as a training resource for
Al and machine-learning models, due to its standardized genomic pipelines and mas-
sive curated datasets. Another study used EnteroBase core-genome MLST features to
train machine-learning algorithms for automated Salmonella serovar prediction, achieving
> 95% accuracy [176]. Similarly, another study employed EnteroBase-derived genomic
features to develop a Random Forest model that predicted host association of E. coli isolates,
demonstrating strong performance in distinguishing meat-associated lineages [177]. These
studies highlight the platform’s growing relevance for Al-assisted pathogen detection and
risk modeling.
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5.4. CDC Whole-Genome Sequencing and Surveillance Programs Supporting Meat-Borne
Pathogen Detection

The U.S. Centers for Disease Control and Prevention (CDC) operates one of the
world’s most advanced surveillance infrastructures for foodborne and meat-associated
pathogens. Since adopting whole-genome sequencing (WGS) in 2013, the CDC has trans-
formed outbreak investigations by enabling precise strain discrimination, cluster detection,
and real-time tracking of pathogens such as Salmonella, E. coli, Campylobacter, and Liste-
ria [178,179]. The integration of WGS into routine surveillance has been particularly critical
for meat-linked outbreaks; for example, CDC investigations from 2012 to 2019 documented
27 outbreaks, resulting in 1103 illnesses, 254 hospitalizations, and two deaths, with ground
beef implicated in 73% of cases [180]. CDC’s Foodborne Diseases Active Surveillance Net-
work (Food Net) and the National Antimicrobial Resistance Monitoring System (NARMS)
play key roles in monitoring pathogen trends across meat and livestock systems. NARMS
data have highlighted that 38% of meat-associated Salmonella infections involve multidrug-
resistant strains, underscoring the system’s value in characterizing emerging and AMR
threats relevant to meat safety [180]. These integrated datasets support epidemiological
modeling, risk prediction, and evaluation of pathogen dissemination across animal, food,
and human domains. The CDC datasets are increasingly used for Al model development,
particularly for outbreak forecasting, anomaly detection, and genomic cluster prediction.
Several recent studies have trained machine-learning models on CDC WGS and epidemio-
logical data to predict Salmonella serotypes, transmission clusters, and AMR phenotypes
with high accuracy. Such models rely on the CDC’s standardized genomic pipelines, mak-
ing the agency a major contributor of high-quality training data for emerging Al-driven
detection approaches.

5.5. GenomeTrakr Network and Complementary Surveillance Systems for Meat-Associated Pathogen

GenomeTrakr, maintained by the U.S. FDA, is the world’s largest publicly accessible
WGS network for foodborne pathogen surveillance, integrating genomic data from food,
environmental, and clinical sources to support high-resolution outbreak detection and
traceback investigations [181]. Its relevance to meat safety is substantial, as many of its
largest datasets, including Salmonella, Listeria, E. coli, and Campylobacter, originate from
livestock, meat-processing facilities, and retail meat samples. By enabling rapid comparison
of isolates against a continuously expanding global reference collection, GenomeTrakr
strengthens the capacity to identify meat-associated contamination events and emerging
high-risk lineages [181]. The complementary CDC-led systems PulseNet, NARMS, and
FoodNet further enhance meat-borne pathogen tracking. The PulseNet’s standardized
WGS and PFGE (Pulsed Field and Gel Electrophoresis) workflows enable cluster detection
across different states, like the genotyping of Enterococcus faecalis from ground beef, which
revealed that 58% of isolates formed clonal clusters, highlighting the persistence of specific
meat-associated lineages in the supply chain [182]. On the other hand, the NARMS provides
AMR profiles for foodborne pathogens from humans, animals, and retail meats, generating
actionable insights into resistance trends affecting meat safety [183]. Additionally, the
FoodNet offers incidence data and exposure patterns from surveillance sites across the
United States, supporting epidemiological assessments of foodborne infections [184].

While GenomeTrakr is increasingly used as a training resource for machine-learning
models that predict outbreak clusters, AMR phenotypes, and contamination sources, its
broader utility is constrained by several reviewer-relevant limitations [181]. Variability
in sequencing quality, inconsistent metadata (e.g., missing isolation source or processing
stage), and irregular international participation hinder full cross-country comparisons.
Furthermore, GenomeTrakr lacks full interoperability with other genomic platforms, such
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as NCBI Pathogen Detection and EnteroBase, making the integration of genomic, epidemi-
ological, and food-chain data a challenging task [181]. These harmonization gaps limit the
performance and generalizability of Al models developed for meat-borne pathogen detec-
tion. However, strengthening metadata standards, expanding global participation, and
developing unified identifiers and cross-database compatibility frameworks would substan-
tially enhance GenomeTrakr’s capacity to support next-generation molecular diagnostics
and Al-driven detection pipelines for meat-associated bacterial hazards.

5.6. ComBase, GenBank, and BioCyc as Core Data Sources for Meat-Pathogen Characterization

ComBase, GenBank, and the BioCyc Pathway Database together provide comple-
mentary datasets that greatly enhance the study of meat-associated bacterial pathogens
by supplying growth-response data, genomic information, and pathway-level functional
insights. ComBase contains over 60,000 records documenting microbial behavior under
diverse food environmental conditions and includes tools such as the ComBase Predictor
and Food Models for estimating pathogen growth and inactivation in various food ma-
trices [185]. Its browser allows users to examine microbial growth and survival curves
generated from research studies, and the platform supports data downloads, educational
use, and contributions from researchers. Moreover, case studies demonstrate their practical
relevance, for example, when Listeria strains were grown at temperatures ranging from
2 to 35 °C, growth rates estimated using DMFit (dynamic modeling fit) were generally
consistent with ComBase predictions, except for tomatoes at 30 °C and 35 °C, where
ComBase showed conservative, fail-safe tendencies [186]. Similarly, when STEC growth
was evaluated in ground beef under dynamic temperature cycles (5-15 °C for 300 h and
10-40 °C for 25 h), ComBase under-predicted growth at higher temperatures and failed
to detect growth below 10 °C, illustrating both its utility and limitations for modeling
real-world meat systems [187].GenBank, maintained by the National Center for Biotech-
nology Information (NCBI), serves as a global repository for publicly accessible DNA and
mRNA sequences and has expanded rapidly since its launch in 1982 [188]. By December
2024 (Release 259.0), GenBank contains more than 26 trillion nucleotide bases across over
2 billion whole-genome sequences [188]. Its genomic records for meat-related pathogens,
such as L. monocytogenes strains F2365 (2.9 million bp) and F6854 (2.95 million bp), have
supported comparative analyses identifying 51-97 strain-specific genes and more than
100,000 SNPs related to virulence, evolutionary emergence, and diagnostic marker devel-
opment [189,190]. GenBank-derived sequence information has also facilitated the design
of highly sensitive PCR assays, including a Salmonella detection assay achieving 99.1%
specificity and 100% sensitivity across 128 strains and detecting as little as 0.54 % 0.09 log
CFU/mL in beef and 1.45 & 0.21 log;g CFU/mL in pork under laboratory conditions [23].
The BioCyc Pathway Database further enriches pathogen analysis by integrating curated
data from over 146,000 publications and providing metabolic modeling, genome reconstruc-
tion, and comparative genomics through its Pathway Tools software. It offers extensive
coverage of virulence, metabolic adaptation, and antimicrobial resistance mechanisms
for major foodborne pathogens, including Salmonella and Listeria. BioCyc facilitates the
analysis of genes, pathways, and metabolites, enabling researchers to explore evolutionary
dynamics and survival strategies of pathogens within meat production systems, while its
support for whole-genome sequencing (WGS) helps to track outbreaks and monitor AMR
trends [191]. By promoting international data sharing and collaborative research, BioCyc
plays a vital role in addressing the global challenge posed by emerging meat-associated
bacterial threats [192]. Together, these databases provide kinetic, genomic, and metabolic
datasets essential for pathogen characterization and for building robust computational
frameworks to support meat safety surveillance and predictive modeling (Table 2).
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Table 2. Summary of major genomic and bioinformatics databases relevant to meat-borne pathogens,

highlighting their primary focus, analytical tools, and key applications in pathogen surveillance,

virulence analysis, and antimicrobial resistance studies.

Applications in

Database Latest Ver- Primary Pathogen Data Meat-Borne Unique Fea-  Limitations/ References
sion/Release  Focus Scope Type/Tools Pathogens tures/Strengths Challenges
(Updated Info)
Clusters related Real-time
pathogen integration;
WGS (Whole sequences from automated Metadata
. Genome .
Disease & >50 taxa (e.g., . food, analysis gaps on
NCBI . Sequencing), . A
Real-Time AMR (An- Salmonella, E. environmental, pipeline; source/context;
Pathogen . L. . L AMR . [164,166,
> (Continuous timicrobial coli, Listeria, X and patient NDARO dependent on
Detection . FinderPlus . . 193]
Update) Resistance) Campylobac- samples; (National submitter
System X for AMR/VF . .
surveillance ter) analvsis real-time Database of quality and
IS tracking of AMR ~ AMR data volume
Phylogenetics .
genes (mcr, Organisms)
blaKPC, etc.) linked
32 genera of Annotated Essen.tla.l for Rich VF Bacterial only;
well-studied . identifying reference; :
Virulence bacterial VFs, protein athogenicit distinction no direct
VFDB 2025 data,anda ~ PINOSCMICLY AMR tracking;
. gene catalog  pathogens determinants in between core
VFDB (v6.0 is core general . o focuses on [40]
and (e.g., e meat isolates; (verified)
data) P classification : genes, not
classification  Salmonella, mapping VF and full
. scheme : . - complete
Clostridium, profiles for risk (predicted)
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6. AI-Powered Technologies in Meat Pathogen Detection, Predictive
Risk Assessment

The application of Al in the detection of meat-borne pathogens is commonly character-
ized in terms of a given technology, like biosensors, imaging, and spectroscopy platforms.
Nonetheless, this division may cause conceptual overlaps, since most of these methods
are similar to computational tasks, such as classification, pattern recognition, and pre-
dictive modeling. To render a more coherent and integrative view, Al applications have
been regrouped as per their functional roles, instead of the detection platforms they per-
tain to. This task-based framework allows for a more accurate comparison of studies
and less redundancy since it underlines common computational principles underlying
various technologies.

6.1. Al-Predictive Risk Models for Outbreak Pathogens

Al models are applied to predictive modeling, especially to evaluate the risk of con-
tamination and trends of microbial resistance. These models combine multi-source data
such as genomic sequences, environmental parameters, and historical records of outbreaks
to predict contamination events, as Al-based risk modeling is not platform-dependent
but cross-cutting analysis functionality. Deep learning models predict pathogen evolu-
tion and transmission routes by putting genomic sequences and transportation logs into
action, such as the spread of Salmonella in poultry supply chains [193,197]. For instance,
Al-powered imaging systems can rapidly analyze pathogen colony morphologies from
culture plates [198]. Predictive Al models that integrate genomic data with epidemiological
trends are also playing a pivotal role in forecasting contamination events. A prominent ex-
ample includes the Al model that predicted an E. coli outbreak in Canada in 2021, enabling
timely product recalls and reducing health risks [199]. The integration of WGS in these
systems allows for precise outbreak tracing, the identification of virulence genes, and moni-
toring antimicrobial resistance [200]. WGS has proven vital in tracking the transmission of
pathogens like Campylobacter in poultry and L. monocytogenes in processed meat products,
enhancing public health response measures [201]. For example, in 2019, metagenomics
helped to trace Campylobacter contamination in poultry in Germany, leading to stronger
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hygiene regulations [202]. Similarly, the 2022 outbreak of Listeria in Europe was traced to
processed meat, which resulted in targeted recalls and more strict safety measures [203].
Reinforcement learning algorithms relate the climate-driven patterns of humidity and
temperature to Listeria outbreaks in dairy products, allowing for recalls before the out-
break [204]. The surveillance framework is structured so that it will secure detection.
Entering the first stage, Al tracks Arcobacter in poultry zoonotic reservoirs via veterinary
surveillance paired with satellite imagery indicating hotspots of deforestation [176,205].
During mobility, smartphones are used to predict cross-border transmission risks like E.
coli contamination from exported beef [206]. Outbreak detection time has been cut down
from days to hours because of Al, and models like BlueDot have been able to alert with
about 85% correctness during the early days of the COVID-19 pandemic [207]. Al-based
pathogen detection models often face data imbalance because contaminated samples are
often far fewer than non-contaminated ones, which can bias the model towards the majority
class. Addressing this requires techniques like resampling, synthetic data augmentation,
or cost-sensitive learning to ensure reliable detection of low-prevalence pathogens. The
Al-bio-sensing framework, which applies the phage-lysis approach, achieves a 10 CFU/mL
result in 5 h [208-210]. Additionally, convolutional neural networks (CNN) based ResNet-
18 deep learning model integration into a microfluidic fluorescence digital platform has
enabled direct estimation of E. coli from fluorescence images, achieving 99% predictive
accuracy. This can have an ultra-low detection limit of 2 CFU/mL and a linear detection
range spanning 10 to 3 x 10 CFU/mL. When tested using the chicken matrices, the sys-
tem demonstrated high recovery efficiencies (96.4-104%) and bacterial capture rates up to
100%, highlighting the strong applicability of Al-assisted bio-sensing for meat pathogen
detection [211]. Moreover, for volatile organic compounds (VOCs) emitted from particular
species like L. monocytogenes, Salmonella, and E. coli from chicken samples, the detection
improvement was achieved by applying a paper chromogenic array sensor-machine learn-
ing (PCA-ML). When this was applied to real samples, the detection of Volatile organic
compounds (VOCs) was achieved with an accuracy of 90% while detected CFU was as
low as 1 log per gram of sample [212]. However, in another study, convolutional neural
networks (CNNs) combined with surface-enhanced Raman spectroscopy (SERS) biomark-
ers now achieve 99.99% classification accuracy and R? > 0.97 in quantitative prediction
across multiple bacterial metabolites, representing a major advancement beyond classical
calibration-based detection [18]. Similarly, coupling electrochemical impedance or gallium-
induced (Ga-In) hydrogel systems with multilayer perceptron (MLP) models enables E.
coli detection within 30 min with 97% predictive accuracy over wide concentration ranges
(102-10° CFU/mL) [159]. In addition to this, machine-learning-enhanced surface-enhanced
Raman scattering—based lateral flow assay SERS-LFA assays using XGBoost regression
(XGBR) further allow highly quantitative detection of E. coli 0157:H7 with an exceptional
limit of detection (LOD), i.e., 6.94 x 10! CFU/mL, and successful recovery at 10 CFU/mL
in milk and beef ranging from 0 to 14 h [213]. Moreover, deep learning models such as
Faster region-based convolutional neural networks (R-CNN) have also been utilized to
enumerate fluorescently labeled S. typhimurium, achieving detection down to 55 CFU/mL
in 2.5 h, while ML-assisted Raman volatile organic compounds (VOC) fingerprinting en-
ables accurate, real-time classification of E. coli, Salmonella, and Listeria signatures even
at 100x dilutions. Additionally, random forest classifiers integrated with cell-imprinted
electrochemical sensors to allow qualitative identification and semi-quantitative measure-
ment of E. coli, S. aureus, and V. parahaemolyticus across 10'-10° CFU/mL, offering low-cost
and field-ready diagnostics [214]. Many reported models are trained on controlled or
limited datasets that may not fully represent real-world variability across food matrices and
pathogen strains. In several studies, model performance is evaluated using internal cross-
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validation rather than independent external datasets, which can inflate predictive accuracy
and limit the assessment of model robustness across geographically diverse pathogen pop-
ulations. Larger and multi-source datasets are necessary to improve model generalization
and field applicability. Research incorporating ML tools alongside Raman spectroscopy
can detect seven pathogen genera: Escherichia, Listeria, Staphylococcus, Cronobacter, Vibrio,
Shigella, and Salmonella [211]. Two ML classification algorithms, K-PCA DT (K-Principal
Component Analysis Decision Tree) and PCA-SVM (Principal Component Analysis Sup-
port Vector Machine), were tested, which successfully classified and detected pathogens
with accuracies ranging from 87% to 96%, with K-PCA DT exhibiting superior discrim-
ination performance compared to PCA-SVM. Moreover, in the four-level classification
models of K-PCA DT, the prediction accuracy at the top level (92.2%) was higher than at
the genus (88.6%), species (88.3%), and serotype (88.4%) levels [108,210]. The classification
accuracy followed the order Escherichia > Listeria > Staphylococcus > Cronobacter > Vibrio
> Shigella > Salmonella, although it varied across different strains. It is also reported that
surface-enhanced Raman spectroscopy (SERS), when combined with a machine learning
(ML) tool, can identify methicillin-resistant Staphylococcus aureus (MRSA) bacteria. In SERS,
active surfaces are brought into proximity with molecules, enhancing scattered signal
intensity through the surface plasma effect. This study utilized 10 MRSA, three methicillin-
sensitive Staphylococcus aureus (MSSA), and 6 Legionella pneumophila isolates [215]. The
Raman spectra were analyzed using supervised ML algorithms, including SVM, K-nearest
neighbors (KNN), decision trees (DT), and naive Bayes, as well as unsupervised methods
such as principal component analysis (PCA) and hierarchical cluster analysis (HCA) [216].
Results indicated that the supervised KNN algorithm outperformed the others, achieving
97.8% accuracy compared to SVM (92.3%), DT (88.9%), and naive Bayes (82.8%). Addi-
tionally, PCA demonstrated superior classification performance over HCA [217]. Deep
learning classifiers often function as “black boxes”, making it difficult to interpret the type
of spectral features, genomics markers, or environmental factors that influence predic-
tion. Furthermore, incorporating explainable Al approaches can enhance transparency,
regulatory acceptance, and user trust.

Another study mapped and predicted the spatiotemporal patterns of salmonellosis in
Northwestern Italy, utilizing confirmed human cases from 2015 to 2018 (n = 1969) and
food surveillance data from January 2014 to December 2018 to train machine learning
(ML) models. The random forest and gradient boosting models achieved R-squared values
of 0.55 and 7.5% MAPE (mean absolute percentage error), respectively, while the tree
regression algorithm obtained R-squared and MAPE values of 0.42 and 8.8%, respectively.
Key factors enhancing model prediction capacity included Salmonella prevalence in food,
spatial characteristics, and monitoring of ready-to-eat dairy products, fruits, vegetables, and
pig meat, thereby reducing variants by 90.5%. In contrast, the number of positive samples
from specific food matrices had a negligible effect on predictions (2.9%) [218] (Figure 4).
Deep learning models have achieved pathogen classification accuracies exceeding 97%
for pathogens like Salmonella and E. coli [193,219]. Al-driven approaches, ranging from
deep learning classifiers and bio-sensing platforms to WGS-integrated surveillance systems,
have transformed the speed, accuracy, and resolution of food-borne pathogen detection
across the entire farm-to-fork continuum. These innovations demonstrate that Al can
predict outbreaks earlier, trace contamination events with high precision, and enable
ultra-sensitive, real-time detection of pathogens in complex food matrices, ultimately
strengthening public health response and food safety management. Despite these high
predictive accuracies, most Al-based outbreak models remain decision-support tools rather
than standalone diagnostic replacements, as their performance is highly dependent on
historical data distributions that may shift over time due to changes in processing practices,
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climate conditions, or pathogen evolution [220]. Such data drift can substantially degrade
model reliability in real-world deployment and necessitates continuous and consistent
external validation. In food safety monitoring systems, data drift may occur when microbial
populations evolve, processing conditions change, or sensor performance varies between
facilities, thereby altering the statistical distribution of the data relative to the original model
training environment. Moreover, many deep learning—based outbreak prediction systems
operate as black-box models, which limits their interpretability because they operate based
on genomic, environmental, or supply-chain variables for risk predictions [220]. This lack
of transparency remains a significant barrier to regulatory acceptance, particularly when

Al outputs conflict with conventional microbiological findings.
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Figure 4. Overview of the Al-enabled workflow for meat-borne pathogen detection. The figure
illustrates how meat samples, technological meat parameters, pathogen characteristics, and curated
pathogen databases are integrated to train machine-learning models for contamination detection. Al
models are developed through data collection, preprocessing, training, tuning, and validation, then
deployed into detection devices for real-time monitoring and continual performance updates.

6.2. Al-Integrated Biosensing and Electrochemical Systems

Al-integrated biosensing and electrochemical systems represent some of the most

rapid and sensitive pathogen-detection strategies currently emerging for meat safety as-
sessment. These platforms combine biological recognition elements (such as bacteriophage-
lysis sensors, immuno-biosensors, or impedance-based electrodes) with machine learning
(ML) algorithms that refine signal interpretation and significantly enhance analytical pre-
cision [221,222]. Al-biosensing frameworks typically detect pathogens such as Salmonella
and E. coli directly from meat juices within 4-5 h, achieving extremely low detection limits
near 10 CFU/mL, with model accuracies approaching ~99% after training. Their major
advantage lies in automated readouts and reduced operator bias, although they require pe-
riodic ML model recalibration to maintain performance [208]. Electrochemical Al-enhanced
sensors, in contrast, provide much faster detection, typically within 10-40 min, by inter-
preting changes in impedance or voltammetry signals from contaminated meat matrices.
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ML models such as ANN or SVM improve the signal-to-noise ratio and push detection
limits to 10-100 CFU/mL, with accuracies ranging between 92 and 97%, depending on fat
content or marbling, electrode type, and sample preparation quality [223]. Although these
are slightly less sensitive than biosensing systems, their field applicability, low cost, and
ability to process complex meat matrices in real time provide clear operational benefits.
However, electrode fouling in high-fat meat samples remains a key limitation. Microfluidic
Al-assisted biosensing platforms form the third pillar of this group. These systems integrate
chip-based bacterial capture technologies with ML-guided decision models, enabling detec-
tion from meat homogenates in 20-60 min and at sensitivity levels as low as 1-50 CFU/mL.
These devices outperform electrochemical sensors in raw sensitivity while maintaining a
considerably faster turnaround than classical biosensing frameworks [224]. Nevertheless,
issues such as chip clogging due to fat and protein particulates restrict their performance in
real-world slaughterhouse environments. Despite these challenges, Al-integrated biosens-
ing, microfluidics, and electrochemical sensors collectively demonstrate high detection
precision (92-99%), low sample-load thresholds, and improved robustness compared with
traditional analytical methods, positioning them as highly promising front-line tools for
rapid meat-borne pathogen monitoring [225].

Al-integrated biosensing platforms represent one of the most transformative advance-
ments in rapid pathogen detection, especially when combined with imaging, microfluidics,
phage-based assays, and smartphone-enabled analytics. A notable development is the
computational live-bacteria detection system incorporating time-lapse coherent imaging
and deep learning (DL) for ultra-fast microbial growth analysis. This system detects and
classifies E. coli, K. aerogenes, and K. pneumoniae with 90% detection accuracy and 80% classi-
fication accuracy, while reducing total detection time by >12 h compared to EPA-approved
gold-standard methods. Importantly, it reaches an exceptional limit of detection (LOD)
of 1 CFU/L within 9 h, making it significantly more sensitive than most conventional
plate-based assays. Its low-cost design enables integration with agar plates and other
standard bacterial testing workflows. For example, smartphone-enabled paper microflu-
idic assays coupled with supervised machine learning (SVM) achieved 93.3% accuracy in
bacterial species classification. In this system, peptide-conjugated particles interact with
bacterial suspensions, and the resulting flow-velocity fingerprints are interpreted by ML
models to differentiate species, demonstrating an accessible, portable screening tool with
high diagnostic 4’ power (power probe 4) [221]. Another promising advancement is an
Al-driven biosensing framework using bacteriophage-bacteria interaction signatures ana-
lyzed through DL to detect pathogens in agricultural water and liquid food matrices. This
system produces quantitative predictions within 5.5 h and demonstrates 80-100% accuracy
when tested on real-world water samples containing diverse background contaminants.
By automating microscopic pattern interpretation and eliminating the need for extensive
human expertise, this platform significantly reduces labor, operational complexity, and
turnaround time in environmental and food-safety monitoring [226]. Collectively, these
Al-integrated biosensing and electrochemical approaches provide high sensitivity (down to
single-cell LOD), rapid detection (<1-6 h in many systems), and strong model performance
(>90% accuracy), substantially outperforming conventional culture-based and biochemical
methods. Additionally, most reported performance metrics are obtained using artificially
inoculated samples under controlled conditions, whereas naturally contaminated meat
contains heterogeneous microbiota, debris, and physicochemical variability that can sig-
nificantly impair sensor performance and model robustness. However, the translation of
these biosensing platforms from laboratory settings to industrial meat processing environ-
ments remains limited. High fat and protein content in meat matrices frequently causes
electrode fouling, signal instability, and microfluidic channel clogging, leading to reduced
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reproducibility and increased maintenance requirements compared with culture-based
assays [227,228].

6.3. AI-VOC/E-Nose Technologies

Artificial intelligence-enhanced electronic-nose (E-nose) systems are emerging as
powerful tools for the rapid, non-invasive detection of microbial contamination in food
products. These platforms analyze volatile organic compound (VOC) signatures released
by bacteria during growth and employ machine learning models to interpret complex
odor profiles with high precision [229]. By integrating gas-sensor arrays, chemometric
features, and Al-driven pattern-recognition algorithms, Al-E-nose technologies enable
early identification of spoilage and pathogenic bacteria, offering faster, cost-effective, and
field-deployable alternatives to traditional microbiological assays. To detect volatile organic
compounds (VOCs) emitted by foodborne pathogens, Yang et al. created a paper-based
chromogenic array impregnated with 23 dyes. The resulting complicated colorimetric
patterns were processed with 91-95% accuracy using a multilayer neural network to iden-
tify E. coli, L. monocytogenes, and S. aureus in fresh-cut lettuce that had been subjected to
temperature abuse. Without the need for enrichment or incubation, a deep feed-forward
neural network in conjunction with a paper-based colorimetric array also made it possi-
ble to detect pathogen-specific volatile organic compounds (VOCs) in shredded cheddar
cheese, attaining 85-92% accuracy at 3-5 log CFU/g and 72-96% at 1 log CFU/g within
24 h. Similarly, L. monocytogenes, S. enterica, and E. coli O157:H7 were detected in ground
chicken using chromogenic dye interactions with volatile organic compounds (VOCs). The
system maintained greater than 80% accuracy within 24 h at 4 °C and more than 90% accu-
racy at contamination levels as low as 1 log CFU/g within 5-7 h at 25 °C [230]. Similarly,
Cui et al. improved the field by developing an Al-assisted smartphone-based colorimet-
ric biosensor that targets hyaluronidase, an enzyme released during bacterial infection.
The system used a hydrogel-based bioreactor and signal generator, where color changes
caused by enzyme-mediated degradation were examined using a YOLOVS algorithm on a
smartphone interface. This platform effectively differentiates between Gram-positive and
Gram-negative bacteria, as well as between live and dead cells, with an ultra-low detection
limit of 10 CFU/mL in 60 min. This system performance was validated in blueberries,
where antimicrobial susceptibility testing and clinical specimens were also used, yielding
100% sensitivity and specificity values [231]. With >80-100% accuracy across a variety of
food matrices and contamination levels, Al-enhanced VOC/E-nose technologies show great
promise for quick, non-invasive foodborne pathogen identification without the need for
enrichment or complicated laboratory procedures. Although Al-enhanced VOC and E-nose
systems demonstrate strong classification performance, their broader industrial adoption is
constrained by sensor drift, batch-to-batch variability, and limited odor reference libraries.
These factors can cause progressive degradation in model accuracy over time, requiring
frequent recalibrations in continuous processing environments [228]. Furthermore, VOC
profiles are strongly influenced by storage conditions, packaging materials, background
spoilage flora, and environmental humidity, which complicates model generalization across
facilities and limits the reliability of these systems as confirmatory diagnostic tools.

6.4. Al-Vision, Imaging, and Spectroscopy Methods

One of the most effective methods for quickly and non-destructively identifying
foodborne pathogens in meat and poultry systems is artificial intelligence-driven visual
analytics. These technologies offer high-resolution spatial and spectral mapping of micro-
bial contamination by combining computer vision, deep learning, hyperspectral imaging
(HSI), and infrared (IR) sensing that is not possible with classic microbiological plating
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techniques [232]. Because of this characteristic, CNNs are better at extracting spatial char-
acteristics from photos related to food than conventional fully connected neural networks
(FCNNSs). However, while processing the food photos, the convolution operation of CNNs
enables the networks to detect local characteristics in a translation-invariant manner, re-
gardless of where they occur in the image. This is crucial because contaminants or flaws can
appear in any region of the image. Convolutional neural networks (CNNs) in particular are
capable of autonomously classifying bacterial colonies, identifying contamination patterns,
and deciphering complex spectral signatures with accuracy levels over 95% [233,234]. The
potential of hyperspectral imaging integration with Al is evident from numerous studies
owing to its sensitivity and non-destructive food safety monitoring. For instance, using a
dataset of 210 uncontaminated and 210 contaminated images, a short-wave infrared HSI sys-
tem in conjunction with 1D-CNN, PLS-DA, and SVM successfully identified contamination
status and pathogen types in mutton, achieving 92.86% accuracy on the test set and 97.62%
accuracy on an external validation set [235]. With remarkable robustness, a different deep
CNN-based electromechanical platform with a time-of-flight sensor identified nine distinct
packaging contaminants in 2700 RGB photos with 99.74% accuracy [236]. Moreover, real-
time foreign contamination identification was reported by using hyperspectral cameras and
CNN models with 94% accuracy across 210 tray photos, encompassing both contaminated
and normal samples, in package integrity studies [42]. Furthermore, Clostridium and Bacil-
lus cereus spores were detected and quantified using 4250 hyperspectral pictures at different
concentrations utilizing HIS in conjunction with 1D-CNN and Random Forest algorithms,
yielding 90-94% accuracy. When taken as a whole, these results demonstrate the robust
diagnostic capabilities, dependability, and flexibility of HSI-AI platforms for various food
contamination situations [236]. In one study, spectral images from 100 samples were used
to evaluate the fat content of salmon filets using near-infrared hyperspectral imaging (NIR-
HSI) combined with a Residual Attention Convolutional Neural Network (RACNN). In a
controlled laboratory setting, the optimized predictive model demonstrated good predictive
capabilities with a performance coefficient of determination (RZp = 0.90). Similarly, based
on spectral datasets of 252 samples, linoleic acid concentration in red meat was measured
using hyperspectral imaging in conjunction with a CNN-Bi-LSTM (Convolutional Neural
Network-Bidirectional Long Short-Term Memory) hybrid model [237]. Nonetheless, the
remarkable R%, = 0.91 reported by this dual-stage model demonstrates its ability to capture
nonlinear spectral-chemical connections. When taken as a whole, current research shows
Al-enhanced hyperspectral systems are becoming reliable for non-destructive biochemical
evaluation of animal products. Hence, future research must concentrate on enhancing
real-world transferability, lowering model complexity, and validating these systems under
various industrial circumstances, even in spite of their strong laboratory performance.
Furthermore, harnessing Al with optical imaging offers a promising tool to detect and
classify microbial load in diverse food matrices, as this approach can detect an array of
pathogenic bacterial species. However, antimicrobial resistance profiling and data mining
for bacterial strains by applying ML in various chicken farms and slaughterhouses offer
excellent surveillance for healthy livestock production [163] (Figure 4, Table 3). Despite the
consistently high accuracies reported for Al-driven imaging and hyperspectral systems,
most models are trained on relatively small, curated datasets that may not capture the full
variability of industrial meat processing conditions, including lighting fluctuations, surface
heterogeneity, and cross-contamination patterns. As a result, model transferability between
laboratories, slaughterhouses, and geographic regions remains a critical challenge, and
extensive site-specific calibration is often required [228,238]. These constraints have limited
the replacement of traditional culture-based methods, which, although slower, yet provide
standardized, legally defensible results across diverse operational settings.
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The Al-based detection systems also improve the health outcomes of the population
due to the possibility of monitoring the population and giving early warnings. Using
the combination of genomic, environmental, and epidemiological data, Al models will be
able to detect the new contamination patterns and predict the possible outbreaks prior to
their occurrence. This initiative-taking measure enables the regulatory bodies and other
stakeholders in the food industry to take preventive measures, which will decrease the
chances of the prevalent diseases. The success of these systems, however, requires the
presence of high-quality and representative datasets and solid validation plans, which
continue to be major obstacles to their extensive use in practical health settings.

6.5. Methodological Considerations in Al-Based Pathogen Detection

Although Al-based pathogen detection systems showed high output, many method-
ological factors that are extremely critical in determining their reliability and generaliz-
ability are involved [239]. Supervised algorithms like support vector machines (SVM),
random forests (RF), k-nearest neighbors (KNN), and gradient boosting, and deep learning
models like convolutional neural networks (CNNs), ResNet variants, and recurrent neural
networks (RNNs) are commonly applied machine learning models in spatiotemporal pre-
diction [240-243]. Normalization, noise filtering, dimensionality reduction (e.g., principal
component analysis, PCA), and feature extraction of spectral, genomic, or imaging data are
common data preprocessing steps [244-246]. Moreover, preprocessing, including baseline
correction, smoothing, and wavelength selection, is a crucial step in hyperspectral and
Raman-based studies to enhance signal quality and model strength [247]. The strategy of
validation of models in numerous studies often uses k-fold cross-validation, train-test splits,
and rarely independent external validation datasets [247,248]. The sparse application of
external validation is a significant weakness, with internal validation being the sole method
that can overestimate the model performance [249]. Also, the issue of class imbalances
can be resolved with the help of resampling methods like SMOTE (synthetic minority
over-sampling technique) or cost-sensitive learning methods to enhance the detection of
low-prevalence pathogens.

On the deployment side, there are a number of challenges, such as model drift be-
cause of changing microbial populations, food matrix variability, sensor variability, and
regulatory frameworks that are not yet standardized to apply Al-based diagnostics [250].
Moreover, a lot of models need regular retraining and calibration to be able to perform in
various environmental and industrial conditions. These methodological and translational
challenges need to be addressed to successfully incorporate Al into the normal food safety
monitoring mechanisms.

6.6. Overall Assessment of Al-Based Detection Systems

Even though artificial intelligence has become a formidable solution in the process of
detecting pathogens, its real-world applications in meat safety systems are in a translational
stage [251]. Most of the studies indicate high classification accuracies, such as above
95% in many cases, especially in scenarios like serovar determination of Salmonella, but
these findings are often achieved by using small databases that are produced in controlled
laboratory settings [252]. These conditions are not sufficient owing to variability in a
real-world meat processing environment, such as sample composition, contamination, and
environmental noise variability [253]. The main limitation of the existing Al-based systems
is overfitting, when the model is effective on the training data but cannot handle unseen
datasets [254]. Moreover, imbalance in datasets and unverified external validation are other
elements that undermine the reliability of reported performance metrics [255].
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Another important limitation of Al-based detection systems is the issue of dataset bias.
This problem arises due to the usage of non-diverse datasets in several research studies. For
instance, imaging datasets might have been collected using a consistent light source and in
controlled lab settings, whereas genomic datasets could be biased towards certain strains
or geographical locations. The issue of dataset bias results in a reduced generalizability
capacity of the developed Al models in real-world meat processing facilities with high
variability in temperatures and contamination rates. Furthermore, the domain shift, which
refers to the distinction between training samples and real-world samples, is one of the
major obstacles faced by artificial intelligence technology. Nonetheless, differences in
sample quality, background noise, sensor tuning, and processing environment could result
in poor performance. In an industrial setting, there are more complications such as data
diversity, scarce data labeling, and incorporation with food safety protocols.

In a methodological sense, convolutional neural networks (CNNs) are most often
utilized in imaging and hyperspectral analysis because they are capable of identifying
both spatial and spectral features, whereas machine learning models like Random Forest
and Support Vector Machines are often used in genomic and biosensor data analysis
because they are less sensitive to structured data. Nevertheless, data availability usually
influences the choice of models but not biological relevance, as it demonstrates a disparity
between computational optimization and practical applicability. Moreover, most of the
research highlights accuracy as the major measure of evolution, whereas it overlooks critical
performance measures like sensitivity, specificity, precision, recall, and model calibrations.
These restrain the interpretability and regularity acceptability of Al-based systems to be
used in food safety. Thus, in future studies, emphasis should be placed on solutions to
make sure that such systems can be reliably used in industrial meat processing and in
community health surveillance.

https://doi.org/10.3390/diagnostics16091360


https://doi.org/10.3390/diagnostics16091360

Diagnostics 2026, 16, 1360

29 of 44

Table 3. Al-enabled detection approaches for meat-borne bacterial pathogens. The table compares major Al-assisted methods used in meat safety diagnostics,

outlining their detection principles, performance metrics, on-site applicability, limitations, and added benefits over traditional techniques.

Category/ . ipe s . . .
Detection Principle/ Detection Time Sen31t1.v1ty/. . Accu}* ?c.y/ Cost/Test ($) Fleld{On-.S.lte Ma] or AI-Ad.ded References
Approach Example (Meat Context) Detection Limit ~ Specificity Applicability Limitations Benefit
Phage-lysis or .
Al-Biosensin immuno-biosensors + ML Requires ML i_(lelr;gs}ilfil\r/it .
Framework & signal analysis for 4-5h 10 CFU/mL ~99% $2-10 Yes model tom t}:i, [208]
AMEWOrss Salmonella/E. coli in calibration ?;agotft ¢
meat juices
Al-Vision & gji\ligllismfﬁgiorﬁza t Needs large Rapid
Deep Learning norp sy 1-3h <10 CFU/mL 97-99% $1-5 Fully automated annotated p . [256]
- rinse plates or auto-detection
Detection . datasets
hyperspectral images
Al + ?{il;g;irgégé spectra for Spectral overlap; Improves
Spectroscopy Listeria and E a})jli <lh 10° CFU/mL 94-98% $5-20 Yes retraining spectral [257]
(ML-SERS) . ' needed discrimination
in raw meat
.. Deep learning pre(?hcts 85-95% Data bias; Early
Al Predictive &  Salmonella growth in . - . . -
. Minutes-hours NA predictive $0.1-1 Yes integration contamination [258]
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temperature & handling y & P
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. . . R~ =0.55; Hard to detect High-risk area
Spatlo.temporal Pouse / processing Real-time NA MAPE = 7.5% $0.5-2 Yes hidden clusters  identification [259]
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ML improves Ct analysis
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Al-Enhanced for E. coli O157:H7, . 1-10 o . Needs DNA .
qPCR/RT-gPCR  Listeria, and Campylobacter 30-90 min copies/reaction >99% $20-60 Limited extraction post- . [260]
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Lab-on-Chip prure 20-60 min 1-50 CFU/mL  95-99% $10-40 Yes PCOBSING  pathogen [261]
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Detection separation
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Table 3. Cont.
Category/ A e . . .
. Principle/ . . Sensitivity/ Accuracy/ Field/On-Site Major Al-Added
xample (Meat Context etection Limit ecificit icabilit imitations enefit
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ose for Meat contaminated wit —20 min —96% — es not contamination
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Read pathogens from meat abundance sequencing .
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6.7. Pathogen Detection Technology in the Meat Industry

Pathogen detection technology in the meat industry will depend not only on ac-
curacy and reliability but also on feasibility within industrial settings [263]. The key
aspects that determine the feasibility of technology include scalability, cost-effectiveness,
difficulty in performing, skill requirements of the personnel involved, and adherence to
regulatory standards [264].

Traditional culture methods provide an effective, accurate approach to detecting
pathogens; however, they can take too long due to their manual nature and may be
unsuitable for high-volume applications [265,266]. However, PCR and other molecular
methods provide extremely sensitive and specific detection of bacteria. Nevertheless,
such approaches require specialized laboratory equipment and specially trained personnel.
This might prove problematic for small and medium enterprises in the meat-processing
industry [267,268]. Isothermal amplification techniques represent a viable approach in
this respect because they are less dependent on equipment, and the processing time is
shorter than other approaches, thus better suited to field applications [269]. The biosen-
sor approach has its advantages, such as high portability, fast detection speed, and the
possibility of continuous measurement. The biosensors have much promise as part of the
production line, but there are problems with sensor reliability and calibration that need
to be resolved first [270]. Detection technologies using integrated artificial intelligence
add yet another level of scalability through automated data analytics, high-throughput
screening, and surveillance capabilities [271]. Nevertheless, such solutions require so-
phisticated data infrastructure, computing power, and validated algorithms that are not
yet available in industrial environments [272]. Speaking of regulation, current practices
involving conventional and PCR approaches have proved to be dependable because of
standardization and performance confirmation [273]. New detection technologies based
on biosensors and Al solutions still lack validation and face difficulties getting regulatory
approval due to this reason [274]. In summary, the applicability of technologies in detecting
pathogens is determined by both technological performance and business-related aspects.
Approaches combining high-speed screening and verification tests are expected to yield
more feasible results.

7. Future Directions: Regulatory, Cost, Training, Ethical, and Data
Privacy Challenges

Future advancement in meat-borne pathogen detection depends not only on new
diagnostic technologies but also on their ability to address the interconnected regulatory,
economic, technical, ethical, and data-governance challenges that currently limit their
widespread application. Based on the current review, readers can equip themselves with
a number of tools, techniques, comparative applications, and future goals. Although ar-
tificial intelligence integration with biosensors, nanomaterial-based assays, CRISPR-Cas
platforms, whole-genome sequencing, metagenomics, and advanced imaging has greatly
improved detection speed, sensitivity, and on-site feasibility, the performance of these
systems remains constrained by the quality and consistency of the underlying datasets.
Many public genomic resources still suffer from incomplete metadata, inconsistent annota-
tion standards, and substantial geographic bias, with isolates from high-income regions
dominating global repositories. As a result, Al models trained on these imbalanced datasets
may misclassify or underperform when confronted with emerging pathogens that circulate
primarily in low- and middle-income countries, creating inequities in detection accuracy
and outbreak response. Hence, modern tools, applications, and futuristic innovations
demand a comprehensive framework to avoid the above-stated challenges. The economic
realities of deploying advanced molecular diagnostics further widen the gap between large
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and small processors, since the costs associated with sequencing platforms, microfluidic
devices, biosensor fabrication, computational infrastructure, and continuous personnel
training remain out of reach for many facilities. At the same time, modern laboratories
require cross-disciplinary expertise that is still scarce, as effective interpretation of WGS
outputs, AMR gene profiles, and machine-learning predictions demands strong bioinfor-
matics competencies alongside traditional microbiological skills. Ethical and biosecurity
considerations are needed for high-resolution genomic surveillance, supply-chain vulnera-
bilities, unrestricted sharing of pathogen genomes, and metadata-related concerns about
privacy, commercial confidentiality, and potential misuse. Hence, to translate technological
advances into routine practice, coordinated global efforts are needed to improve data
standardization, develop interpretable and bias-aware Al models, create affordable and
scalable diagnostic platforms, expand cross-disciplinary training programs, and establish
secure, ethically grounded frameworks. Only such an integrated, futuristic outlook can
produce next-generation detection systems that will be mature, reliable, equitable, and
globally coordinated.

8. Conclusions

Urbanization and industrialization have provided us with many conveniences, but the
careless use of resources has led to various diseases and environmental problems. Previ-
ously, numerous studies have indicated meat-borne pathogen detection methods, but data
regarding meat matrices, pathogen types, Al models, and the link between conventional
and modern methods is scarce. Current review offers a number of options and decision
supports instead of confining to a single tool or technique. Conclusively, the application of
Al-based tools for microbial detection in abattoirs, meat processing plants, transportation,
and storage facilities demands prospective validation, regulatory acceptance, and bench-
marking, requiring full deployment or readiness. Among these, foodborne pathogens in
meat are particularly concerning for the large population that consumes meat. Traditional
and modern techniques for detecting bacterial pathogens have significantly controlled
these threats. While many bacterial groups are known to cause foodborne illnesses, i.e.,
Salmonella, Listeria, E. coli, and Shigella, are among the most significant contributors to the
global burden of disease (GBD). Numerous countries have analyzed raw and processed
meat samples and identified microbes that cause food poisoning, produce bacteriotox-
ins, and lead to infections. Although various control strategies are employed to combat
foodborne illnesses, bioinformatics and genomics have proven especially valuable for iden-
tifying microbial drug resistance, exploring phylogenetic relationships, and understanding
the pathways by which these pathogens contaminate the food, particularly animal-origin
products. Currently, as scientists are discovering new microbial strains and subtypes every
day, a systematic approach is required. This not only integrates online databases with
laboratory tools but also facilitates faster progress, streamlining workflows, and accelerates
the discovery of solutions for foodborne illnesses. In conclusion, the current review high-
lights the significance of novel detection methods and tools for the timely diagnosis of food
contamination by various bacterial strains, as conventional methods are labor-intensive
and time-consuming.
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