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modeling of pathogen behavior (e.g., Listeria monocytogenes,
Salmonella spp., Escherichia coli O157:H7), and immutable
traceability. We analyze three core layers: (1) data acquisition via loT
biosensors, (2) Al-driven predictive microbiology and anomaly
detection, and (3) blockchain for data integrity and recall management.
Key findings indicate that while pilot projects demonstrate a 40—60%
reduction in recall response times, significant barriers remain in data
interoperability, sensor biofouling, and computational costs. We
conclude by proposing a four-stage maturity model for DT adoption in
food supply chains and outline critical research gaps for microbial risk
assessment.
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Introduction
Foodborne bacterial pathogens remain a major global public health burden, causing approximately 600

million illnesses and 420,000 deaths annually worldwide (WHO, 2025). Despite significant advances in
Hazard Analysis and Critical Control Points (HACCP) and international standards such as ISO 22000,
contemporary food safety management systems (FSMS) are fundamentally reactive. High-profile
outbreaks—Salmonella in peanut butter (2022), Listeria monocytogenes in dairy products (2024),
and Escherichia coli O157:H7 in leafy greens (2025)—highlight persistent gaps including delayed
detection, fragmented data silos, inefficient recall execution, and limited predictive capability (CDC, 2025;
EFSA, 2026). The digital twin (DT) concept—a virtual replica that mirrors a physical system in real-time,
updated continuously from sensor data and augmented with simulation models—has transformed
manufacturing, healthcare, and logistics (Tao et al., 2022). However, its application to food safety remains
nascent. A DT-centered FSMS integrates three pillars: (i) loT sensors for continuous physicochemical and
microbiological monitoring, (ii) Al/machine learning models to predict bacterial growth and inactivation

under dynamic conditions, and (iii) blockchain to secure immutable traceability and enable automated recall
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execution. This review aims to answer three research questions: (1) What architectures enable DT
integration for bacterial pathogen control along the food supply chain? (2) Which Al models provide
accurate, generalizable predictions of pathogen dynamics in real-world food environments? (3) What are

the validated benefits, technical barriers, and implementation costs of DT-centered FSMS?

Methodology

This systematic review followed the PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) 2020 guidelines (Page et al., 2021). A comprehensive literature search was conducted in
Scopus, Web of Science, PubMed, and IEEE Xplore covering January 2018 to April 2026. The search
strategy combined keywords from three domains: ("digital twin" OR "cyber-physical system") AND ("food
safety" OR "pathogen control" OR "predictive microbiology") AND ("IoT" OR "AI" OR "machine
learning" OR "blockchain"). Inclusion criteria were: (i) peer-reviewed original research or reviews, (ii) case
studies or simulations of DT in food systems, (iii) explicit focus on bacterial pathogens
(Listeria, Salmonella, E. coli, Campylobacter). After duplicate removal, 847 records were screened, and 62
primary studies were included for final synthesis.

Core Architecture of DT-Centered FSMS

Based on the reviewed literature, a DT-centered FSMS comprises three interconnected layers. The first
layer is the physical food system and IoT sensing, which includes food products, processing equipment,
storage environments, and logistics networks. [oT sensors are deployed at critical control points and along
cold chains, including physicochemical sensors for temperature, relative humidity, pH, water activity
(a<sub>w</sub>), and gas composition (O2, CO2, NH:), as well as emerging biosensors such as
electrochemical impedance sensors, surface plasmon resonance, and CRISPR-Cas-based nucleic acid
detectors capable of species-specific pathogen identification within 30—60 minutes (Wang et al., 2025), and
hyperspectral and Raman imaging for non-destructive surface pathogen detection on fresh produce and
meat (Liu et al., 2024). Data granularity ranges from batch-level (pallets) to item-level (individual
packages), and real-time data streams are transmitted via wireless protocols (Wi-Fi, LoORaWAN, 5G) to
edge or cloud platforms. The second layer is the digital twin and Al models, where the DT ingests loT data,
aligns them with a semantic model of the food product and process, and runs Al models to simulate bacterial
behavior. Core functions include state estimation (current microbial load), forward prediction (future
pathogen concentration), and what-if simulation (testing alternative control actions). The third layer is
blockchain for traceability and recall automation, which provides a decentralized, immutable ledger of food
safety events. Smart contracts—self-executing code stored on the blockchain—monitor DT outputs
continuously, and if a predicted pathogen concentration exceeds a threshold, the smart contract

autonomously quarantines affected batches, notifies downstream partners, and initiates consumer alerts.
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Table 1 summarizes representative DT pilot projects across different food categories from 2023 to 2026,
including poultry with Campylobacter jejuni using LSTM and Hyperledger Fabric achieving 51% recall
delay reduction, raw milk cheese with L. monocytogenes using random forest and PINN on private
Ethereum for real-time growth alerts, bagged salad with E. coli O157:H7 using CNN and autoencoder
achieving 89% detection accuracy, cooked ham with L. monocytogenes using physics-informed neural
network on Hyperledger Sawtooth achieving 32% better RMSE, and frozen vegetables

with Salmonella spp. using gradient boosting on Corda for automated quarantine.

Bacterial Biofilms on Food-Contact Surfaces: From Resistance Mechanisms to Simulation

in Digital Twin Environments

Biofilms represent one of the most persistent and economically significant challenges in food
safety management, serving as continuous reservoirs for bacterial pathogens including Listeria
monocytogenes, Salmonella spp., Escherichia coli O157:H7, and Campylobacter spp., which
compromise product quality and public health(Elbehiry & Alajaji, 2026; Hamilton et al., 2025).
These structured communities of microorganisms are encased within a self-produced extracellular
polymeric substance (EPS) matrix and frequently develop on stainless steel, plastic, and rubber
surfaces in food-processing environments due to constant exposure to nutrients, moisture, and
suboptimal cleaning practices(Elbehiry & Alajaji, 2026; Pang et al., 2023). The formation of
biofilms follows a highly regulated multi-step developmental process: initial reversible attachment
of planktonic cells to surfaces, followed by irreversible adhesion mediated by adhesins and pili,
subsequent microcolony formation and EPS production, maturation into three-dimensional
structures with intricate water channels that facilitate nutrient exchange, and finally dispersion of
cells to colonize new surfaces(Alves et al., 2024; Elbehiry & Alajaji, 2026). Quorum sensing
(QS)—the cell-to-cell communication mechanism through which bacteria regulate gene
expression in response to population density—plays a pivotal role in coordinating biofilm
maturation, virulence factor expression, and the production of EPS that reinforces the structural
integrity of the biofilm matrix(Elbehiry & Alajaji, 2026). The EPS matrix, composed of
polysaccharides, proteins, nucleic acids, and lipids, not only provides mechanical stability but also
acts as a diffusion barrier that limits the penetration of sanitizers and antimicrobial agents,
contributing significantly to the up to 1000-fold increased resistance observed in biofilm-
associated pathogens compared to their planktonic counterparts(Alves et al., 2024; Hamilton et al.,

2025). Importantly, biofilm formation in food processing environments is rarely a single-species
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phenomenon; rather, multispecies biofilms consisting of pathogens, spoilage organisms, and
commensal bacteria such as Pseudomonas and Acinetobacter are the norm, with complex
interspecies interactions—including synergism, competition, and cross-protection—further
complicating control efforts(Ban-Cucerzan et al., 2025; Elbehiry & Alajaji, 2026). The
physicochemical properties of food-contact surfaces significantly influence bacterial adhesion and
subsequent biofilm formation, with surface roughness, hydrophobicity, charge, and material
composition collectively determining the initial attachment efficiency of pathogens(Elbehiry &
Alajaji, 2026; Pang et al., 2023). Stainless steel—the most widely used food-contact material—
provides adequate surface for biofilm formation, particularly at microscopic scratches and crevices
where cleaning and sanitation agents have limited access, while the presence of conditioning films
consisting of water lamina, fats, and proteins from food residues further promotes microbial
adhesion by modifying surface properties(Pang et al., 2023). Recognizing these limitations, recent
advances in anti-biofilm surface engineering—including nano-textured surfaces that physically
disrupt bacterial adhesion, contact-active materials that release antimicrobial agents upon bacterial
contact, and responsive materials that change surface properties in response to environmental
triggers—have emerged as promising preventive strategies(Elbehiry & Alajaji, 2026). Elbehiry
and Alajaji emphasized that these surface engineering approaches, when integrated with real-time
monitoring and predictive analytics within digital frameworks, represent a shift from broad,
reactive control toward targeted, data-driven intervention strategies(Elbehiry & Alajaji, 2026).
Within the context of digital twin (DT)-centered food safety management systems, biofilms
present a dual challenge: they compromise the reliability of IoT biosensors through biofouling,
while simultaneously representing a critical variable that must be modeled and predicted to achieve
truly proactive food safety control(Abdurrahman & Ferrari, 2025; Dawan et al., 2025).
Electrochemical biosensors deployed for real-time pathogen detection are highly susceptible to
biofouling—the non-specific adsorption of biological materials, including bacterial cells, EPS,
proteins, and lipids, onto sensor surfaces—which progressively degrades sensor sensitivity,
selectivity, and response time, leading to compromised data streams that feed into the
DT(Abdurrahman & Ferrari, 2025). Abdurrahman and Ferrari emphasized that addressing sensor
reliability and data quality remains a foundational prerequisite for successful DT adoption in the
food industry, noting that current pilot projects have not yet achieved continuous, long-term (7—

14 days) in-package monitoring without frequent recalibration(Abdurrahman & Ferrari, 2025).

112



International Journal of New Findings in Health and Educational Sciences (IJHES), 4(1): 108-123, 2026

The integration of biofilm dynamics into DT frameworks represents a transformative frontier for
predictive food safety management, as DT simulations can model the spatial and temporal
development of biofilms on food-contact surfaces by incorporating multiple interacting
parameters, including surface material properties, fluid dynamics, temperature profiles, nutrient
availability, and sanitation schedules(Abdurrahman & Ferrari, 2025; Dawan et al., 2025).
Abdurrahman and Ferrari described how a twin for biofilm control integrates hydrodynamics,
energy use, cleaning schedules, and microbial growth models, using reinforcement learning to
search large intervention spaces for optimal sanitation strategies(Abdurrahman & Ferrari, 2025).
By simulating cleaning-in-place (CIP) cycles, DTs can optimize the timing, duration, temperature,
and chemical concentration of sanitation procedures to maximize biofilm removal while
minimizing water and energy consumption(Abdurrahman & Ferrari, 2025; Dawan et al., 2025).
However, significant knowledge gaps remain, including the need for realistic testing of these
integrated systems in complex processing environments, long-term validation studies, and the
development of standardized protocols for DT-based decision-making in biofilm
management(Abdurrahman & Ferrari, 2025; Elbehiry & Alajaji, 2026). Future DT models should
incorporate biofilm-specific sub-models that predict not only pathogen growth but also the spatial
distribution, resilience, and interspecies dynamics of biofilms, enabling proactive rather than
reactive sanitation management, ultimately enhancing food safety and reducing the economic

burden of biofilm-associated contamination(Dawan et al., 2025; Elbehiry & Alajaji, 2026).

Al and Predictive Microbiology for Pathogen Control

Traditional microbial models (e.g., Baranyi, Gompertz) are static and laboratory-bound, but Al-enhanced
digital twins overcome this limitation through several approaches. Hybrid models using physics-informed
neural networks (PINNs) embed the governing differential equations of microbial growth into the neural
network's loss function. For a bacterial population density N(t), the Baranyi equation is dN/dt =
u<sub>max</sub>a(t)-N(t), where u<sub>max</sub> depends on temperature, pH, and a<sub>w</sub>.
PINNs simultaneously learn from sparse loT measurements and satisfy differential equation constraints,
and in the cooked ham study by Chen et al. (2025), a PINN reduced prediction RMSE by 32% compared
to the Baranyi model alone. Anomaly detection for early outbreak warnings uses unsupervised models such
as autoencoders, isolation forests, and one-class support vector machines trained on historical "normal"
data; during real-time operation, high reconstruction error indicates deviation from normal behavior, and in
the bagged salad pilot (Rodriguez & Park, 2026), this method detected cooling failure 18 hours before

conventional end-point ATP swabbing. Transfer learning across food matrices involves pretraining a model
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on a data-rich food category and fine-tuning on a novel category. Li et al. (2025) pretrained a growth model

on 10,000+ curves from dairy products, and fine-tuning with only 300 curves from seafood achieved 85%

of the accuracy of a seafood-specific model requiring 2,000 curves, reducing data collection efforts by 70%.

Tablel: AI Approaches in Predictive Microbiology for Pathogen Control

Approach | Description Advantages Case Study
(Reference)
Hybrid Physics-Informed Neural Networks embed | Reduced prediction | Chen et al. (2025):
Models governing differential equations of microbial | error (RMSE), | 32% RMSE
(PINN) growth into the neural network's loss function, | adaptation to | reduction
simultaneously learning from sparse [oT data | dynamic conditions, | compared to
while satisfying equation constraints (Baranyi | effective with | Baranyi ~ model
equation: dN/dt = | limited data alone in cooked
p<sub>max</sub>-a(t)-N(t), where ham
p<sub>max</sub> depends on temperature,
pH, and a<sub>w</sub>)
Anomaly | Unsupervised models including autoencoders, | Early outbreak | Rodriguez & Park
Detection | isolation forests, and one-class support vector | warning, no need for | (2026): Detected
machines trained on historical "normal" data; | labeled data, | cooling failure 18
high reconstruction error indicates deviation | detection of hidden | hours before
from normal behavior during real-time | failures conventional ATP
operation swabbing in
bagged salad
Transfer Pretraining a model on a data-rich food | 70% reduction in | Li et al. (2025):
Learning | category followed by fine-tuning on a novel | data requirements, | Achieved  85%
category with limited data generalizability accuracy of

across different food
matrices, time and

cost efficiency

seafood-specific

model using only

300 curves (vs.
2,000 curves
required)
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The Viable but Non-Culturable (VBNC) State and Sublethally Injured Cells: A Critical Blind Spot
in Predictive Modeling for Digital Twins

A significant yet frequently overlooked limitation of current predictive microbiology models integrated into
digital twin (DT) platforms is their inherent failure to accommodate the viable but non-culturable (VBNC)
state and sublethally injured (SLI) cells, an oversight that can result in a systematic overestimation of
microbial inactivation efficacy and subsequent underestimation of food safety risks(Rossi et al., 2025).
When foodborne pathogens, including Listeria monocytogenes, Salmonella spp., and Escherichia
coli O157:H7, are subjected to common food preservation stresses—such as thermal treatments,
acidification, desiccation, low-temperature storage, high osmotic pressure, and exposure to various
disinfectants—they frequently undergo a physiological transition into the VBNC state, characterized by the
loss of culturability on standard bacteriological media while retaining metabolic activity, membrane
integrity, and the capacity for virulence gene expression(Rossi et al., 2025; Zhang et al., 2023).
Furthermore, emerging non-thermal processing technologies, including high-pressure processing (HPP),
pulsed electric fields (PEF), and non-thermal plasma (NTP), have been demonstrated to induce both SLI
and VBNC states in surviving subpopulations, which retain the potential for resuscitation and pathogenic
expression when stress is alleviated and favorable conditions are restored(Yang et al., 2025). Conventional
culture-dependent methodologies—which remain the gold standard for regulatory compliance and routine
industrial monitoring—are inherently incapable of enumerating VBNC or SLI cells, thereby producing
false-negative results that effectively conceal a reservoir of potentially infectious bacteria, particularly in
complex food matrices such as fresh produce, poultry, and dairy products(Rossi et al., 2025; Shao et al.,
2023). Although advanced molecular approaches, including propidium monoazide (PMA)-coupled qPCR,
reverse transcription PCR (RT-PCR) targeting mRNA transcripts, flow cytometry with dual-viability
staining, and Fourier-transform infrared (FTIR) spectroscopy, have been successfully validated for the
detection of these physiologically distinct subpopulations, their integration into real-time loT-based
biosensing architectures for continuous DT operation remains constrained by issues of high instrumentation
costs, technical complexity, and an absence of standardized, harmonized protocols across different food
categories and processing facilities(Rossi et al., 2025; Shao et al., 2023). The implications of this
physiological complexity for DT-centered food safety management systems are particularly critical, as
current predictive algorithms—including Baranyi-type differential equations and physics-informed neural
networks (PINNs)—are predominantly trained on historical datasets derived exclusively from culturable
cell counts, and consequently, any observed reduction in plate counts may be misinterpreted as definitive
pathogen inactivation, whereas in reality such reductions could merely reflect a phenotypic shift toward the
VBNC state, with subsequent resuscitation during post-processing storage or distribution potentially

precipitating a delayed but significant public health threat(Rossi et al., 2025; Shao et al., 2023). To address
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this critical knowledge gap, we propose the incorporation of a "VBNC fraction parameter" (0) into the
fundamental differential equation framework of the DT, wherein the total bacterial population (N_total) is
explicitly decomposed into culturable cells (N_c) and VBNC cells (N_vbnc), with the transition kinetics
governed by a stress-dependent induction rate constant (k ind) and a stress-reduction dependent
resuscitation rate constant (k_res), thereby enabling the DT to simulate the bidirectional flux between these
two physiological compartments under dynamic environmental conditions(Rossi et al., 2025). The practical
implementation of this enhanced modeling approach, however, demands the generation of comprehensive
experimental datasets across a diverse range of pathogens, food matrices, and processing parameters to
accurately calibrate k ind and k res, alongside the parallel development of cost-effective, biofouling-
resistant, and continuous-operation biosensors capable of detecting VBNC subpopulations in real-time—
technological prerequisites that remain conspicuously absent from current industrial pilot
projects(Abdurrahman & Ferrari, 2025; Rossi et al., 2025). Consequently, until such sensor technologies
and comprehensive calibration datasets are realized, any DT-based prediction of pathogen inactivation will
inherently carry an unquantified risk of underestimation, and we therefore advocate for a transitional hybrid
strategy in which DT-generated risk assessments are systematically corroborated by periodic molecular
confirmatory testing for VBNC cells at critical control points, ensuring that the limitations of current
predictive models are transparently acknowledged and pragmatically mitigated(Abdurrahman & Ferrari,
2025; Shao et al., 2023).

Blockchain for Immutable Traceability and Recall Management

Even with perfect in-situ pathogen detection, a recall's effectiveness depends on how quickly specific
contaminated batches can be identified and removed from the supply chain. Smart contract-triggered recalls
were demonstrated in the Tianjin poultry pilot (2025), where the DT predicted Campylobacter exceeding
10> CFU/g based on cumulative temperature abuse, and a smart contract on Hyperledger Fabric
automatically quarantined the batch, notified distributors, and triggered consumer alerts, resulting in recall
execution time falling from 3.2 days to 0.8 days, a 75% reduction. Privacy-preserving data sharing using
zero-knowledge proofs (ZKPs) allows suppliers to prove that temperature logs satisfy safety conditions
without revealing actual values; ZKPs have been demonstrated in a blockchain-based pork supply chain
(Zhang et al., 2025), balancing transparency with commercial confidentiality.

Benefits and Challenges

Synthesizing evidence from eight industrial pilots conducted between 2023 and 2026, several validated
benefits have been consistently reported. Recall timeline reduction of 40—60% leads to lower public health
impact and reduced food waste. False positive reduction of approximately 35% is achieved with Al plus
hybrid models compared to simple threshold-based alerts. Consumer trust increases as blockchain-verified

claims improve willingness-to-pay by 12—18% based on conjoint analysis. However, several persistent
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challenges remain. Sensor biofouling is a major issue, as electrochemical biosensors lose sensitivity after
48-72 hours in protein-rich matrices such as meat, fish, and dairy, and no commercial solution currently
exists for continuous, long-term (7—-14 days), in-package pathogen detection without frequent recalibration.
Data interoperability is another challenge, as proprietary loT platforms such as Siemens MindSphere and
Rockwell Automation lack standardized APIs and semantic data models, making mapping sensor data from
different vendors to a common DT ontology labor-intensive. Computational cost is also problematic, as
real-time PINN simulation of an entire cold chain with thousands of pallets exceeds the capacity of edge
devices, and most pilots rely on 5G cloud offloading, which is unavailable in rural slaughterhouses and cold
storage warehouses. Finally, regulatory validation remains unresolved, as no major food safety regulator
including FDA and EFSA has yet validated DT-based predictions as sufficient for "Go/No-Go" release
decisions, and liability remains ambiguous regarding who is legally responsible if a DT fails to predict a
pathogen and an outbreak occurs.

Maturity Model for DT Adoption in Food Safety

Based on the capability progression observed in the reviewed studies, we propose a four-stage maturity
model. Stage 1 is Descriptive, which includes data logging and basic dashboards providing only historical
analysis; this is the typical state of most small and mid-sized producers as of 2026. Stage 2 is Diagnostic,
which includes rule-based alerts and fixed models to detect deviations after they occur; this is the state of
many large food companies. Stage 3 is Predictive, which includes Al growth models and what-if simulation
to forecast risk 424 hours ahead; this is the state of approximately 20 advanced producers and research
pilots. Stage 4 is Prescriptive, which includes closed-loop digital twin with blockchain and automated
actuation for autonomous quarantine, recall initiation, and consumer notification; as of 2026, this stage has
been achieved by only 6 research pilots and 2 industrial leaders in dairy and poultry sectors.

Research Gaps and Future Directions

Several critical research gaps and future directions have been identified. Living digital twins for pathogen
evolution are needed because current DTs assume static pathogen behavior; living digital twins that
incorporate population heterogeneity, stochastic gene expression, and antimicrobial resistance emergence
are a future frontier (Koutsoumanis et al., 2025). Federated learning across supply chains allows Al models
to be trained locally at each facility such that only model updates (gradients) are shared, not raw data, and
feasibility has been shown in a simulated pork supply chain (Zhao et al., 2026). Low-cost, biofouling-
resistant biosensors are a priority, including graphene-based sensors with anti-fouling coatings,
microfluidic sample pre-concentration, and phage-based reporting systems, but none have yet been
validated for 7-14 days of continuous operation in real food packaging. Regulatory sandboxes are also
needed, as regulators should establish DT validation protocols akin to software validation for medical

devices; Codex Alimentarius began discussion on Al in food safety in 2025, and initial guidance is expected

117



International Journal of New Findings in Health and Educational Sciences (IJHES), 4(1): 108-123, 2026

by 2028. The emergence of antimicrobial resistance (AMR) in foodborne pathogens and the complexity of
multi-species microbial interactions in food microbiomes represent additional critical research gaps that

must be addressed to achieve truly predictive DT systems.

1. Antimicrobial Resistance (AMR) in the Food Supply Chain: Integrating Genomic

Surveillance and Al for Proactive Risk Prediction

Among the critical research gaps identified in the previous section, the need for living digital twins
that incorporate antimicrobial resistance (AMR) emergence represents one of the most pressing
frontiers in food safety surveillance. The global spread of AMR among foodborne pathogens—
including Salmonella spp., Campylobacter spp., and Escherichia coli O157:H7—is driven by
multifaceted mechanisms encompassing both intrinsic resistance and acquired resistance through
horizontal gene transfer (HGT) mediated by mobile genetic elements such as plasmids,
transposons, and integrons(Sagar et al., 2023; Tiedje et al., 2023). The dissemination of
antimicrobial resistance genes (ARGs) through HGT is particularly concerning in food production
environments, where imprudent use of antibiotics for growth promotion and disease prevention in
livestock creates selective pressures that accelerate the emergence of multidrug-resistant strains,
with the food chain serving as a critical conduit for transmitting AMR pathogens and resistance
genes to human populations(Sagar et al., 2023; Tiedje et al., 2023). The One Health approach
provides a critical framework for understanding AMR transmission across interconnected human,
animal, and environmental ecosystems(Sagar et al., 2023). The integration of whole-genome
sequencing (WGS) data into quantitative microbial risk assessment (QMRA) represents a
transformative advancement in food safety surveillance, enabling strain-level characterization of
pathogens, identification of specific ARGs and virulence determinants, and more precise source
attribution during outbreak investigations(Schadron et al., 2024). To address limitations in
conventional resistance gene-based approaches, machine learning (ML) models—including
Random Forest, XGBoost, Support Vector Machines, and deep learning networks—have emerged
as powerful tools for predicting phenotypic resistance from genomic data, achieving high
predictive accuracy in foodborne pathogens such as Salmonella and E. coli(Okoye et al., 2025;
Wang et al., 2023). Despite these advancements, significant challenges remain, including the need
for well-annotated datasets, standardized protocols for model validation, addressing class

imbalance issues, overfitting, model interpretability, and computational scalability for real-world
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food safety surveillance applications(Li et al., 2024). The integration of explainable Al (XAI)
approaches will be crucial for ensuring model interpretability and regulatory acceptance, while
future frameworks combining multi-omics data with hybrid ML models and digital twin
simulations hold promise for more resilient, adaptive AMR surveillance in food systems(Li et al.,

2024; Okoye et al., 2025).

2. Community-Level Microbial Interactions: Moving Digital Twins from Single-Species

to Holistic Microbiome Modeling

Another critical research gap highlighted in the previous section is the need to move beyond static,
single-species pathogen models toward living digital twins that incorporate population
heterogeneity and stochastic gene expression, requiring a fundamental shift from single-species to
multi-species community modeling. The composition of native food microbiomes in dairy, meat,
fermented products, and other food matrices comprises complex communities of bacteria, yeasts,
and fungi that exhibit rich taxonomic diversity and functional heterogeneity(Zhang et al., 2025).
These microbial communities are characterized by positive and negative interspecies interactions,
including bacteriocin production that inhibits competitor species, nutrient competition that limits
pathogen growth, pH modulation that alters community composition, and cross-feeding
relationships where metabolic byproducts of one species serve as substrates for another(Sadurski
et al., 2024; Zhang et al., 2025). In natural fermentation systems such as solid-state cereal vinegar
production, the microbial species count exceeds 100, which is two to three times higher than in
static liquid fermentation systems, with interactions among multiple microorganisms essentially
characterized by a metabolic division of labor rather than simple community co-occurrence(Liu et
al., 2026; Zhang et al., 2025). Recent advances in metagenomics and metatranscriptomics have
revolutionized the ability to decipher these complex microbial networks, enabling culture-
independent characterization of microbial communities and identification of active metabolic
pathways under food-relevant conditions, while also profiling both culturable and non-culturable
microorganisms—including viable but non-culturable (VBNC) cells—providing a comprehensive
view of food microbial ecology essential for accurate hazard identification in quantitative
microbial risk assessment (QMRA)(Sadurski et al., 2024; Zhang et al., 2025). The integration of

these omics datasets into predictive microbiology supports more realistic estimates of growth,
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survival, and persistence, reducing uncertainty in hazard characterization by accounting for strain-
level variability in stress tolerance, growth potential, and virulence(Sadurski et al., 2024). To
operationalize this complexity within digital twin (DT) frameworks, current models that typically
treat pathogens as single species must be extended to incorporate multi-species community
dynamics using approaches such as extended Lotka-Volterra equations that capture interspecies
competition and cooperation, or by embedding population heterogeneity and stochastic gene
expression into physics-informed neural networks (PINNs)(Liu et al., 2026). The integrated
application of synthetic microbial communities, genome-scale metabolic models, and digital twin
technologies constitutes a predictive framework for dissecting microbial interactions and
achieving targeted regulation of fermentation processes(Liu et al., 2026; Zhang et al., 2025).
Studies have demonstrated that environmental heterogeneity—including temperature gradients,
oxygen gradients, moisture migration, and acidity fluctuations—shapes microbial interaction
patterns and metabolic division of labor, enabling the development of digital twin systems that
integrate microbial functional traits, interaction networks, metabolic flux models, and spatial
environmental information to resolve community succession across spatiotemporal scales(Liu et
al., 2026; Zhang et al., 2025). Despite these advances, significant gaps remain in translating
mechanistic insights from simplified synthetic communities to real production systems
characterized by strong dynamics and spatial heterogeneity, necessitating further development of
hybrid models that combine mechanistic microbial kinetics with machine learning layers to

balance biological interpretability with predictive accuracy(Liu et al., 2026).

Conclusion

Digital twins, powered by loT sensing, Al-based predictive microbiology, and blockchain traceability,
represent a transformative opportunity to move food safety from reactive testing to proactive, real-time
pathogen control. Pilot studies demonstrate substantial reductions in recall times of 40-60% and false
alarms of approximately 35%, along with measurable consumer trust gains. However, widespread industrial
adoption is currently limited by three interlocking barriers: the lack of long-lasting, biofouling-resistant
biosensors for continuous in-package monitoring, data interoperability and proprietary platform lock-in,
and regulatory uncertainty regarding liability and validation. The proposed four-stage maturity model
(Descriptive — Diagnostic — Predictive — Prescriptive) provides a roadmap for food companies, with
most currently operating at Stage 2. Reaching Stage 4 requires not only technology investment but also
legal frameworks for automated recalls and supply chain collaboration. Until regulatory guidance is

finalized, a hybrid approach—Al-assisted DT for risk ranking, continuous monitoring, and early alerting
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combined with traditional end-product testing for legal compliance and final release decisions—remains
the pragmatic path forward. Future research priorities should target living digital twins incorporating
pathogen evolution and heterogeneity, federated learning for privacy-preserving model training, low-cost
biofouling-resistant biosensors, and regulatory sandboxes to accelerate real-world validation. Furthermore,
the emergence of antimicrobial resistance (AMR) in foodborne pathogens and the complexity of multi-
species microbial interactions in food microbiomes represent critical challenges that current DT models
inadequately address. Future DT architectures must integrate genomic surveillance data for AMR prediction
and incorporate community-level microbial interaction models to move beyond single-species pathogen

simulations, enabling more accurate risk assessment in complex food ecosystems.
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