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Abstract

The unsustainable trajectory of global meat consumption continues to create an urgent need for alternatives or to rethink livestock systems.
While plant-based options are available, consumer acceptance remains limited due to sensory shortcomings and neophobia. In contrast,
cultured meat has the potential for theoretical biological equivalence to conventional meat; however, the development of cultured meat
is currently constrained by unresolved biological and technical challenges. Meanwhile, artificial intelligence (AI) has emerged as a
transformative tool for addressing these limitations. This systematic review evaluates the potential for Al to optimize the efficiency of
cultured meat production, enhance sustainability, and accelerate market introduction. The review followed the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA) guidelines and included 28 studies. Key findings are presented across several
critical domains. Computational modeling can compensate for data scarcity by simulating industrial scenarios where experimental data
are limited. Al algorithms are also shifting media development from trial-and-error approaches to predictive optimization, enabling
the identification of cost-effective plant-based alternatives to animal serum. In tissue engineering, strategies vary between optimizing
biological efficiency and digitally reconstructing the architecture of conventional meat. These production advances are supported by
quality control systems that combine non-invasive visual monitoring with predictive safety analysis for real-time hazard detection. Al
also extends to consumer intelligence, moving from passive sentiment analysis to active engagement that addresses misinformation and
presents cultured meat as a transparent, personalized nutrition option. Overall, this review establishes a foundational framework that
synthesizes fragmented research. Additionally, this review reveals critical economic constraints that may have previously been obscured
by technical optimism. Moreover, this review identifies strategic priorities that emphasize systemic integration, open data ecosystems,
and consumer-aligned value propositions, all of which are essential to translating laboratory achievements into commercial reality.
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and industrial attention as one of the alternatives under ac-
tive investigation.

1. Introduction

The global population is projected to reach approxi-

mately 9.7 billion by 2050, with meat consumption demand In recent years, interest in sustainable nutrition has

expected to rise substantially over the coming decades [1].
However, this trajectory could be unsustainable regard-
ing the environmental impact, as current livestock produc-
tion accounts for approximately 12% of global greenhouse
gas emissions, while also driving land degradation, wa-
ter scarcity, and biodiversity loss [2]. Beyond environ-
mental impact, sustainability encompasses food safety and
healthiness, economic viability, and cultural acceptability
[2]. Thus, this scenario requires revisiting livestock sys-
tems [3] or identifying alternatives that reduce environmen-
tal impact while meeting requirements of food safety, nu-
tritional equivalence, economic feasibility, and consumer
acceptance.

A growing body of literature argues that the environ-
mental impact of livestock production is often overstated
or misinterpreted [3]. Revisiting conventional livestock
systems represents a valuable and more immediate path-
way to reduce the environmental impact of meat produc-
tion [3]. In parallel, recent literature explores alternative
protein sources as a complementary strategy. Within this
landscape, cultured meat has attracted significant scientific

increased research on alternative protein sources, which
present different trade-offs between production efficiency,
scalability, and nutritional quality [4]. Options such as in-
sects and microalgae have demonstrated favorable environ-
mental impact and nutritional profiles rich in high-quality
protein and bioactive compounds. However, their direct
consumption often faces cultural resistance and processing
challenges [5]. Similarly, fermentation-derived proteins,
including mycoprotein and bacterial protein, offer scalable
solutions exemplified by commercial products like Quorn
and Solein. Nevertheless, their production costs remain
substantially higher than those of established agricultural
crops [6]. Conversely, conventional plant proteins such as
soy and pea remain the industrial standard due to their eco-
nomic viability. To satisfy consumer sensory expectations,
these ingredients are predominantly formulated into plant-
based meat analogues. While this market has experienced
significant growth and sensory improvements, population
reach remains constrained by persistent neophobia and the
inability to replicate the sensory complexity of animal tis-
sue [7].
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Furthermore, meat consumption represents a deeply
rooted cultural tradition across many societies. Demo-
graphic projections indicate that despite the rise of plant-
based alternatives, sustainability challenges persist. Con-
sumers often perceive these products as inferior substitutes
requiring dietary adaptation. In this context, cultured meat
emerges as a potential alternative. Unlike plant-based ana-
logues, which face intrinsic limitations in mimicking con-
ventional meat characteristics [8,9], cultured meat offers the
potential for complete biological and sensory equivalence
[10]. Indeed, meat attachment reduces the acceptance of
plant-based substitutes but does not affect cultured meat
acceptance, which consumers perceive as authentic meat
produced through an alternative method [11,12]. Conse-
quently, cultured meat represents a potentially valuable al-
ternative for consumers who reject plant-based options, of-
fering a viable pathway to mitigate environmental impact
amid rapid population growth.

However, while cultured meat holds high potential
for consumer adoption, it currently lags behind plant-based
analogues in technological maturity and environmental effi-
ciency. Moreover, it faces complex regulatory landscapes;
for instance, under European Union legislation, cultured
meat is not classified as meat [13] (a designation reserved
for slaughter-derived products), but is governed by the
Novel Food framework [14]. Furthermore, the term cul-
tured meat is not formally recognized by the FAO, which
classifies it under the broader category of cell-based food,
defined as foods, ingredients, or additives produced using
cells isolated from animals, plants, or microorganisms [15].
Beyond regulatory barriers, as an emerging technology, the
sector faces substantial hurdles regarding scalability and
energy consumption. Consequently, although conceptu-
ally more sustainable than conventional livestock, current
cultured meat production systems face environmental chal-
lenges. Their production costs also remain significantly
higher than those of plant-based counterparts, driven by low
process efficiencies and high operational expenses [16,17].

To overcome these technoeconomic barriers, Artifi-
cial Intelligence (AI) has emerged as a transformative cat-
alyst. As noted by Wang et al. [18], Al has revolutionized
scientific discovery by enabling researchers to process vast
amounts of unlabeled data, exploit underlying structures to
improve model accuracy, and generate novel designs from
diverse modalities. Implementing this technology in the
food industry is essential, both to reduce the sector's con-
tribution to global warming and to address the scalability
crisis of cellular agriculture. In this context, the integra-
tion of Al into cultured meat production holds considerable
promise for shifting the paradigm from empirical trial-and-
error to predictive optimization. This approach allows for
the systematic evaluation of culture substrates, bioprocess
parameters, and operational conditions. Nevertheless, tech-
nical optimism should not obscure economic realities. The
gap between Al potential and the practical constraints of
commercial-scale production warrants critical examination.

Therefore, the objective of this systematic review is
to evaluate the potential of Al implementation in cultured
meat development to optimize production efficiency, en-
hance sustainability, and accelerate global market intro-
duction, thereby establishing a foundational framework to
guide future research and industrial scaling.

2. Literature Search

This systematic review was conducted in accordance
with the PRISMA guidelines [19]. The literature search
was performed across PubMed, Scopus, and Web of Sci-
ence databases in October 2025 and subsequently up-
dated in December 2025 to capture the latest publica-
tions. The search strategy employed the following key-
words: (“In Vitro Meat*” OR “Cell-Based Meat*” OR
“Cell Based Meat*” OR “Cultivated Meat*”” OR “Cultured
Meat*” OR “Lab-Grown Meat*” OR “Lab Grown Meat*”
OR “Laboratory-Grown Meat*” OR “Laboratory Grown
Meat*”) AND (“Artificial Intelligence” OR “AI” OR “ma-
chine learning” OR “deep learning” OR “Computational
Intelligence” OR “Neural Networks” OR “Pattern Recog-
nition” OR “Robotic*” OR “Automation” OR “Industry
4.0”), searching by title, abstract, and keywords. No year or
language restrictions were applied, as the substantial major-
ity of retrieved records were published after 2020, reflecting
the emerging nature of this research domain.

The search yielded 193 records (61 from Scopus, 43
from PubMed, and 89 from Web of Science). After remov-
ing duplicates, 115 unique records were screened by title
and abstract, and, when necessary, by full-text examination.
Inclusion criteria comprised original research articles and
reviews, evaluating the application of Al, machine learning,
or related computational methodologies in cultured meat
production, including bioprocess optimization, media for-
mulation, tissue engineering, quality control, and consumer
intelligence. Studies were excluded if they mentioned Al
or computational methods solely in a tangential or specu-
lative manner without demonstrating direct application or
methodological implementation in cultured meat contexts.
Additionally, articles focusing exclusively on conventional
meat processing or plant-based meat analogues without ad-
dressing cellular agriculture were excluded. After title and
abstract screening, full-text assessment was performed, re-
sulting in 28 studies included in this systematic review. A
flow diagram detailing the study selection process is shown
in Fig. 1.

3. Results and Discussion

The systematic search reveals that Al integration is not
limited to isolated technical challenges but spans the entire
cultured meat production process. Key findings have been
outlined across several critical domains (Fig. 2), encom-
passing upstream processes such as media formulation and
cell line development, core production challenges involv-
ing bioprocess design and tissue engineering, and down-
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Fig. 1. Literature search flowchart with database and record searches.

stream quality assurance. This integrated framework illus-
trates how machine learning algorithms establish feedback
loops between these distinct phases, shifting from empirical
trial-and-error to predictive optimization across the produc-
tion pipeline.

3.1 Data Scarcity and Quality Constraints

The transition of cultured meat from laboratory-scale
prototypes to industrial viability is currently hindered by
high production costs, variability in bioprocesses, and
the complexity of replicating native tissue architecture.

&% IMR Press

Commercial-scale production requires significant techno-
logical advances; however, the sector faces a foundational
data limitation [20]. The industry lacks robust operational
data from pilot-scale and commercial-scale facilities, pre-
cluding the validation of scalability assumptions or the pre-
diction of real-world manufacturing performance. This data
gap extends to all critical dimensions. Recent life cycle as-
sessments reveal that existing sustainability claims predom-
inantly rely on theoretical laboratory-scale data rather than
commercial-scale metrics. As Hu [21] and Smetana et al.
[6] note, this lack of practical data makes it difficult to es-
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Fig. 2. Integrated application of Al across the entire cultured meat production.

timate the real environmental impact of industrial produc-
tion.

Recent literature suggests that the convergence of
Al and machine learning with cellular agriculture, often
framed as Industry 4.0, is becoming a key enabler for
bridging this gap. Several studies support a shift beyond
trial-and-error experimentation toward predictive biopro-
cess modeling. Ng and Tan [22] and Todhunter et al. [23]
highlight that machine learning algorithms are essential for
exploring the multi-parametric design space, ranging from
seed cell identification to contamination detection. How-
ever, Grzelak et al. [24] argue that the gap between the the-
oretical potential of these algorithms and the limited data
availability renders many predictive models ineffective. To
resolve this, they propose implementing smart automation
platforms integrating robotics and sensing technology to
streamline experimental data collection.

Beyond biological data, the lack of standardized oper-
ational datasets limits the implementation of Al-integrated
processing technologies. Suychinov et al. [20] highlight
the importance of integrating Al with industrial Internet of
Things sensors (networked devices that continuously col-
lect and transmit real-time operational data). This inte-
gration supports biological process monitoring, predictive
maintenance, and energy optimization, which are key as-
pects to reducing the high operational costs of cultured
meat production. According to their analysis, Al algo-
rithms can process historical performance data to predict
equipment failures and optimize energy-intensive systems
such as heating, ventilation, air conditioning and refrigera-
tion in real-time. Without high-quality training data from
commercial-scale processing lines, these potential gains,

which include automated defect detection via computer vi-
sion and hyperspectral imaging, remain theoretical.

Furthermore, the data bottleneck extends beyond tech-
nical constraints to encompass sociotechnical dimensions.
Chiles et al. [25] argue that the proprietary nature of cur-
rent cellular agriculture datasets creates knowledge silos
that limit the training of generalized models. They advo-
cate for shared data ownership and shifting towards open
science frameworks. From a computational perspective,
Ng and Tan [22] suggest using strategies such as transfer
learning and federated learning to apply pre-trained mod-
els from related biomedical fields without compromising
proprietary data. Once data pipelines are established, these
models can feed into smart bioprinting factories [26], where
Al drives process optimization through real-time feedback
loops. This approach could generate the synthetic data
needed to validate industrial life cycle assessments, which
currently lack scale-up data [6,21].

Computational approaches that embed mechanistic
knowledge into Al architectures, such as Physics-Informed
Neural Networks [27,28] and Computational Fluid Dynam-
ics frameworks [29], offer complementary pathways for
predicting industrial-scale performance from limited exper-
imental datasets. However, validation at pilot facilities
remains essential for commercial translation [22]. These
computational strategies, combined with the data infras-
tructure solutions described above, establish the foundation
for addressing specific production challenges.

3.2 Cell Culture Media Optimization

Building upon these data infrastructure foundations,
the following sections address specific production chal-
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lenges, beginning with media formulation. The optimiza-
tion of cell culture media remains the most resource-
intensive aspect of cellular agriculture and a primary bar-
rier to both commercial feasibility and environmental sus-
tainability. Risner et al. [30] and Sinke et al. [31] iden-
tify energy consumption and the reliance on animal-derived
components as critical hotspots. Without optimization, the
global warming potential of cultured meat could exceed that
of conventional beef in certain scenarios. These findings
show that achieving economic and environmental viabil-
ity requires media formulations that replace fetal bovine
serum, the primary animal-derived ingredient, and reduce
energy demands. These objectives are beyond the scope of
traditional univariate experimentation.

To address this multifactorial challenge, Al-driven
methodologies allow the systematic exploration of high-
dimensional design spaces previously inaccessible through
traditional experimentation. The literature presents two
complementary Al-driven approaches that extend beyond
classical experimentation: de novo optimization, which al-
gorithmically generates novel formulations, versus intelli-
gent screening of existing candidates. Within de novo ap-
proaches, two different strategies can be identified: extrin-
sic optimization of media formulations, and intrinsic repro-
gramming of cellular metabolism through Al-guided syn-
thetic biology.

Representing the extrinsic optimization approach,
Nikkhah et al. [32] demonstrate the efficacy of de novo
optimization using a hybrid Al framework on zebrafish
(Danio rerio) cell lines. By integrating response surface
methodology with radial basis function neural networks and
multi-objective genetic algorithms, they successfully mod-
eled non-linear interactions to simultaneously minimize en-
vironmental impact and production costs while maximizing
cell growth. This approach directly addresses the energy
and cost constraints identified by Risner et al. [30], achiev-
ing formulations that reduced global warming potential by
60-65% and costs by 20-24%.

Complementing this extrinsic optimization, Yin et
al. [33] propose an intrinsic de novo paradigm via Al-
integrated synthetic biology. Rather than merely adjust-
ing external ingredient concentrations, this approach uti-
lizes top-down and bottom-up engineering to reprogram the
cellular machinery itself. Yin et al. [33] detail the con-
struction of microbial cell factories (e.g., engineered Pichia
pastoris or Bacillus subtilis) for industrial-scale production.
These systems can synthesize high-cost growth factors such
as FGF2 and insulin, as well as serum proteins such as albu-
min. Furthermore, they propose the design of autonomous
genetic circuits, utilizing CRISPR-Cas9 systems, that al-
low cells to self-regulate their transition from proliferation
to differentiation based on environmental cues (e.g., sens-
ing lactate levels or specific inducer molecules). This smart
cell strategy could theoretically eliminate the need for com-
plex, multi-stage media exchanges, thereby reducing bio-
process complexity. However, Yin et al. [33] also cau-
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tion that these genetically modified lines face stricter regu-
latory scrutiny compared to non-GMO optimization strate-
gies such as those proposed by Nikkhah et al. [32].

In contrast to de novo generation, an alternative Al-
driven strategy involves the intelligent screening of exist-
ing candidates. Isaac et al. [34] provide a comprehensive
framework for this approach, focusing on machine learning
classifiers that evaluate the bioactivity of peptides derived
from plant protein hydrolysates. These hydrolysates are
cost-effective alternatives to fetal bovine serum for cultured
meat media. Hydrolysates contain thousands of peptides
per product, making experimental validation prohibitively
resource-intensive. Isaac et al. [34] systematically charac-
terize machine learning tools designed to predict key bioac-
tivities relevant to cell culture growth: antioxidant, anti-
inflammatory, antimicrobial, and growth factor activities.
Their analysis reveals that while approximately 50 clas-
sifiers exist for antimicrobial prediction and 16 for anti-
inflammatory activity, only five tools predict antioxidant
activity and just two address growth factor or cell signal-
ing functions. These last two categories are critical for me-
dia optimization. These classifiers employ algorithms rang-
ing from random forests to convolutional neural networks,
trained on specific peptide databases, to identify bioactive
sequences based on physicochemical properties, sequence
patterns, and structural features. The screening approach
offers distinct advantages: it relies on existing knowledge
encoded in bioactive peptide databases, poses lower reg-
ulatory hurdles than genetically modified approaches, and
allows rapid in silico filtering of hydrolysate compositions
to match specific cell line requirements.

However, significant methodological limitations con-
strain screening-based approaches. Isaac et al. [34] con-
ducted independent validation and found substantial perfor-
mance gaps. Models achieved area under the curve scores
barely above 0.5 (random classification), with poor sensi-
tivity causing bioactive peptides to be systematically over-
looked during screening. These failures result from three
critical gaps: (1) insufficient training dataset sizes, with
most classifiers trained on fewer than 2000 peptides; (2)
unreliable negative datasets, as non-bioactive peptides are
rarely experimentally validated and are instead computa-
tionally inferred, introducing label noise; and (3) limited
generalizability, with models performing well only on spe-
cific sequence types. Isaac et al. [34] emphasize that molec-
ular databases require significant improvement before ma-
chine learning-based screening can effectively replace wet-
lab validation. Until these foundational data quality issues
areresolved, Al-driven screening remains a complementary
tool rather than an independent method. This highlights the
continued need for hybrid approaches that integrate com-
putational prediction with targeted experimental confirma-
tion.
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3.3 Tissue Architecture Replication

Beyond media costs, replicating the native tissue ar-
chitecture represents a critical challenge. While media op-
timization addresses cost, the replication of texture and
mouthfeel remains the primary determinant of consumer ac-
ceptance. Studies such as Broucke et al. [35] report the
challenge of replicating the complex muscle architecture,
fibrillar organization, fat marbling patterns, and amino acid
profile of conventional meat. This gap creates a sensory
disconnect, leading to perceptions of unnaturalness. Fur-
thermore, consumer rejection based on disgust responses
or reactions resembling the uncanny valley effect remains a
dominant psychological barrier [5,36]. Thus, the challenge
is not merely structural but biomimetic: ensuring the engi-
neered construct is indistinguishable from native tissue.

However, replicating meat structure does not guaran-
tee biological equivalence. As highlighted by Fraeye et
al. [37] and Olenic and Thorrez [38], current cultured tis-
sues predominantly consist of immature, embryonic-like
fibers that lack the biochemical complexity of adult mus-
cle. Crucially, the conversion of muscle into meat relies
on specific post-mortem metabolic processes, such as pH
decline, rigor mortis, and enzymatic proteolysis, which are
fundamental for developing characteristic texture and fla-
vor. Yet, as Purslow [39] emphasizes, protocols to replicate
these essential post-mortem transformations in bioreactor-
harvested cells are currently non-existent. Beyond post-
mortem processes, nutrient digestibility represents an addi-
tional critical aspect. Even when compositional similarity
is achieved, nutritional value may differ substantially due
to differences in digestibility and nutrient absorption. In
this sense, cultured meat would need to replicate these nu-
tritional properties before claims of biological equivalence
could be validated [37]. Until these biological mechanisms
are reproduced and supported by transparent data, claims
of nutritional and sensorial equivalence remain speculative
[40].

While post-mortem aging, digestibility, and bioavail-
ability remain critical downstream hurdles, the sector’s im-
mediate priority is scalable tissue replication. Al is cur-
rently applied to address the structural constraints of this
phase. Heine et al. [41] argue that biofabrication tech-
nologies originally developed for biomedical applications
must be adapted to introduce automation and standardiza-
tion, thereby accelerating the path to market. Li et al. [42]
propose an Al-driven scaffold design approach that inte-
grates material selection with bioreactor parameters to ad-
dress this. Their approach focuses on engineering scaffold-
cell interactions to promote myogenic differentiation. By
controlling pore size and fiber orientation, scaffolds can
regulate cell fate through mechanotransduction pathways.

In contrast to this computational generative approach,
Wu et al. [43] propose a reverse engineering strategy
based on biomimicry. Since current generative models
tend to oversimplify real tissue complexity, they utilized

micro-computed tomography (LCT) to capture the high-
resolution architecture of porcine muscle. Their methodol-
ogy involved a hybrid fabrication process: first, a compu-
tational segmentation algorithm extracted precise 3D mod-
els of muscle and fat domains from the pCT data. Sub-
sequently, these digital models guided an embedded bio-
printing system to deposit adipocytes within a cast hydro-
gel matrix with micron-level positional accuracy. This ap-
proach contrasts sharply with Li et al. [42], who prioritize
the optimization of mechanical properties (stiffness, poros-
ity) over morphological accuracy. While generative mod-
els allow for the creation of idealized scaffolds that maxi-
mize cell differentiation efficiency [42], data-driven repli-
cation aims to satisfy the consumer visual and textural ex-
pectations by physically recreating the irregular marbling
patterns found in nature [43]. These complementary ap-
proaches (functional optimization and sensory authenticity)
suggest that hybrid strategies integrating both may offer the
most promising pathway forward.

Both strategies, however, face the challenge of objec-
tively demonstrating scaffold performance beyond qualita-
tive assessments, necessitating robust quantitative valida-
tion methods. In this context, Lanaro et al. [44] demon-
strated the use of computer vision to quantify cell bridg-
ing kinetics, providing objective metrics to ensure scaffolds
meet the rigorous sensory standards [35]. The develop-
ment and optimization of this standardized computational
screening methods remain critical priorities, as these tools
enable systematic pre-selection of scaffold candidates be-
fore resource-intensive consumer sensory testing. Estab-
lishing such standardized validation frameworks will be es-
sential for accelerating the translation of engineered con-
structs from laboratory prototypes to market-ready prod-
ucts.

The computational generative and biomimetic ap-
proaches described above require sophisticated fabrication
infrastructure. To avoid this complexity, Ong et al. [45]
used Al-driven screening to identify plant materials with
naturally occurring structural mimicry. Using a deep con-
volutional neural network trained to recognize marbling
patterns, they identified jackfruit (4rfocarpus heterophyl-
lus) as a valuable candidate. Its natural vascular archi-
tectures resemble meat marbling, and its polyphenol con-
tent allows color control to mimic raw chicken, pork, or
beef. This biomimetic screening approach has several ad-
vantages. It eliminates the need for sophisticated bioprint-
ing infrastructure and provides food-grade scaffolds that
address consumer naturalness concerns. In addition, it
demonstrated approximately an 8% improvement in con-
sumer perception of cell-based meat products. However,
critical limitations constrain this strategy. The approach is
inherently restricted to structures already existing in nature,
potentially limiting design flexibility for optimized cell dif-
ferentiation or mechanical properties. Moreover, the tex-
ture analysis revealed that jackfruit-based constructs exhib-
ited lower hardness and springiness compared to conven-
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tional pork and beef, indicating performance gaps in repli-
cating meat mechanical properties.

The reliance on visual similarity metrics rather than
comprehensive biomechanical validation reinforces the
need for integrated assessment methods that evaluate both
structural authenticity and functional performance. The
strategies reviewed in this section (generative optimization,
biomimetic replication, and natural screening) address dif-
ferent aspects of tissue replication. Future research should
combine computational design, accurate tissue construc-
tion, and natural materials within hybrid methodologies,
guided by standardized validation protocols that connect
engineered constructs with consumer expectations.

3.4 Non-Invasive Monitoring and Quality Control

With production conditions and structures established,
attention turns to process monitoring. While optimized
media formulations and biomimetic scaffolds establish the
conditions for cell growth and differentiation, translating
these advances into reliable production systems requires
continuous real-time monitoring. This represents a criti-
cal quality control challenge, as current invasive, endpoint-
based assessment methods are unable to provide the timely
data needed to ensure consistent performance. To over-
come this, Udomsom et al. [46] developed automatic
programmable bioreactors equipped with integrated sensor
systems, demonstrating that hardware innovation is a pre-
requisite for effective Al deployment.

Building on this hardware foundation, Al-driven com-
puter vision enables non-invasive cellular assessment at
multiple scales. At the individual cell differentiation level,
Yang et al. [47] developed a deep learning model capable
of evaluating adipogenic differentiation in porcine cells us-
ing bright-field images (R?> = 0.83), eliminating the need
for destructive staining protocols that compromise sample
viability. Extending this approach to more complex tissue
constructs, Nabiullina et al. [48] fine-tuned a YOLO (You
Only Look Once) neural network architecture to perform
real-time object detection in 3D bioprinted structures. Crit-
ically, their model achieved high average precision in dis-
tinguishing between lipoblasts, fibroblasts, and myogenic
cells within heterogeneous constructs, based solely on sub-
tle morphological features in bright-field microscopy. Tra-
ditional classifiers cannot achieve this level of discrimina-
tion with unstained samples. This progression from single-
cell differentiation monitoring to multi-cellular tissue anal-
ysis demonstrates the scalability of Al-driven quality con-
trol systems.

However, morphological monitoring alone cannot de-
tect molecular-level risks that may compromise product
safety without visible cellular changes. To address this criti-
cal gap, Shi et al. [49] introduced a multimodal deep learn-
ing framework that integrates Density Functional Theory
calculations with mass spectrometry data. This approach
allows computational toxicology to predict chemical haz-
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ards before they appear in the bioreactor. It enables high-
throughput in silico screening of potential threats, including
unexpected metabolites, cross-class toxins, and reactive in-
termediates, by modeling their molecular stability and reac-
tivity dynamics. This level of detection prevents contam-
ination events that morphological monitoring would only
identify after significant batch compromise. Complement-
ing chemical safety, Al-driven monitoring also addresses
biosecurity risks inherent to cell-based production systems.
Rzymski [50] argues that the risk of zoonotic disease trans-
mission, such as avian influenza in conventional farming,
provides additional rationale for cell-based production sys-
tems. In these systems, Al monitoring reinforces safety by
eliminating pathogen exposure routes and reducing human
handling errors. Collectively, these complementary mon-
itoring modalities, including visual assessment of cellular
identity [48], computational prediction of chemical haz-
ards [49], biosecurity risk reduction [50], and hardware-
level sensor integration [20,46], form a multi-scale safety
architecture. This integrated monitoring framework aligns
with the smart factory vision [26], where computer vision,
predictive toxicology, and real-time sensor data provide
closed-loop automation inputs, enabling adaptive process
control that maintains product quality and safety across all
production stages.

3.5 Consumer Intelligence and Digital Trust Systems

Technical production advances require parallel
progress in market acceptance. The industrial feasibility
of cultured meat is rendered obsolete without parallel
advances in consumer acceptance. As emphasized by
Hassoun et al. [51], the innovations of the fourth industrial
revolution are fundamentally reshaping consumption
patterns, yet multiple interconnected barriers impede
adoption. While food neophobia and lack of familiarity
constitute important psychological obstacles [52], compre-
hensive consumer surveys reveal a multifactorial pattern
of consumer rejection. Health and safety concerns, sensory
expectations regarding taste and texture, perceptions of
unnaturalness, and economic factors represent equally,
or more, significant acceptance barriers across diverse
populations [53,54,55,56,57]. In this context, Al is being
extended from bioprocess optimization to consumer intel-
ligence applications. Consumer intelligence refers to the
systematic Al-driven analysis of consumer preferences,
psychological barriers, and behavioral patterns to inform
targeted acceptance strategies. This approach can help
identify and address these sociopsychological drivers.

To explore this complex landscape, Al-driven con-
sumer intelligence operates across three complementary di-
mensions: understanding consumer preferences, detecting
misinformation, and actively correcting it. First, Sun et
al. [58] applied machine learning algorithms to conduct
meta-analysis of consumer acceptance studies. Their ap-
proach identified non-linear determinants of willingness-
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to-pay, informing targeted product optimization such as the
development of hybrid products to reduce the sensory gap
[5,59]. Beyond consumer preferences, real-time misinfor-
mation detection has also become critical for market accep-
tance. Su et al. [60] utilized semi-supervised topic model-
ing, specifically Guided Latent Dirichlet Allocation, which
integrates human expert insights. Applying this method to
large-scale social media datasets, they classified consumer
narratives into four dimensions: functional benefits, ed-
ucational content, corporate social responsibility, and re-
lational engagement. Their findings support the psycho-
logical barriers identified by Onwezen and Dagevos [52].
While narratives emphasizing functional benefits such as
price and taste drive initial interest, educational content
and relational engagement prove more effective at reduc-
ing the persistent neophobia surrounding high-tech foods.
Translating these insights into active intervention, Ou et
al. [61] demonstrated that high-expertise Al chatbots can
improve credibility perceptions using two-sided corrective
strategies. This approach acknowledges consumer con-
cerns while providing evidence-based responses, allowing
chatbots to function as automated educational agents. This
progression from understanding preferences to detecting
and actively correcting misinformation represents a promis-
ing Al-driven approach to consumer acceptance.

However, when skepticism stems from the perceived
opacity of production processes, educational interventions
alone are insufficient. Scientific evidence of safety and ben-
efits, together with structural transparency measures, are re-
quired. Hassoun et al. [51] argue that perception of unnat-
uralness represents a fundamental barrier requiring struc-
tural transparency solutions. Addressing this, digital trace-
ability systems that document the entire process, from cell
sourcing to final product, can provide verifiable proof of
safety and ethical standards, reducing concerns about arti-
ficial production methods [62]. Beyond building consumer
trust, this transparency also opens new possibilities. The
precise digital control of cellular agriculture allows person-
alized nutrition approaches, where Al integrates individual
biological data (genomic profiles, health conditions) with
3D food printing technologies to tailor nutrient composi-
tions, textures, and functional properties to specific con-
sumer needs [51,63]. This capability is not achievable
through conventional meat production, and could reframe
the engineered nature of cultured meat as a functional ad-
vantage rather than a limitation.

Beyond transparency and personalization, emerging
digital platforms allow consumer engagement with produc-
tion processes. Hamad and Soni [64] describe how cou-
pling digital traceability with interactive visual interfaces
allows consumers to explore the entire production chain
through virtual replicas of manufacturing facilities. This
turns abstract production concepts into tangible, verifiable
experiences. The convergence of transparency technolo-
gies, personalized nutrition, and immersive visualization
represents the integration of fourth industrial revolution ad-

vances, such as Al, advanced manufacturing, and digital
connectivity, into a cohesive consumer acceptance strat-
egy. The Al-driven optimizations documented across me-
dia formulation, tissue architecture, quality control, and
consumer intelligence address cultured meat’s dual chal-
lenge: achieving technical feasibility while building con-
sumer trust through transparency and personalized func-
tional value not attainable through conventional production.

3.6 Critical Perspectives and Future Trends

Having examined individual technical domains, a crit-
ical synthesis of systemic challenges is warranted. This sys-
tematic review reveals a fundamental paradox. The Al tech-
nologies capable of optimizing cultured meat production re-
quire commercial-scale operational data that only econom-
ically viable facilities can generate. However, achieving
such viability depends on these optimization systems al-
ready being functional. This circular dependency is the cen-
tral challenge in this field, and it is often underestimated in
individual studies that tend to focus on favorable results.
For instance, Isaac et al. [34] demonstrated this limitation
when machine learning classifiers for peptide bioactivity
screening achieved area under the curve scores barely above
0.5 (equivalent to random classification), primarily due to
insufficient training dataset sizes.

Key systemic constraints limit near-term commer-
cial translation despite the technical advances documented
across preceding sections. The literature's predominant
focus on technical feasibility obscures economic and so-
cial realities. Humbird [16] performed a techno-economic
analysis, concluding that production costs could exceed
those of conventional meat by orders of magnitude, an is-
sue that remains largely unaddressed by Al-focused stud-
ies. Moreover, the implementation of Al systems intro-
duces additional costs, including computational infrastruc-
ture, data management, and specialized personnel. These
costs remain largely unquantified and may result in sophis-
ticated tools for processes that are not yet economically vi-
able. Regulatory asymmetries present another critical con-
straint. GMO-based approaches offering theoretical advan-
tages [33] face substantially more stringent approval path-
ways than non-GMO frameworks [32,35], yet the literature
provides minimal strategic guidance for managing these di-
vergent routes.

The absence of regulatory frameworks from the re-
search ecosystem represents a fundamental gap. In addi-
tion, persistent misalignment exists between technical opti-
mization priorities and consumer acceptance factors. While
advances in production efficiency dominate research ef-
forts, consumer acceptance depends on naturalness per-
ceptions, safety confidence, and trust in production trans-
parency [35,65]. The shift toward personalized nutrition
documented in Section 3.5 is promising but requires valida-
tion through behavioral studies measuring actual consump-
tion rather than stated preferences.
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Reaching commercial viability requires two funda-
mental shifts: from isolated proof-of-concept demon-
strations to integrated production systems, and from
sustainability-focused narratives to personalized nutrition
approaches that use cultured meat’s unique capacity for dig-
ital control. Several developments are critical for this tran-
sition. Open data ecosystems through industry consortia
can address data scarcity by enabling federated learning and
pre-competitive data sharing while protecting commercial
interests. This would reduce the knowledge silos that cur-
rently limit model generalizability. Hybrid validation meth-
ods that combine mechanistic modeling with data-driven Al
and experimental confirmation at pilot-scale facilities pro-
vide the pathway for translating computational predictions
into verified industrial performance. Finally, consumer co-
development approaches that go beyond identifying barri-
ers toward participatory design with long-term behavioral
validation can align technical capabilities with actual mar-
ket requirements. This would ensure that optimization pri-
orities reflect real consumer acceptance factors rather than
assumed preferences.

The question posed: “Is the time now?” requires real-
istic assessment. Current Al-driven cultured meat develop-
ment demonstrates significant individual technical achieve-
ments but has not yet achieved the systemic integration,
economic viability, regulatory clarity, and consumer ac-
ceptance required for commercial success. However, the
combination of computational biology, advanced manufac-
turing, and consumer intelligence technologies creates new
opportunities for acceleration. This review provides a foun-
dational framework by synthesizing fragmented research
domains, exposing critical tensions, and identifying strate-
gic priorities. By providing critical synthesis of systemic
challenges, this work offers researchers, policymakers, and
industry stakeholders a roadmap emphasizing integration
over isolation, economic reality over technical feasibility,
and consumer alignment over production efficiency.

4. Conclusion

The convergence of Al and cellular agriculture repre-
sents a transformative opportunity to advance sustainable
protein systems. This systematic review shows that while
Al offers powerful tools across the cultured meat produc-
tion pipeline, the path to commercial viability requires ad-
dressing systemic challenges that extend beyond computa-
tional advances.

Current achievements have not yet produced the eco-
nomic viability, regulatory frameworks, or consumer trust
necessary for imminent market success; however, Al-
driven optimization is accelerating development timelines.
In this context, cultured meat is positioned not as an imme-
diate replacement for conventional meat production, but as
a long-term alternative under active development.

This review has certain limitations. The literature
search cutoff of December 2025 may exclude the latest de-
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velopments in this rapidly evolving field. Additionally, the
scarcity of commercial-scale operational data constrains the
generalizability of current findings to industrial contexts.

These limitations notwithstanding, the integration of
Al into cultured meat production remains a valuable re-
search direction, provided that future efforts align technical
progress with economic and regulatory viability.
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