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ABSTRACT

Shrinkflation—the practice of reducing product size or quantity while maintaining price—has become
increasingly prevalent in the Fast-Moving Consumer Goods (FMCG) sector. With a focus on artificial
intelligence (Al) technologies, this paper provides a comprehensive review of recent advancements in
shrinkflation detection. Conventional methods of identifying shrinkflation, like manual comparisons and
user feedback, usually fall short when confronted with minor variations and the vast volume of products.
However, significant advancements in image recognition, natural language processing, and data analytics
are made feasible by artificial intelligence (Al), which enables more accurate and timely detection of
shrinkflation activities.

From its early applications to the most recent developments that help businesses and consumers alike, the
paper examines how Al has evolved in this setting. It also looks at the challenges Al faces, including as
issues with data quality, the intricacy of product variations, and moral conundrums. Through case studies,
the study illustrates how Al may be used effectively to detect shrinkflation in the FMCG sector. It also
discusses potential future developments that could enhance these technologies even further. The findings
suggest that even though Al has greatly enhanced the ability to detect shrinkflation, further advancements
and a better integration with other technologies are required to maintain market openness and customer
confidence.
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INTRODUCTION

Overview of Shrinkflation: Define Shrinkflation and its Significance in the FMCG
Sector

Overview of Shrinkflation

Definition of Shrinkflation: The process of decreasing a product's weight, size, or quantity while
maintaining its price is known as shrinkflation. Rather than jacking up costs, manufacturers quietly change
the product—usually by changing its weight, volume, or packaging—so that customers receive less of what
they pay for. In the highly competitive and price-sensitive Fast-Moving Consumer Goods (FMCG) industry,
this approach is very common.

Significance in the FMCG Sector: Food, drink, toiletries, cleaning supplies, and other fast-moving
consumer goods (FMCG) are examples of products in this fiercely competitive market. Businesses in this
industry face ongoing pressure to control manufacturing costs and hold onto market dominance. In a market
where consumers are price-sensitive, these businesses can avoid outright raising prices by using
shrinkflation. Instead, companies can preserve their profit margins by lowering the size or quantity of their
items while maintaining consistent prices, which makes this a crucial tactic in the FMCG industry.

Importance of Detection for Consumers: Consumers must recognize shrinkflation since it has an
immediate impact on their purchasing power and the amount of money they spend. When customers don't
understand the item they are buying has been lowered in size or quantity, they may unwittingly pay more for
less. This may eventually cause consumers to gradually lose faith in brands and feel deceived. If consumers
are aware of shrinkflation tactics, they can compare items more efficiently and look for alternatives when
necessary, which will help them make smarter purchase decisions.

For Businesses: Businesses might gain strategic benefits by identifying shrinkflation in the products of
their rivals. Companies can use this data to adjust their own pricing and product strategies in-order to remain
competitive. Furthermore, being open and honest about product modifications fosters customer loyalty and
trust more than taking a chance on negative reactions in the event that shrinkflation is exposed. It's also
critical for firms to recognize and identify shrinkflation in order to steer clear of any ethical or legal
ramifications from deceiving customers.

Role of Al in Detecting Shrinkflation Trends

Introduction to Al as a Detection Tool:

Acrtificial Intelligence (Al) has emerged as a significant tool in detecting shrinkflation patterns, delivering
unprecedented precision, speed, and scale in analysis. Al technologies, including machine learning, picture
recognition, and natural language processing (NLP), can evaluate enormous volumes of data to spot minute
changes in product size, packaging, and pricing that could be missed by human observers.

e Image Recognition: Al is capable of comparing product photos taken over time to identify
variations in packing size or style that might be signs of shrinkflation. Al, for instance, can examine
food product photos to identify weight or volume decreases in packages that are not immediately
noticeable to the human eye.

e Natural Language Processing (NLP): NLP is another tool that Al can use to look for discrepancies
or modifications that can indicate shrinkflation in product labels, descriptions, and marketing
materials. Al can identify a possible case of shrinkflation, for example, if a product description is
changed to gently downplay a drop in size.

e Data analytics: Using historical pricing and quantity data for a range of items, Al-driven data
analytics can spot shrinkflation trends. Al can determine when a product's unit price has effectively
increased owing to a reduction in size even while the price tag stays the same by evaluating sales
data.
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Advantages of Al:

In order to identify shrinkflation, artificial intelligence (Al) has various benefits. These include the ability to
quickly process and analyze enormous amounts of data, the ability to identify patterns that people might
miss, and real-time insights. Furthermore to giving customers more control, this aids companies in tracking
industry trends, remaining competitive, and upholding openness.

In conclusion, Al is critical to detecting and mitigating shrinkflation in the FMCG industry, which benefits
companies and customers alike by encouraging openness and well-informed decision-making.

LITERATURE REVIEW

Kashish Goyal, Parteek Kumar & Karun Verma (2021) states in their research that Food adulteration is
a dishonest practice whereby food customers are misled for financial benefit. Its potential to harm the
public's health and degrade food quality or nutritional value has been a big worry. Since the turn of the
century, the food sector has been deeply troubled by a food fraud that has garnered public attention. Food
authenticity and adulterant detection in different food items should be taken into consideration to safeguard
consumers from fraudulent operations. In the fields of food science and engineering, artificial intelligence
has proven to be an advanced technological tool. Our goal in this research is to systematically declare the
significance of artificial intelligence in food adulteration detection. Through its applications, the potential of
deep learning and machine learning in food quality has been examined. In this review, several internet data
sources for determining food quality have been covered. Emphasis has been placed on the many approaches
of detecting food adulteration and the elements considered in determining the food's quality. The datasets
and results of the state-of-the-art methods have been compared in various ways. The study's findings will
assist the researchers in their analysis of the best method for judging food quality. It will help them find
food items that have been the focus of multiple studies as well as relevant directions for additional research.

StephenWilkins, Carina Beckenuyte, Muhammad Mohsin Butt (2016), their study aims to determine
how much consumers know about air filling in food packaging, how much cognitive dissonance is caused
by deceptive packaging and slack filling (which frequently happen as a result of package downsizing), and
how much post-purchase negative behaviors are caused by feelings of cognitive dissonance and deception.

Beck, J. (2022); this review examines the idea of shrinkflation, emphasizing the effects it has on the
economy and consumer behavior. It looks at several case studies where shrinkflation has been used in
various product categories and geographical areas. According to the literature, businesses frequently employ
shrinkflation as a covert tactic to preserve profit margins in the face of growing expenses. It also discusses
how customers view shrinkflation and how that affects their decisions to buy and stick with a brand.
Understanding the larger context of shrinkflation and the economic forces pushing businesses to use this
tactic is made easier with the help of this review. It highlights the shortcomings of conventional techniques
in capturing shrinkflation tendencies and paves the way for further investigation into how Al can offer more
potent solutions for identifying these minute changes.

Patel, A., & Singh, R. (2023), with regard to applications in the FMCG sector, this research offers a
thorough examination of how Al technologies are revolutionizing the retail sector. It discusses
developments in data analytics, picture identification, and natural language processing, highlighting their
applicability to demand forecasting, inventory control, and customer insights. The assessment also addresses
the difficulties in using Al in retail settings, including problems with data quality, managing massive
amounts of data, and the requirement for reliable algorithms to handle a variety of product variations.
Through an examination of existing Al applications and their efficacy, this research highlights Al's potential
to improve shrinkflation detection. In order to comprehend how Al may be improved to detect shrinkflation,
it is also important to address the gaps and limits that remain to be filled.
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EVOLUTION OF Al IN SHRINKFLATION DETECTION
Early Methods of Detection:

Before the advent of Al technologies, detecting shrinkflation relied on more traditional, manual approaches:
1. Manual Comparison:

o In order to detect shrinkflation, consumers and consumer advocates would frequently use
side-by-side product comparisons. This would entail comparing a product's size, weight, or
volume in physical terms to its prior iterations. For example, a consumer may observe that a
cereal box they frequently buy is smaller than it used to be or has less product, which would
prompt them to check the label for changes in weight or volume.

o Price Per Unit Analysis: Some consumers would compute the price per unit (e.g., price per
ounce or gram) in order to ascertain whether they were receiving less product for their
money. This required close attention to product labels and frequently involved mental or
written calculations to compare the current and previous unit prices.

2. Consumer Reports:

o Media sources and consumer advocacy groups were crucial in recognizing and publicizing
shrinkflation. These groups would frequently carry out in-depth analyses, comparing product
weights, sizes, and costs over time. After that, they would release consumer reports with their
findings, warning people about shrinkflation.

o Campaigns for Public Awareness: These studies would occasionally spark larger public
awareness initiatives to inform consumers about shrinkflation. Articles, TV shows, or social
media posts showecasing particular instances of shrinkflation in well-known products may fall
under this category.

3. Retailer Feedback:

o Retailers occasionally gathered input from customers who reported shrinkflation to customer
service or store managers. These comments can trigger internal evaluations or changes to the
pricing or marketing of the products.

4. Regulatory Oversight:

o Regulatory agencies in some areas would keep an eye on pricing and product labeling to
make sure that customers weren't being duped. But rather than using proactive detection, this
approach was frequently reactive, depending instead on reports or complaints from
customers.

Although these techniques had some degree of success, they were labor-intensive, highly dependent on
customer awareness, and frequently unreliable. The majority of shrinkflation detection was done by hand,
requiring a lot of work and lacking the scalability and accuracy required to monitor minor or widespread
occurrences across numerous products.

Introduction of Al in Shrinkflation Detection:

As the complexity and prevalence of shrinkflation increased, Al technologies began to be applied in its
detection, offering significant improvements in speed, accuracy, and scale:

1. Al-Driven Image Recognition:

o Image recognition technology was one of the earliest uses of Al in shrinkflation detection. Al
systems may examine product photos over time, analyzing details like size, labeling, and
packaging to identify any variations. This was especially helpful in spotting weight or
package size reductions that were minor and might not have been noticed by the naked eye.

o Automated Comparisons: Artificial intelligence has the potential to swiftly scan thousands
of product photos to find shrinkflation patterns by automating the comparison process across
big datasets. This made it possible to detect shrinkflation on a far bigger scale and did away
with the requirement for manual side-by-side comparisons.
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2. Natural Language Processing (NLP):

o Al's natural language processing (NLP) skills made it possible to analyze product labels,
descriptions, and advertising. Al could detect changes in product descriptions, like omitting
information about ingredient or size changes, by analyzing language on packaging or in
commercials.

o Sentiment Analysis: To identify when customers were talking about shrinkflation and to
provide early alerts of possible problems, NLP might also examine social media postings and
customer reviews.

3. Big Data Analytics:

o It was feasible to track product prices, sizes, and weights across numerous stores and time
periods because to Al's capacity to handle and analyze massive amounts of data. Al could
detect shrinkflation-related patterns by evaluating this data, such as a steady decline in
product weight without a matching drop in price.

o Predictive analytics: Using past data and market trends, sophisticated machine learning
models may even be able to forecast future shrinkflation episodes, giving businesses and
customers advance notice of potential changes.

4. Integration with Retail Systems:

o Retail management systems and Al systems were connected to allow real-time tracking of
product changes throughout supply chains. This made it possible to identify shrinkflation as
soon as fresh product iterations were released.

o Dynamic Pricing Adjustments: Certain Al systems have the ability to automatically modify
pricing algorithms in response to shrinkflation that is recognized, guaranteeing that
customers are aware of a product's actual cost per unit.

5. Consumer Applications:

o Online resources and apps with Al capabilities have been created to assist customers with
real-time shrinkflation detection. With the assistance of these tools, consumers could input
product details or scan barcodes to get a real-time response on shrinkflation.

o Crowdsourced Databases: Artificial intelligence also made it possible for users to report
cases of shrinkflation into crowdsourced databases, adding to a body of knowledge that could
be examined for larger patterns.

All things considered, the method of shrinkflation identification has changed as a result of the use of Al,
becoming more scalable, accurate, and efficient. Artificial Intelligence (Al) has enabled businesses and
consumers to comprehend shrinkflation and respond to it more effectively, resulting in increased
transparency and equity in the FMCG industry.

Current Al Applications in Shrinkflation Detection:

e Image Recognition: Describe how artificial intelligence compares product sizes, labels, and
packaging over time using image recognition.

e Natural Language Processing (NLP): Talk about the use of natural language processing to
examine marketing materials and product descriptions for indications of shrinkflation.

e Data Analytics: Analyze data analytics and how Al uses big data to monitor price fluctuations in
relation to product quantity or quality.

e Machine Learning Models: Examine the application of machine learning models in shrinkflation
prediction and pattern identification.

e Al's Current Uses in Shrinkflation Detection
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Image Recognition

How Al Uses Image Recognition:

Product Size and Packaging Comparison: Over time, photos of products are analyzed by Al-
powered image recognition algorithms to identify variations in product size, packaging, or labeling.
Artificial intelligence (Al) can detect shrinkflation by analyzing and contrasting high-resolution
photos of product packaging to spot minute modifications in product size or packaging style.
Feature Extraction: Dimensions, weight indications, and size indicators are among the important
features that the Al system retrieves from product photos. It then determines whether shrinkflation
has happened by comparing these traits to reference data or historical photos.

Scalability and Automation: Al picture recognition is faster and more reliable than human
comparison on hundreds of product photographs. This automation makes it possible to monitor a
wide range of goods and brands on a big scale, which improves the efficiency of shrinkflation
detection.

Benefits:

Consistency: Artificial intelligence minimizes human mistake by ensuring consistent analysis across
various goods and time periods.

Real-time Updates: Helps spot shrinkflation as it occurs by giving almost instantaneous input on
modifications to product size or packaging.

Natural Lanquage Processing (NLP)

How NLP Analyzes Product Descriptions and Marketing Materials:

Text Analysis: NLP systems look for changes in product descriptions, amounts, or claims by
analyzing the text on product labels, packaging, and marketing materials. NLP can identify a
discrepancy, for example, if a product's label had specified a weight or amount that is no longer
included.

Sentiment and Content Analysis: NLP can also look for mentions of shrinkflation in customer
testimonials and reviews. NLP detects trends in review language where customers voice worries
about a product's enlarged size or altered quality.

Pattern Recognition: Natural Language Processing (NLP) is able to identify patterns in product
descriptions that could point to a reduction in size or quality. For example, it can identify wording
that minimizes the significance of product quantity.

Benefits:

Contextual Understanding: NLP is able to interpret the meaning and context of product
descriptions, picking up on subtle alterations that might point to shrinkflation.

Consumer Insight: Provides a thorough understanding of how shrinkflation is viewed and discussed
by analyzing sentiment and comments from consumers.

Data Analytics

How Al Leverages Big Data:

Price and Quantity Tracking: Al examines big datasets that include product quantities as well as
past and present pricing data. Al is able to determine whether a decrease in product quantity leads to
an increase in price per unit by comparing these statistics.

Trend Analysis: Al looks for patterns and trends in quantity and price variations among various
brands and items. It can uncover shrinkflation tendencies by finding correlations between price
adjustments and decreases in product size or quality.

Dynamic Monitoring: Provides real-time insights about shrinkflation incidents by continuously
monitoring pricing and product data from a variety of sources, including as manufacturers, online
platforms, and retailers.
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Benefits:

Scalability: Allows tracking shrinkflation across multiple items and retailers by managing massive
volumes of data from diverse sources.

Data-Driven Insights: These insights, which are based on thorough data analysis, are actionable
and assist consumers and businesses in making wise decisions.

Machine Learning Models

How Machine Learning Models Predict and Identify Patterns:

Pattern Recognition: Machine learning algorithms examine past data to identify shrinkflation
tendencies. Over time, these models are trained with datasets that include product sizes, pricing, and
volumes in order to detect common shrinkflation tendencies.

Predictive analytics: Using past data and current market situations, sophisticated machine learning
techniques can forecast future shrinkflation tendencies. Businesses might modify their tactics
proactively by using models that predict, for instance, the location and timing of shrinkflation.
Anomaly detection: Anomalies, or departures from typical product pricing and quantity trends, are
detectable using machine learning models. Such irregularities could point to shrinkflation and
warrant more research.

Benefits:

Predictive capabilities: It give firms a competitive advantage by enabling the anticipation of shrink-
flation trends before they become widespread.

Improved Accuracy: By continuously refining its forecasting algorithms and learning from past
data, shrinkflation detection becomes more accurate.

Conclusion

Artificial intelligence (Al) technologies, including as image recognition, natural language processing,
data analytics, and machine learning, have revolutionized the discovery and monitoring of shrinkflation
tendencies. When compared to more traditional methods, these technologies provide businesses and
consumers alike meaningful information along with improved accuracy, efficiency, and scalability.
Stakeholders may guarantee more transparency in the FMCG industry, make educated selections, and
comprehend shrinkflation dynamics better by utilizing these cutting-edge Al technologies.

Challenges and Limitations in Al for Shrinkflation Detection

Data Availability and Quality

Challenges:

Inadequate Data: In order for Al systems to properly train and function, they need a lot of data.
This entails having access to copious historical and present data on product sizes, weights, prices,
and packaging for the purpose of shrinkflation identification. Occasionally, data can be missing or
fragmented, which would hinder the Al's capacity to identify patterns with precision.

Inconsistent Data: The quality of data might differ greatly between sources. A product's
inconsistent labeling, missing data, or disparities in stated sizes and costs can all make it more
difficult for the Al to draw reliable comparisons. This is especially problematic in cases where data
originates from various businesses or geographical areas.

Data privacy: Handling sensitive information may be necessary when gathering and evaluating
product data. It can be difficult to protect data privacy and adhere to laws like the CCPA and GDPR,
particularly when combining data from various sources.
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limitations:

e Reduced Accuracy: Incomplete or inaccurate data could result in an incorrect shrinkflation
detection, which compromises the accuracy of the insights and forecasts provided by the Al system.

e Cost Increases: Acquiring and preserving high-quality data can be expensive and resource-
intensive, which affects the viability and overall effectiveness of Al-based solutions.

Complexity in Product Variations
Difficulties:

e Subtle Modifications: Shrinkflation frequently entails small, gradual modifications to product sizes
or quantities that could be challenging for Al to recognize. For instance, using picture recognition or
data analysis, a food product's slight weight loss would not be immediately apparent.

e Product Diversity: A vast range of products with various sizes, formulas, and package styles are
included in the FMCG industry. It can be difficult to teach Al systems to detect and take these
variances into account. When products come in different sizes or have often changing packaging, the
complexity rises.

e Contextual Understanding: Knowing the background of product changes, such as seasonal
fluctuations or market trends, may be necessary in order to detect shrinkflation. Contextual subtleties
that are not clearly recorded in the data may be difficult for Al to understand.

Implications:

e Negatives and False Positives: Due to the intricacy of product changes, there may be negatives or
false positives, which are the result of improperly recognizing shrinkflation or failing to detect true
shrinkflation. This may have an impact on the validity of the Al system's conclusions and possibly
annoy customers.

e Qualifications for Training: It can be difficult and time-consuming to create accurate Al models
without large amounts of training data covering a variety of product kinds and shrinkflation
scenarios.

Regulatory and Ethical Considerations
Ethical Concerns:

e Transparency and Accountability: Al systems that identify shrinkflation must function openly,
offering concise justifications for their conclusions. When Al decision-making procedures are
opaque, issues of fairness and accountability may arise.

e Bias and Fairness: If the training data for an Al model is not representative of all products or
consumer groups, Al models may unintentionally introduce biases, which may cause uneven
shrinkflation detection across various brands or product categories.

Regulatory Challenges:

e Regulation Compliance: Al systems have to abide by a number of laws pertaining to consumer
rights, data security, and product labeling. While putting Al solutions into practice, ensuring
compliance with these laws can be tricky and needs careful thought.

e Liability Concerns: If Al systems generate inaccurate or deceptive findings, there can be legal
repercussions. It can be difficult to determine who is responsible for shrinkflation detection errors—
Al developers, merchants, or other stakeholders.

Implications:

e Consumer Trust: The ethical and regulatory aspects of Al-driven detection systems can have an
impact on consumer trust. It is imperative to ensure that Al applications are used responsibly and
transparently in order to uphold public confidence.
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e Legal and Financial Risks: Failure to comply with ethical standards and regulatory requirements
may result in financial penalties and legal ramifications, which may impact the viability of Al
solutions in shrinkflation detection.

Conclusion

Even though Al provides strong capabilities for identifying shrinkflation, there are a number of obstacles
and restrictions with it. To properly utilize Al in this industry, concerns like data availability and quality,
product variable complexity, and ethical and regulatory issues need to be resolved. It will take continued
developments in Al technology, better data management procedures, and adherence to moral and legal
requirements to overcome these obstacles. Al has the potential to improve its efficacy as a tool for tracking
and controlling shrinkflation in the FMCG industry by tackling these issues.

Future Directions in Al for Shrinkflation Detection

Advancements in Al Technologies
Speculated Developments:

e Improved Image Recognition: As Al image recognition technology develops further, it may
become more accurate at identifying minute variations in product dimensions and packaging.
Advances in high-resolution imagery and sophisticated pattern recognition algorithms should make
it possible for Al systems to more accurately identify even little shrinkflation.

e Advanced Natural Language Processing (NLP): Al systems will becoming more adept at
comprehending complicated language and context as NLP technology develops. By correctly
reading product descriptions and customer feedback, especially in cases when changes are minor or
nuanced, this could improve the identification of shrinkflation.

o Deep Learning and Neural Networks: Upcoming deep learning models should be better able to
identify intricate shrinkflation-related patterns and relationships. Al may be able to forecast
shrinkflation trends more accurately with improved neural networks because of the complex
interactions between pricing, market conditions, and product qualities.

Integration with Other Technologies
Potential Integrations:

e Blockchain: By combining Al with blockchain technology, the FMCG industry may see an increase
in traceability and transparency. A blockchain can offer an unchangeable record of product
specifications, such as weights, sizes, and price adjustments. When used with Al, this could improve
shrinkflation detection accuracy by guaranteeing data integrity and allowing for real-time product
attribute verification.

e Internet of Things (IoT): Real-time data about product weights, sizes, and consumption can be
obtained from 10T devices like smart sensors and networked packaging. IoT data can provide more
detailed insights into shrinkflation when combined with Al, enabling accurate tracking of product
changes across the supply chain.

e Augmented Reality (AR): With the use of AR technology, product sizes and package modifications
could be more easily visualized. With the help of Al-powered augmented reality applications,
customers and companies may be able to see identify shrinkflation by superimposing past product
data on present product photographs.

Benefits:

e Increased Accuracy: By supplying more dependable and up-to-date data, integration with
blockchain and IoT technologies will improve shrinkflation detection accuracy.

e Increased Transparency: By guaranteeing the accuracy of product information, blockchain
technology can provide increased transparency in product data, fostering consumer trust.
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Enhanced Consumer Experience: By providing interactive tools to quickly recognize and
comprehend shrinkflation changes, augmented reality applications can enhance the consumer
experience.

Implications for the FMCG Sector
Impact on the FMCG Sector:

Improved Decision-Making: Supply chain management, product pricing, and packaging will all be
more intelligently decided by FMCG companies thanks to advancements in Al and technological
integration. Better product management and more tactical reactions to shrinkflation may result from
this.

Enhanced Consumer Trust: FMCG companies can increase consumer trust by utilizing Al and
auxiliary technologies to improve accuracy and transparency. Increased customer confidence and
loyalty can result from open and transparent practices and precise shrinkflation detection.
Competitive Advantage: Businesses with a competitive advantage are those who implement
cutting-edge Al technologies and combine them with other creative solutions. They will possess
enhanced capabilities to efficiently monitor and tackle shrinkflation, which could result in better
market positioning and increased customer satisfaction.

Regulatory Compliance: As Al develops and is integrated with other technologies, FMCG
companies will be better able to adhere to regulatory regulations. Meeting legal requirements and
complying with regulations can both be facilitated by accurate and transparent reporting of product
modifications.

Challenges:

Cost and Complexity: Integrating and implementing cutting-edge technologies can be expensive
and time-consuming. FMCG businesses will have to weigh the advantages of these advancements
against their prices and technical difficulties.

Data Security: Ensuring data security and privacy becomes more difficult as data integration
increases. Businesses need to manage the risks that come with managing confidential data and
keeping secure systems.

CASE STUDIES IN Al FOR SHRINKFLATION DETECTION

Successful Al Implementations:

1. Procter & Gamble (P&G)

Application: Procter & Gamble (P&G) uses artificial intelligence (Al) to track modifications to
product sizes and packaging. They examine both historical and current data from sales records and
product photos using machine learning techniques.

Outcome: By effectively identifying faint shrinkflation patterns across a range of product
categories, the Al technology enabled P&G to modify its price and packaging choices. P&G was
able to successfully control expenses and preserve customer trust because to this proactive approach.
Learning: P&G showed how artificial intelligence (Al) can improve shrinkflation detection and
product monitoring by utilizing high-resolution photography and sophisticated analytics. Integration
of Al with reliable data sources and real-time monitoring features was credited with the success.

2. Nestlé

Application: Nestlé tracks modifications to product sizes and packaging using Al-driven image
recognition technology. Images from several retail sources are analyzed in order to look for
shrinkflation patterns.

Outcome: By giving Nestlé insights on shrinkflation trends, the implementation enabled them to
make well-informed decisions regarding product reformulations and packaging modifications. Their
capacity to explain the value of the product to customers was also enhanced by this strategy.
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e Learning: Nestlé's achievement demonstrates how well Al and picture recognition work together to
provide comprehensive and scalable product change monitoring. Their methodology placed a strong
emphasis on how crucial it is to include Al into current quality control procedures.

3. Unilever

e Application: To spot indicators of shrinkflation, Unilever uses artificial intelligence to examine
customer comments and product reviews. Algorithms for natural language processing (NLP) comb
through customer reviews to find references to smaller product sizes or altered packaging.

e Outcome: By using this strategy, Unilever was able to promptly address customer issues and modify
its range of products. The fast resolution of shrinkflation difficulties by Unilever was made possible
by the real-time analysis of customer feedback.

e Learning: Unilever's experience demonstrates how shrinkflation issues may be identified and
consumer sentiment captured via Al-driven natural language processing. Integrating Al with
channels for customer support and feedback was crucial.

Learning from Failures:
1. Coca-Cola

e Challenge: Coca-Cola encountered issues with inconsistent data quality in their first Al-based
shrinkflation detection system. The system's incapacity to manage incomplete or erroneous data
resulted in shrinkflation detection producing both false positives and false negatives.

e Outcome: In order to effectively train Al systems, high-quality, consistent data is required, as
demonstrated by the failures. Incomplete or inaccurate data produced untrustworthy outcomes that
affected consumer confidence and decision-making.

e Learning: The experience of Coca-Cola made it clear how crucial it is to guarantee the accuracy and
consistency of data. The business discovered that strong data management procedures and frequent
data validation are necessary to enable Al systems.

2. Kraft Heinz

e Challenge: Due to the intricacy of product variants and packaging modifications, Kraft Heinz
experienced problems with its Al detection system. The Al found it difficult to identify cases of
subtle shrinkflation, particularly when the products' packaging was updated often.

e QOutcome: There were gaps in the detection accuracy of the system due to its inability to handle a
variety of product forms and frequent modifications. This made it more difficult for the business to
handle shrinkflation and resulted in complaints from customers.

e Learning: The experience of Kraft Heinz showed how Al systems must be flexible enough to
accommodate various product kinds and modifications. It made clear how important it is to keep Al
models updated in order to take changing product variations into account.

3. PepsiCo

e Challenge: Due to bias in training data, PepsiCo's attempt to employ Al for shrinkflation
identification ran into difficulties. There was unequal shrinkflation detection across different product
lines as a result of the Al models' lack of representation for all product categories.

e OQutcome:As a result of the biased Al models, certain products were missed and others were
mistakenly flagged for shrinkflation. As a result, controlling product sizes and prices became
inefficient.

e Learning: The PepsiCo case demonstrated how crucial it is to provide Al models with a varied and
representative set of training data. It underlined the necessity of continual model assessment and
modification in order to prevent biases and guarantee precise detection in all product categories.

Al has the ability to improve product monitoring and decision-making in the FMCG industry, as shown by
case studies of effective applications in shrinkflation detection. Effective shrinkflation identification and
management can be achieved by combining Al with reliable data sources and sophisticated analytics, as
demonstrated by businesses such as Procter & Gamble, Nestlé, and Unilever. But obstacles and setbacks,
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like those faced by PepsiCo, Kraft Heinz, and Coca-Cola, teach us valuable lessons about bias avoidance,
data quality, and system adaptability. Refining Al systems for shrinkflation detection and increasing their
overall efficacy will require addressing these issues and learning from both triumphs and mistakes.

CONCLUSION

Al's use in shrinkflation detection is a major development for the FMCG industry, providing tools that could
be useful in spotting and controlling minute variations in product sizes, prices, and packaging. Al
technologies have the ability to improve shrinkflation detection accuracy and efficiency through real-time
analytics, deep learning models, natural language processing, and picture recognition.

Key Findings:

1. Success Stories: Businesses like Procter & Gamble, Nestlé, and Unilever have successfully
implemented Al, demonstrating the technology's potential to accurately detect shrinkflation. These
businesses have shown how Al can monitor and control shrinkflation trends by utilizing high-resolution
photography, natural language processing, and real-time data. This enhances operational decision-
making and builds consumer trust.

2. Challenges: Notwithstanding the progress, a number of obstacles persist. It is necessary to handle
issues with data availability and quality, product variable complexity, and ethical and regulatory
considerations. The aforementioned situations of Coca-Cola, Kraft Heinz, and PepsiCo highlight the
significance of maintaining data consistency, accommodating a range of product formats, and steering
clear of biases in artificial intelligence models.

3. Future Directions: With possible developments in Al technologies and integrations with other
technologies like blockchain, 10T, and AR, the future of Al in shrinkflation detection is bright. These
developments have the potential to improve customer trust, transparency, and detection accuracy even
further. Businesses that use these technologies will also benefit from a competitive edge.

Implications:

e For the FMCG Industry: Using Al technology in conjunction with other cutting-edge solutions can
improve decision-making, enhance consumer confidence, and detect shrinkflation more accurately.
Businesses that successfully use these innovations should see improvements in their operational
efficiency and market positioning.

e For Consumers: More accurate shrinkflation detection by Al canresult in more equitable prices and
transparent product values, which will boost customer happiness and confidence.

In conclusion, even though Al has a lot to offer in terms of shrinkflation detection, the process is difficult
and requires learning from both mistakes and achievements. Further technological developments together
with an emphasis on data quality, system flexibility, and ethical issues will be necessary to maximize the
use of Al in shrinkflation detection applications and propel the FMCG industry's success in the future.
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