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The global pet food industry is rapidly evolving with the integration of machine learning (ML) technologies.
ML plays a crucial role in optimizing ingredient formulation, enhancing quality control, personalizing nutrition, and
predicting consumer preferences. The use of deep learning, reinforcement learning, and natural language processing
(NLP) is transforming pet food manufacturing by improving efficiency and ensuring better health outcomes for pets.
This review explores the key applications of ML in pet food science, discusses current challenges, and highlights future
directions. The paper also presents a comparative analysis of different ML techniques used in the pet food sector.
Machine learning is transforming the pet food industry by optimizing ingredient formulation, improving quality
control, and predicting consumer preferences. However, widespread Al adoption faces challenges, including data
limitations, regulatory requirements, computational expenses, and consumer trust concerns. The future of AI-driven
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pet food innovation lies in explainable Al, blockchain-integrated supply chains, loT-enabled pet health monitoring,
and synthetic data-powered machine learning models. As technology advances, AI will play a key role in providing
safer, healthier, and more personalized nutrition for pets, shaping the industry's future.

Keywords: Machine learning, pet food, personalized nutrition, quality control, consumer
preferences, artificial intelligence.
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2 Maj mapyambLIBIFBIH 6acKapy 0esiiMi, BeTepuHapus skoHe MaJl IAPYaMIbLILIFBI KOJLIEKI,
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Yi orcanyapnapvina apunanzan azvik-mynik undycmpusacel mamunanvlk oxoimyovt (ML) enzizy aprwiiv
KapkbiHOvl O0amvin Kenedi. ML unzpeouenmmepoi owmaiinel yiinecmipy, cananvl 0aKbliayObl Kyuieimy,
mamaKmaunyowvl HcekeneHoipy HcIHe MYMbIHYUIbl MAI2AMbIH 001dCay CananapulHoa Maublzovl poj amKapaool.
Tepenoeminzen oxvimy, HuvlRaUmMBLIZAH OKbIMY Jcone mabdueu mindi ondey (NLP) adicmepin Konoamy yit
Jcanyapnapol azvl2blH OHOIpY RPOUECiH dHcemindipin, muimOilikmi apmmolpvin, HCAHYAPAAPOLIY OEHCAYIbIZbIH
Jcakcapmyza viknan emedi. byn wony ML-0iy yit scanyapinapsl azvl2bl canacblHoagvl Hezizei Koa0anoéanapvln
Kapacmulpsin, Ka3ipzi manoazol KUbIHOBIKIMAPObl mMaioaiiovl yHeane donamax, dazeimmaposvt anvikmaiovt. Conoait-
aK, MaKanaoa yii JHcaHyapaapvlHa apHAI2aH a3blK CanacvlHoa Koaoauwliamuvin apmypai ML adicmepine
canvicmuipmansl manoay snacanaovl. MawiuHanvik, OKbimy yil JHcaHyapaapsvl a3vl2bl CAAACHIH UHZPEOUeHmmepoi
OHMANAHObIPY, CANAHBL OAKBIAAYObL HCAKCAPMY IHCIHE MYMBIHYUIbL MANAMBIH 0071IcAY apKbliabl myobdezeiini
o032epmin keneoi. Anaiioa, AI-0v1 Ken Konemoe enzizy ywiin 0epexmepoiy, wieKkmeyninizi, pemmeywi mananmap,
ecenmey WbIZLIHOAPLL JHCIHE MYMBIHYWIBLIAD CEHIMI CUAKmMbl Macenenepoi wiewty xaxycem. Yil scaunyapnapvina
apuanzan azvl onodipicinoezi AI-ovtny Gonawazvr mycinikmi Al, 6n0Kuellnmen UHMEZPAUUAIAHIAH MHCEMKIZY
mizoexkmepi, IoT nezizindezi yii scanyapiapvinvlyy 0eHCAYAbIZbIH OAKbLAAY HCIHE CUHMEMUKANBIK 0epPeKmepMeH
acymuic icmeiimin ML mooenvoepi cuaxkmor mexnonozuanapza oOaiinanvicmol. Texnonozua oamwviean caiivin Al
Kayincis, naioanvl dcoHe NHceKeAeHOIpinzen mamakmanyobl KAMmMAMAchl3 emyoe MAanbvi30bl posl amkapuvin, yi
JCAHYAPAAPL A3b1261 UHOYCMPUACHIHBLY, DONAULAZLIH KATTBINMACIMbIPAODL.

Herisri ce3nep: MalIMHAJBIK OKBITY, Yil KaHyapJapblHA apHAJIFaH KeM, KeKeJIeHAipuireH
TaMaKTaHy, TAaFaM/Ibl 0aKbL1ay, TYTHIHYIIBLIAPABIH KAJAYbl, KACAHABI HHTEJIEKT.
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I'nobanvnasa undycmpus KOpmMo8 0N OOMAWIHUX JICUGOMHBIX CHMPEMUMENbHO pazeusaemcs 0nazooaps
UHmMeZPAYUU MEXHONO02UN MAuunHo20 ooyuenus (ML). ML uzpaem Kaioueeyio ponb 6 ONMUMU3AUUU COCIMABA
UHZPEOUEHMO08, YIYUIMEHUN KOHRMPO/IA KAYecmea, NePCoOHANU3AuUY RUMARUA U NPOZHO3UPOGAHUU NPEONOUmMeHUl
nompeoumeneii. Hcnonv3oeanue 2nypoxozo obyuenus, 00yuenus ¢ noOKpenieHuem u 00padomKu ecmecmeenno20
asvika (NLP) mpancghopmupyem npouecc npouzeoocmea KOpmMo€ 01 OOMAUIHUX IHCUGOMHBIX, NOGLLULAA €20
appexmusnocms u obecneuugan nyuuiee 300poéve nunomyes. B oannom o0630pe paccmampuesaionmca ocHoeHble
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oonacmu npumenenus ML 6 nayke o Kopmax 011 0OMAWIHUX HCUGOMHBIX, 0OCYIHCOAIOMCA MeEKyujue npooiemsl u
0003HaUaIOMCA nepcneKmugHvle HANPasIenusa pazgumun. B cmameve maxoice npogoounica cpagHumenvHull AHATU3
paznuunvix memoooe ML, npumensemvix ¢ cekmope KOpMO8 014 0OMAWIHUX Hcusomnuwvix. Mawunnoe odyuenue
MeHAEem UHOYCHMPUIO KOPMOG, ONMUMUIUDPYA (POPMYIUPOGAHUE UHZPEOUCHMOG, YAYUULAA KOHMPONb Kauecmea u
npozuosupya npeonoumenus nompeodoumeneil. O0naxo wiupoxkomacuimaonoe eéneopenue HH cmanxkusaemcsa c
makumu npooénemamu, KaK 0ZPAHUYEHHOCHIb OAHHBLIX, HOPMAMUGHbIE MPEOO6aAHUA, GbICOKUE GLIYUCIUMEIbHbIE
3ampamol u 6ONRPOCHL 006EPUs CO CMOPOHBL nompeodumeneil. Bydyuiee unnosayuit 6 oonacmu Kopmog 014 00MauwtHux
Jcueomuulx, ocnogannvix na UH, ceazano c odvacnumvim HHU, unmezpupo6anHsimu ¢ 010KYEUHOM YenouKkamu
nOCMAGOK, MOHUMOPUHZOM 300p08bA numomues Ha ocnoge Unmepnema eeweir (IoT) u modenamu mawiunnozo
odyuenus, padbomarowyumu Ha cunmemuydeckux oauusix. Ilo mepe pazeumus mexunonouit HU dyoem uzpamo 6ce
0onee eaxcuyw ponv 6 obecneueHuu 0Oonee 0e30NACHO20, 300P06020 U NEPCOHATUUPOBAHHO20 RUMAHUA ONA
OOMAUWIHUX HCUBOMHDBIX, popmupysa Oyoyuiee Imoil UHOYCHmPUu.

KiroueBble cjioBa: MalluHHOE oﬁyqelme, KOpM Jid JOMAIIHMUX KUBOTHBIX, NEPCOHAIU3IUPO-
BAaHHOC MMTAHUE, KOHTPOJ/Ib Ka4eCTBAa, HOTpeGHTeJII)CKI/Ie npeamnouTreHus, I/ICKyCCTBeHHin/i HHTEJJICKT.

Introduction improve production efficiency, and enhance food

The pet food industry has experienced safety through automated quality checks.
significant growth over the past decade, fueled by 1.2. The Role of Machine Learning in Pet
increasing pet ownership, heightened awareness of Food Innovation
pet health, and demand for high-quality, Machine learning, a subset of Al, involves
customized nutrition. The global pet food market is the use of algorithms that learn from large datasets
projected to reach $150 billion by 2030, with a and make data-driven decisions without explicit
compound annual growth rate (CAGR) of programming. In the pet food industry, ML plays a
approximately 6% [1] This rapid expansion is crucial role in:
driven by shifting consumer preferences toward 1. Ingredient Optimization and Nutritional
organic, grain-free, and functional foods that Formulation — ML models analyze vast amounts of
address specific pet health concerns, such as nutritional data to develop well-balanced pet diets
obesity, allergies, and digestive issues [1]. As pet tailored to factors such as breed, age, weight, and
owners become more educated about animal health conditions. Predictive algorithms help
nutrition, they seek products that are not only identify optimal ingredient combinations, ensuring
palatable but also scientifically optimized for their high palatability and digestibility while minimizing
pets’” well-being. costs [2].

1.1. The Evolution of Pet Food Science 2. Quality Control and Food Safety

Historically, pet food formulation was based Monitoring — Al-powered computer vision and deep
on empirical research, industry best practices, and learning techniques detect contaminants, assess
nutritional guidelines provided by organizations ingredient consistency, and monitor food production
such as the Association of American Feed Control lines in real time, reducing the risk of defective or
Officials (AAFCO) and the European Pet Food unsafe products reaching consumers [2].
Industry  Federation (FEDIAF) [2]. These 3. Personalized Pet Nutrition and Health
guidelines ensured that commercial pet food met Prediction — ML-driven platforms integrate pet
basic dietary requirements, but they lacked health records, genetic data, and activity tracking
personalization and real-time adaptability to from smart devices to recommend customized meal
individual pet needs. Traditional manufacturing plans that address specific health conditions such
methods also relied heavily on trial-and-error as diabetes, obesity, and kidney disease [3]
testing, which was time-consuming, resource- 4. Consumer Preference Prediction and
intensive, and often resulted in suboptimal Market Insights — Al models analyze social media
formulations. With the rise of big data and artificial trends, online reviews, and purchasing patterns to
intelligence (Al), machine learning (ML) has help manufacturers understand pet owners'
emerged as a transformative tool in the pet food preferences and predict emerging market trends [3].
industry. ML-driven approaches allow for precise 1.3. Data-Driven Pet Food Development
ingredient selection, real-time quality control, One of the most significant contributions of
predictive analytics for pet health, and enhanced ML in pet food production is its ability to harness
consumer preference modeling [2]. These vast datasets from various sources, including
advancements have enabled pet food veterinary research, consumer feedback, ingredient

manufacturers to create highly customized diets,
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suppliers, and regulatory bodies. By integrating
data-driven insights, manufacturers can:

e Reduce dependency on animal testing by
simulating the impact of diet changes in silico.

e Improve sustainability by identifying
alternative protein sources, such as insect-based or
lab-grown ingredients, that provide optimal
nutrition while reducing the carbon footprint [3].

e Enhance supply chain efficiency by
predicting ingredient shortages and optimizing
procurement strategies.

1.4. The Growing Need for ML in the Pet
Food Industry

As consumer expectations for pet food
guality and transparency increase, ML has become
a vital tool in addressing industry challenges,
including:

e Regulatory Compliance — Al-driven
models ensure that ingredient compositions adhere
to AAFCO, FDA, and European regulations,
reducing the risk of non-compliance [4].

e Food Recalls and Safety Issues — Machine
learning helps identify potential contamination
risks and predict equipment malfunctions before
they occur, thereby minimizing recalls and
ensuring food safety [4,5,30]

e Economic and Supply Chain Optimization
— Predictive analytics allow manufacturers to
manage raw material costs and optimize inventory
levels based on fluctuating demand [5].

1.5. Challenges in ML Adoption

Despite its advantages, the implementation
of machine learning in the pet food industry faces
several hurdles:

1. Data Quality and Availability — ML
models require high-quality, standardized datasets,
which are often fragmented across different
sources and formats (Kim et al., 2023).

2. High Computational Costs — Training
complex Al models requires significant
computational power, which may be a barrier for
smaller manufacturers.

3. Consumer Trust and Transparency — Pet
owners are increasingly skeptical about Al-driven
food production; ensuring transparency in ML-based
decisions is crucial for consumer confidence [4].

4. Integration with Traditional
Manufacturing — Many pet food companies rely on
legacy systems that are not easily compatible with
Al-powered automation.

2. Quality Control and Safety Monitoring

Food safety is a critical concern in the pet
food industry, as contamination, spoilage, and
ingredient inconsistencies can pose serious health
risks to pets. Unlike human food, pet food is often
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produced in bulk and stored for extended periods,
increasing the likelihood of bacterial growth, mold
contamination, and nutrient degradation [6,29].
Additionally, the globalization of ingredient supply
chains makes quality control more challenging, as
raw materials may be sourced from multiple
suppliers with varying standards of safety and
consistency. To address these challenges, the pet
food industry is increasingly turning to machine
learning (ML) and artificial intelligence (Al) to
enhance quality assurance processes. ML
techniques enable real-time monitoring, early
detection of contaminants, and predictive analytics
to prevent food safety issues before they escalate
[7,28]. By integrating computer vision, deep
learning, anomaly detection algorithms, and
sensor-based quality assessments, ML significantly
improves food safety standards while reducing
waste and optimizing production efficiency.

Key ML Techniques Used in Quality Control
and Safety Monitoring

2.2.1. Computer Vision and Convolutional
Neural Networks (CNNs)

Computer vision (CV) combined with
convolutional neural networks (CNNs) is one of
the most effective ML techniques used for pet food
quality control. CNNs, a subset of deep learning,
are designed to analyze and classify images,
making them ideal for detecting physical
contaminants, assessing food texture and color
consistency, and identifying spoiled or damaged
products [7,8].

Applications for CNNs in Pet Food Safety:

Foreign Object Detection: CNNs can
automatically scan pet food images and detect
foreign objects such as plastic, glass, and metal
particles. This reduces reliance on manual
inspections, which are prone to human error.
Spoilage Detection: Image recognition models
trained on thousands of pet food samples can detect
early signs of mold, discoloration, or texture
degradation. This prevents contaminated products
from reaching the market. Automated Label
Inspection: CNN-based systems verify that labels
contain accurate ingredient information, expiration
dates, and regulatory compliance details.

2.2.2. Support Vector Machines (SVMs)
for Chemical Composition Analysis

Support Vector Machines (SVMs) are
widely used in the food industry for classifying and
analyzing food composition based on chemical
properties [9]. In the pet food industry, SVMs play
a key role in: Ingredient Verification: SVMs
process spectral data from near-infrared (NIR)
spectroscopy to confirm ingredient authenticity
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and detect adulterants. Nutrient Content
Classification: ML models analyze food samples to
ensure they meet nutritional specifications for
protein, fat, fiber, and vitamin content. Microbial
Contamination Detection: SVM classifiers can
detect harmful bacteria such as Salmonella and E.
coli in raw materials and finished products.

2.2.3. Anomaly Detection Algorithms for
Supply Chain Monitoring

Anomaly detection algorithms play a crucial
role in identifying irregularities in the pet food
supply chain. These ML models can process large
datasets from multiple sources (e.g., ingredient
suppliers, production lines, storage facilities) to
detect deviations from expected patterns [9,27].

Applications for Anomaly Detection in Pet
Food Safety:

Supply Chain Fraud Detection: ML
algorithms monitor ingredient shipments and flag
suspicious activity, such as mislabeled ingredients
or unauthorized substitutions. Temperature &
Storage Condition Monitoring: IoT sensors collect
real-time data on storage conditions, and anomaly
detection models predict potential spoilage due to
temperature fluctuations. Early Detection of
Equipment Malfunctions: Predictive maintenance
algorithms analyze machine performance data to
identify potential breakdowns that could lead to
production defects.

2.4. Consumer Preference Prediction and
Market Insights

Understanding consumer behavior and
preferences is essential for pet food manufacturers
aiming to stay competitive in an increasingly
dynamic market. The pet food industry has seen a
shift toward premium, organic, grain-free, and
functional pet foods that cater to specific health
needs, including weight management, allergy
control, and digestive health [10,26]. Pet owners
today are more informed and selective, relying on
online reviews, social media, and expert
recommendations to make purchasing decisions.
Machine learning (ML) has revolutionized market
analysis by leveraging big data from e-commerce
platforms, customer reviews, social media
discussions, and sales records to predict consumer
demand. ML-driven models can analyze vast
amounts of textual and numerical data to identify
emerging trends, assess customer sentiment, and
provide personalized product recommendations.
These insights help manufacturers optimize
product development, improve  marketing
strategies, and enhance customer satisfaction
[10,11,25].
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Key ML Techniques Used in Consumer
Preference Prediction

2.4.1. Sentiment Analysis Using Natural
Language Processing (NLP)

Natural Language Processing (NLP) is a
subfield of ML that enables computers to
understand and interpret human language.
Sentiment analysis applies NLP techniques to
analyze  customer reviews, social media
discussions, and forum posts to gauge consumer
satisfaction and product perception [11,24].

Applications for Sentiment Analysis in
Pet Food Industry:

o Identifying ~ Consumer  Preferences:
Extracts key themes from product reviews (e.g.,
taste, ingredients, packaging) to determine what pet
owners value most.

e Trend Prediction: Detects shifts in
consumer demand, such as increasing preference
for high-protein, hypoallergenic, or plant-based pet
foods.

» Brand Reputation Management: Monitors
customer feedback to assess brand perception and
address concerns proactively.

2.4.2.  Collaborative
Personalized Recommendations

Collaborative filtering is a Machine learning
technique commonly used in recommendation
systems. It analyzes consumer purchase histories,
browsing behavior, and preference patterns to
suggest personalized pet food products [11,25].

Applications for Collaborative Filtering in
the Pet Food Industry:

o Customized Product Suggestions:
Recommends pet food based on past purchases and
preferences of similar customers.

e Cross-Selling and Upselling: Suggests
complementary products such as supplements or
treats based on a pet owner’s purchase history.

e Customer Retention Strategies: Uses
behavioral data to identify at-risk customers and
offer promotions or loyalty incentives.

2.4.3. Predictive Analytics for Market
Trend Forecasting

Predictive analytics uses ML algorithms to
analyze historical sales data, customer preferences,
and economic factors to forecast future demand
[11,24] (Table-1).

Applications of Predictive Analytics in Pet
Food Industry:

e Demand Forecasting: Predicts on which
products will be in high demand based on seasonal
trends and economic shifts.

Filtering  for
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e Inventory Optimization: Prevents
overstocking or understocking by aligning
production with forecasted demand.

Table 1. ML Techniques for Consumer Preference Prediction

e Price Optimization: Determines the best
pricing strategy based on competitor analysis and
customer purchasing behavior.

| ML Technique ||

Application

||Accuracy|| Industry Use |

|Sentiment Analysis (N LP)“

Analyzing customer reviews

|| 92% ||Consumersatisfaction assessment|

| Collaborative Filtering |[Personalized product recommendations|| 88% || Al-driven pet food suggestions |

| Predictive Analytics |

Demand forecasting

|| 91% || Market trend analysis |

3. Challenges in Implementing Machine
Learning in Pet Food

The integration of machine learning (ML) in
the pet food industry has demonstrated significant
potential in optimizing ingredient formulation,
quality control, supply chain monitoring, and
consumer behavior analysis. However, despite its
advantages, the widespread adoption of ML faces
several challenges. These challenges include data
limitations, regulatory compliance, computational
costs, and consumer trust. Addressing these issues
is crucial for fully leveraging the benefits of Al-
driven pet food innovation.

3.1. Data Limitations: The Need for High-
Quiality, Labeled Datasets

One of the most significant barriers to
implementing ML in pet food is the availability and
quality of training data. ML models require large,
well-annotated  datasets to make accurate
predictions regarding ingredient optimization, food
safety, pet health, and consumer preferences
[12,13,23]. However, data collection in the pet
food industry is fragmented, making it difficult to
train robust Al models.

Key Challenges with Data in the Pet Food
Industry:

1. Lack of Standardized Datasets:
Unlike human nutrition, there is limited structured
data on pet-specific dietary needs, making it
difficult for ML models to generalize across
different breeds, ages, and health conditions.

2. Data Silos &  Proprietary
Information: Many pet food companies restrict
access to proprietary datasets, limiting cross-
industry collaboration.

3. Scarcity of Labeled Training Data:
Annotating large datasets, such as images for
defect detection or veterinary health records for

predictive nutrition, is labor-intensive and
expensive.
4. Ethical & Privacy Concerns: The

collection of pet health data from smart devices
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(such as 10T pet feeders and wearables) raises data
privacy concerns.

Potential Solutions:

o Data Sharing Initiatives: Encouraging
collaborative Al models where pet food
manufacturers share anonymized datasets to
improve overall ML accuracy.

o Synthetic Data Generation: Al-generated
synthetic datasets can help train ML models in the
absence of real-world labeled data [13,14].

o Federated Learning: Instead of requiring
centralized datasets, federated learning allows Al
models to train across multiple decentralized
databases, improving accuracy while preserving
privacy [14,22].

3.2. Regulatory Compliance and Ethical
Considerations

The pet food industry is subject to strict
regulatory guidelines that dictate ingredient safety,
nutritional standards, and labeling transparency.
ML-based formulations and quality control
mechanisms must comply with these regulations to
ensure food safety and avoid legal risks [14,15,21].

Key Regulatory Challenges:

1. Al-Generated Formulations Must
Meet Regulatory Standards: ML  models
optimizing pet food formulations must adhere to
AAFCO (Association of American Feed Control
Officials), FDA (U.S. Food and Drug
Administration), and FEDIAF (European Pet Food
Industry Federation) guidelines.

2. Black-Box Al Decisions: Many
ML models, especially deep learning networks,
operate as "black boxes,” meaning they make
decisions without human-explainable reasoning.
This lack of transparency can make regulatory
approval difficult [14,20].

3. Risk of Bias in Al Models: If ML
models are trained on biased datasets, they may
produce inaccurate or non-compliant nutritional
recommendations, leading to health risks for pets.

Potential Solutions:
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e Explainable Al  (XAl): Developing
interpretable ML models that regulators and
nutritionists can audit to ensure compliance
[15,19].

o Automated Compliance Checks: Using
Al-driven regulatory compliance systems to
automatically validate ingredient formulations
against pet food safety guidelines.

o Ethical Al Frameworks: Implementing Al
ethics principles to ensure fair, unbiased, and

transparent  decision-making in pet food
formulations.
3.3. Computational Costs and

Infrastructure Requirements

ML models, particularly deep learning
algorithms used for computer vision, NLP, and
predictive  analytics, require  significant
computational power, data storage, and
infrastructure [15]. This presents a major barrier,
particularly for small and medium-sized pet food
manufacturers that lack Al expertise or access to
high-performance computing resources.

Key Challenges with Al Infrastructure:

1. High Costs of Al Model Training:
Training deep learning models can require cloud
computing resources or powerful GPUs, increasing
operational costs.

2. Scalability Issues: Al-driven pet food
production needs to be scalable across different
production facilities and ingredient suppliers.

3. Integration with Legacy Systems: Many
pet food companies rely on traditional
manufacturing equipment that is not compatible
with Al-based automation.

Potential Solutions:

e Cloud-Based Al Services: Using cloud-
based ML platforms (Google Cloud Al, AWS ML)
to reduce on-premises infrastructure costs.

e Edge Al for Real-Time Processing:
Deploying lightweight Al models that can process
data locally on loT sensors instead of relying on
expensive cloud computing [16].

o Hybrid Al Models: Combining rule-based
automation with ML algorithms to optimize
computational efficiency while ensuring cost-
effectiveness.

3.4. Consumer
Transparency

Despite ML’s potential in personalized
nutrition, safety monitoring, and quality assurance,
pet owners may be skeptical about Al-driven pet
food recommendations [16].  Establishing
consumer trust is essential for the successful
adoption of Al-powered pet food innovations.

Key Consumer Trust Challenges:

Trust and Al
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1. Transparency in Al Decision-
Making: Many pet owners want to understand how
Al-powered pet food formulations are created
before trusting them.

2. Concerns About Artificial
Ingredients: If Al models recommend alternative
proteins or synthetic ingredients, consumers may
hesitate to adopt such products.

3. Data Privacy Concerns: ML
models analyzing pet health data need to comply
with data privacy regulations, similar to human
health data protection laws.

Potential Solutions:

e Human-Al Collaboration: Combining Al
insights with human pet nutritionists to improve

consumer confidence in Al-driven dietary
recommendations.
e Education and Awareness: Providing

transparent explanations about how Al models
select pet food ingredients and ensuring that ethical
sourcing is a priority.

e Consumer-Centric ~ Al:  Implementing
explainable recommendation systems, allowing pet
owners to adjust Al-generated diet plans based on
personal preferences.

4. Future Directions and Opportunities

As Al adoption in the pet food industry
continues to grow, emerging technologies such as
blockchain integration, loT-enabled smart feeding
systems, and Al-powered pet health monitoring
will drive innovation.

Key Future Research Areas:

1. Explainable Al for Ingredient
Optimization: Developing more interpretable ML
models to create transparent, data-driven pet food
formulations.

2. Real-Time Pet Health Monitoring & Al-
Based Diet Adjustments: Using wearable pet health
devices to monitor pet activity, digestion, and
overall health, adjusting diet recommendations in
real-time [17].

3. Al-Powered Smart Feeders: Integrating
ML models into loT-based smart pet feeders that
automatically dispense personalized meals based
on a pet’s health data.

4. Synthetic Data to Overcome Data
Scarcity: Al-generated synthetic datasets can train
ML models when real-world labeled data is
insufficient [17,18].

Conclusion

Machine learning is revolutionizing the pet
food industry by enhancing ingredient formulation,
quality control, and consumer preference
prediction. However, challenges such as data
limitations, regulatory compliance, computational
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costs, and consumer trust must be addressed for
full-scale Al adoption. The future of Al-powered
pet food innovation lies in explainable Al,
blockchain-enhanced supply chains, loT-based pet
health monitoring, and synthetic data-driven ML
models. As technology continues to evolve, Al will
enable safer, healthier, and more personalized
nutrition for pets, transforming the pet food
industry for years to come.
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PROTEOLYTIC ENZYMES FOR IMPROVING THE PROPERTIES OF
MEAT PRODUCTS FROM NON-TRADITIONAL RAW MATERIALS
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In this scientific article the influence of enzymatic treatment on the quality of meat products from non-
traditional raw materials (camelina, horse meat, mutton, beef) was studied. Bromelain (0.5-0.2%), papain (0.1-0.3%)
and ficin (0.1-0.5%) as well as their combination were used as enzymes. To improve functional and technological
characteristics, a multicomponent brine containing plant components (sea buckthorn powder, pumpkin powder and
goji berry extract, rosemary extract), plant enzymes, phosphates and protein hydrolysates were used. The results
showed that the use of enzymes contributed to the softening of the meat structure, improving the juiciness and
tenderness of the product. The most pronounced effect was observed in samples treated with papain, while ficin had
the greatest effect on mutton and beef. The study of pH dynamics showed that without enzyme treatment, pH increased
to 6.67 after 5 days, indicating initial signs of spoilage. At the same time, the combined application of enzymes kept
the pH at a stable level (6.20), which helped to extend the shelf life of the product. Thus, the use of proteolytic enzymes
in combination with multicomponent brine improves the texture, organoleptic characteristics and functional and
technological properties of meat products, which can be recommended for industrial production.

Keywords: enzyme preparations, goji berry extract, dietary fibre, camel meat, inoculation.

NPOTEOJUTUYECKHUE ®EPMEHTHI JIJIA YIYUIIEHUSA CBOMCTB MSACHBIX
MNPOAYKTOB U3 HETPAJJUIIMOHHOI'O ChIPHA

M.O. KO)KAXUEBA, M.O-A. KAJI[JAPBEKOBA*, A.K. KYPMAHBEKOBA

(AO «AnNMaTHHCKHUIi TEXHOJOTHYeCKUIl YHUBEPCUTET,
Pecnyosiuka Ka3zaxcran, 050012, r. Aamarsl, yi. Tose 6u, 100)
DekTpoHHas ouTa aBTopa-koppecnonaenta: kaldarbekovam@mail.ru*

B oannoii nayunoii cmamove uszyueno eausHue hepmeHmMAmusHou 00PAGOMKU HA KAUeCmEo MIACHBIX
RPOOYKMO8 U3 HEMPAOUUUOHHOZ0 MACHOZ20 CbIpbs (6epOIIONCAMUNHA, KOHUHA, dapaHuHa, 206sduna). B kauecmee
epmenmos ucnonvzosanu opomenaun (0,2—0,5%), nanaun (0,1-0,3%) u Quyun (0,1-0,5%), a maxxnce ux
KomoOunauyuio. s yayuwenus (DYHKUUOHAIbHO-MEXHOI0ZUMECKUX — XAPAKMEPUCHUK npumMeHsIu
MHO2OKOMROHEHNIHbLIL PACCOJI, COOEPHCAWUT PACHUMETbHbIE KOMHOHEHMbL (NOPOUWLIOK 00/1enuxu, MuvlK6eHHbL
ROPOWLOK U IKCHIPAKM 200 200U, IKCHIPAKM PO3MAPUHQ), pacmumenbHble (epmenmol, pochamot u dexosvle
euopoauzamel. Pesynomamol noxazanu, umo UcCnonb3oeaHue (QHepmMeHmos CnOCOOCMEOBANO PA3ZMAZHEHUIO
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