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Product failures can lead to serious financial losses and damage a company’s 

reputation. This thesis explores the reasons behind these failures and how artificial 

intelligence (AI) can help identify and prevent issues before they escalate. Through case 

studies and industry analysis, the research pinpoints key factors that contribute to product 

failures, such as inadequate market research, poor design, and bad timing. It also shows 

how AI can effectively handle these challenges.  

The findings of the study suggest that using predictive analytics early in market 

research and design can significantly improve a product's chances of success. This thesis 

offers advice for companies on integrating AI into their product development life cycle. 

This thesis highlights the importance of real-time data analysis, choosing the right models, 

and taking a systematic approach to implementation. By highlighting how AI can lower 

product failure rates and promote sustainable growth, this study adds valuable insights to 

both academic research and real-world business strategies.  
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CHAPTER I:  

INTRODUCTION 

1.1 Introduction 

Creating new products is at the heart of business growth. Each year, companies 

bring about 30,000 new products to market, but surprisingly, about 95% of them don’t 

succeed (Pilot, 2021). Even well-known brands like Google and Coca-Cola have 

experienced product failures, which can lead to big financial losses and damage to 

customer trust. The high number of product failures shows just how important it is to 

understand what causes these issues and how to prevent them.  

Products often fail for a variety of reasons, like weak marketing, poor timing, not 

fully understanding the market, or missing the mark in design. Human factors, such as bias 

and inadequate decision-making, significantly influence outcomes. Conventional 

approaches frequently fail to manage the intricate data required for the early detection of 

these issues.  

Recent advancements in AI have equipped organizations with superior tools to 

facilitate informed decision-making throughout all phases of product development. AI 

techniques like machine learning and natural language processing can analyze large 

amounts of data, find patterns, and offer insights that guide teams in making products more 

aligned with market needs.  

This study looks at how AI can help companies improve their development process, 

aiming to lower the rate of product failure and create more successful products. 

1.2 Research Problem 

The high number of product failures is a big problem for companies in all industries. 

Even with improved technology and engineering, many products continue to 

underperform. The volume and complexity of data provide significant challenges for 
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humans, making it hard to analyse and spot problems in advance. A proactive strategy is 

essential to reduce these adverse impacts and enhance overall product success. 

The research question, which forms the basis of the study, is: “What are the primary 

causes of product failures, and how can we use AI to predict and prevent them in a 

systematic and effective manner?”. The subject presents several major challenges, 

including identifying and analyzing relevant data for potential failures and integrating AI 

into the current product lifecycle.  

The study also seeks to address the practical barriers to AI adoption, offering 

suggestions for overcoming these obstacles and guaranteeing the full realization of AI's 

benefits in preventing product failures. We expect this comprehensive approach would help 

companies reduce the number of product failures, lower associated costs, and enhance 

customer satisfaction by improving product quality and reliability. 

1.3 Purpose of Research  

The objective of the investigation is to identify the critical information and patterns 

that predict product failures through the examination of historical data from a variety of 

sources, including case studies, reports, and literature. The study aims to identify the phases 

of the product life cycle that are more susceptible to challenges and to determine how AI 

could provide these analytics and insights.  

The objective of this investigation is to investigate the potential of AI in the 

prediction and prevention of product incidents, thereby improving customer satisfaction 

and product reliability. The ultimate goal is to offer companies practical guidance on how 

to integrate AI into their product life cycle. 

1.4 Significance of the Study  

This study has significant implications for both academics and industry.  
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For researchers, this study gives helpful information on how AI is being used in 

companies, especially to manage product lifecycles. It shares real examples from 

companies, showing the benefits and challenges of using AI to predict and prevent product 

failures. This can also guide future studies on using advanced AI to make products more 

reliable. 

For people working in companies, the report gives simple tips on how AI can help 

reduce product failures. It points out early signs of problems and explains how AI can study 

them. This helps companies manage their products better, avoid failures, and do well in the 

market. 

Additionally, the study emphasizes the importance of organizational readiness, 

technology investment, and the development of a data-oriented environment. In this way, 

the study’s conclusions are relevant and useful to a diverse range of industries and 

companies. 

1.5 Research Questions  

This research is guided by key questions to thoroughly investigate the reason and 

impact of product failures. The design of these questions covers both the theoretical and 

practical aspects, making sure the study looks at the subject from all angles. 

 What are the primary causes of product failures in various industries? 

 What are the most effective AI techniques for predicting product failures? 

 What sources and indicators are most critical for accurate AI predictions of product 

failures? 

 What are the real-world obstacles to using AI to predict and prevent product failures to 

overcome them? 

 How can companies effectively integrate AI into their product development life cycle 

to predict and prevent failures?  
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CHAPTER II:  

REVIEW OF LITERATURE 

2.1 Introduction 

There are many challenges companies face as they try to innovate and grow in the 

market. Experts from fields like business, marketing, psychology, and engineering 

contribute different ideas about why products don’t succeed. The goal of this review is to 

find the main reasons products fail and explore how new technologies, especially AI, can 

help predict and prevent these issues. AI has transformed many industries by making it 

easier to analyze data, automate tasks, and improve decision-making. It shows great 

potential for reducing product failures. 

This review will look at current research on product failures and show how AI can 

be a powerful tool in predicting and preventing them. It aims to build a foundation for 

future studies by combining ideas from different research and finding areas that need more 

work. Using AI to manage products offers both opportunities and challenges. While AI can 

quickly analyze data and find patterns that point to possible failures, companies need to 

understand the root causes of these failures and plan how to overcome AI’s limits. 

2.2 Overview of Product Failure 

Cooper (2007) defines product failure as a product's inability to meet its intended 

purpose. This could be anything from minor flaws that annoys users to serious problems 

that jeopardize safety (Anderson, 2014). If the product disappoints customers, it might not 

sell well, causing significant financial losses. 

A product fails due to a variety of reasons such as failing to gain market share, 

struggling financially, missing meeting need of consumer wants, or failing to meet 

regulatory norms. Failures can occur at any point of a product development life cycle from 

design and development to distribution (Frate, 2011). It is often difficult to identify failures 
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right at the beginning of the process since they might emerge practically anytime in the 

process (Hollins and Hollins Bsc, 2008).   

Both external and internal factors influence product failures. External factors 

include market conditions, competitor activity, and legislative changes. Furthermore, 

economic downturns and alterations in customer behavior can make things less appealing. 

Nokia, once synonymous with mobile phones, suffered a huge setback due to its resistance 

to smartphone innovation. As competitors embraced the transition to smartphones, Nokia's 

failure to fully embrace this revolution became one of the primary causes of its collapse 

(Hawelia and Shrivastava, 2024).  

Internal factors, such as organizational procedures like decision making, resource 

allocation, and risk management, along with cognitive biases like overconfidence and 

groupthink, can result in poor strategic decisions. Overconfidence in the success of a new 

product can lead to insufficient market research and risk assessment. Google Glass failed 

because the makers failed to define and validate its users and the problems it was 

addressing for them. Instead, they expected that the product would sell itself, even if it 

lacked genuine solutions and that its hype would appeal to everyone (Yoon, 2018). 

Execution failure, which arises from problems in product development, poor 

design, inadequate quality control, or distribution issues, can also cause product failure. 

The product malfunctioned because Microsoft's BOB, a beginner-designed user interface, 

relied on technology that was not widely available at the time (Carrasqueira, 2024).  

On the other hand, a poor product idea or bad market positioning, along with not 

aligning with the company’s overall vision, can cause a product to fail strategically. For 

example, Blockbuster failed to see the shift towards digital streaming that Netflix 

pioneered, which eventually led to Blockbuster’s downfall (Katz Law et al., 2013). 
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Creating products that meet customer expectations is essential to avoid 

disappointment and financial loss. When companies understand the emotions and 

psychology behind consumer behavior, they can design products that truly connect with 

people. Maxwell House Ready-to-Drink Coffee failed because it didn’t capture enough 

interest or find the right spot in the market. The product struggled to stand out against its 

strong competitors, like Starbucks. This ultimately resulted in low sales and the product's 

removal from the market (Glass, 2012). 

A product goes through stages like launch, growth, maturity, and decline. When it 

reaches the end, it can become outdated, like how VCRs disappeared when DVDs and 

streaming took over. To stay ahead, companies must keep improving and creating new 

products (Kotler, 1012). 

2.3 Factors of Product Failures 

A combination of multiple factors are causes of product failure, and understanding 

these factors can help companies reduce risks and increase their chances of success in 

product creation. This section will examine several primary causes of product failures, 

accompanied by examples. 

2.3.1 Inadequate Market Research 

Per Richardson (2023), market research is the systematic collection, analysis, and 

interpretation of market data, which includes information on the target customers, 

competitors, and industry trends. Inadequate market research happens when a company 

fails to collect sufficient or reliable information on market conditions, consumer demands, 

preferences, and the competitive landscape prior to introducing a product. When a 

company doesn't have a strong understanding of its target market, it runs the danger of 

creating products that don't meet consumer demand. 
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Limited data collection is a major reason for ineffective market research. 

Companies can rely on insufficient data sources or short sample sizes, resulting in 

incomplete conclusions. The high cost and difficult features of the Apple Newton, a 

personal digital assistant introduced in 1993, prevented it from reaching its original target 

market of white-collar workers. The catastrophic failure of the Apple Newton nearly 

brought the company down. Comprehensive data collection is required to capture the full 

range of customer preferences and market conditions. 

Biased research methods also contribute to ineffective market research. Biased 

techniques, such as leading questions in surveys or non-random sampling, can produce data 

that does not correctly reflect customer attitudes or actions. Coca-Cola's 1985 introduction 

of New Coke brought this problem to light. The company miscalculated the emotional 

attachment consumers had to the original formula despite conducting thorough taste tests, 

which resulted in a rapid reaction and the product's discontinuation (Mueller, 2011). The 

postmortem revealed that the company had conducted the wrong test, misled the testers 

about the product's presentation, and led them to believe that taste was the only factor 

influencing consumers' purchase decisions. This example emphasizes how crucial it is to 

do objective, thorough research in order to gather the correct facts (Bertsch, Ondracek and 

Saeed, no date). 

Many startups ignore detailed market research because they don’t have enough time 

or money. In some cases, they might choose cheaper research methods that give a cost-

effective option. Sometimes companies rush their research to launch a product quickly, as 

happened in late 2017 and early 2018 with Snapchat. Snapchat redesigned its app to 

improve their slow user growth, but that upset many users, and over a million users signed 

a petition to reverse the update. This is an example of improper user research being done 

due to time constraints. This rushed decision led to a drop in user engagement and stock 
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value, showing how risky poor research can be (‘Snapchat user growth stalls after redesign 

backlash’, 2018). 

Companies must place a high priority on doing in-depth market research to 

understand customer wants, predict market trends, and create products that meet demand. 

This investment can increase the probability of a successful product while reducing risks. 

2.3.2 Failure of Marketing 

It’s important to have a good marketing plan, especially for new, high-tech products 

(Nouri-Harzvili, Hosseini-Motlagh and Zirakpourdehkordi, 2024). A strong strategy helps 

a product stand out, show off its unique features, and build customer loyalty (Sudirjo, 

2023). 

One of the main problems with ineffective marketing, is an inability to express the 

product's value proposition. Without knowing what a product offers or how it will benefit 

them, consumers are hesitant to buy it. The 2009 launch of Google Wave demonstrated 

this failure in marketing clarity. Despite being a technically groundbreaking collaborative 

tool, one of the primary issues with Wave was that few people understood what a wave 

was or what to do with it. The general population's lack of understanding of Wave 

capabilities essentially doomed this product to failure (Raza, 2020). 

A lack of promotional investment can also lead to inadequate marketing. Without 

adequate marketing budgets, companies may struggle to develop the necessary awareness 

and interest in their products. Weak marketing efforts failed to differentiate the 2011 

released HP TouchPad from rival tablets, especially the popular iPad. This ineffective 

promotion contributed to its quick market downfall (Kendrick, 2011). 

The timing of marketing efforts is equally essential. Poorly scheduled marketing 

activities may fail to capitalize on market opportunities or overlap with competitor product 

introductions, reducing their influence. In 1999, Sega released the Dreamcast game 
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console, a major hit that grossed $97 million in just 24 hours. The Dreamcast had a 

spectacular debut, but the PlayStation 2's introduction in 2000 marked the beginning of the 

end. 2001 saw the discontinuation of the Dreamcast (Aguero, 2023). 

Another common problem is targeting the wrong audience. For marketing to work, 

it needs to reach the right people. A good example is Microsoft’s Kin phone, released in 

2010, which became known as the "Billion Dollar Smartphone Disaster." The Kin, with its 

small screen and keyboard, didn’t have the features teenagers wanted in a smartphone, so 

it failed to attract them (Cheedalla, 2020).  

2.3.3 Human Factor 

Human factors such as cognitive biases, decision-making, and organizational 

culture are critical in understanding product failures. Therefore, fully understanding these 

human elements is critical in coming up with measures to reduce their negative effects and 

in increasing the success rate of new products. 

Decision-making is often influenced by the way people think and their personal 

biases. In product development, common mistakes happen because of these biases, like 

underestimating planning (planning fallacy), sticking to initial beliefs (preconception bias), 

or missing important details (inattentional blindness). Developers sometimes get too 

excited about a product’s potential success, which can make them overlook market 

challenges or dismiss important feedback. The cause of the Columbia Shuttle disaster was 

sliver foam falling off the insulator and hitting the wing. They knew the problem with the 

foam pieces, but management did not consider it a significant hazard. During the study, 

they discovered that excessive optimism, leading managers to disregard negative facts, 

contributed to the project's failure (Howell and Dobrijevic, 2023). 

A company’s culture plays a big role in how well it develops new products. If the 

culture discourages taking risks and trying new ideas, creativity can suffer, and fewer new 
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concepts emerge. On the other hand, focusing too much on innovation without managing 

risks can also lead to product failures. Nokia is a good example of how culture can affect 

success. The company struggled in the phone market because its slow, cautious culture 

made it hard to adapt as the industry quickly shifted to smartphones led by Apple and 

Android (O’Connor, 2017). 

Groupthink is another challenge, when teams ignore alternative ideas to keep 

everyone on the same page, it can lead to poor choices. A well-known example is Swissair, 

once a top airline called the “flying bank.” Its leadership became overconfident, removed 

capable team members, and made poor decisions, which eventually led to the company’s 

collapse (‘Groupthink in Business: What it is, Examples, Dangers & How to Overcome’, 

2023). 

Leadership is also crucial for a company’s culture and direction. Good leaders 

encourage open discussions, critical thinking, and flexibility. Kodak’s downfall is a classic 

example—its leaders stuck with film photography even as digital cameras rose in 

popularity, which eventually led to the company’s failure (Lucas and Goh, 2009).  

To better handle products and improve their chances of success in the market, it's 

important to have a culture that is open to new ideas, smart about risks, and supports strong 

leadership. 

2.3.4 Poor Design 

Errors in product design and other aspects of the product life cycle often lead to 

products failing to meet their full potential. There are several types of poor product design, 

including usability concerns, visual flaws, functional errors, and inability to satisfy user 

expectations. These defects can have a significant impact on a product's market success. 

It is also true that a lack of user-centricity results in poor design. In 2013, public 

dissent over privacy and usability issues constrained the wider use of Google Glass. 
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Actually, the story of Google Glass is that its developers simply did not care about how the 

very human-technology interface that they were designing would look, which led to a lot 

of negative feedback and eventually to the failure of the product in the marketplace (Tsai-

Hsuan Ku, 2021). 

A product may fail if its features and functionalities do not align with the core needs 

or wants of its customers. Despite its elegant appearance and smart functions, people 

mocked the Juicero juicer for its expensive pricing. It was comparatively easier to squeeze 

its juice packs by hand than to use the juicer. This example illustrates how the the product, 

rather than the need drives the design. Such ineffective designs come about as a result of 

overengineering the product (Carman, 2017). 

Another popular example of poor design is BlackBerry Storm. The sluggish 

touchscreen of the BlackBerry Storm turned off people who were hoping for a more 

seamless experience similar to that of the iPhone (Crawford, 2009). 

2.3.5 Other Factors 

Additionally, the lack of a pilot test can lead to design and functional flaws, unmet 

market needs, poor acceptance of the products, or even complete rejection. Before releasing 

a product to the market, one must carefully and adequately design and test it to minimize 

the risk of product failure. (Cracknell, no date). 

Phones, computers, and cars are just some of the gadgets we use on a regular basis. 

The success of such products has a large bearing on people’s lives and health. Ignoring 

safety factors can harm people, the ecosystem, and even the economy. Many products fail 

because of inadequate safety precautions (Rausand and Utne, 2009). A classic case of such 

failure would be in 2016 with the Samsung Galaxy Note 7 battery based device which 

caught fire due to design flaws in its overheating prevention techniques. Later, Samsung 

discontinued further developmental efforts on the product (The New York Times, 2016). 
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To meet market needs and launch the product effectively, a well-planned product 

development budget is crucial. Underestimating or misallocating resources can lead to poor 

product quality or marketing, resulting in low user adoption and financial losses. People 

will remember Iridium, a satellite phone, as one of the most significant corporate disasters 

of the nineties. The satellite phone network failed due to high costs and a lack of consumer 

demand (Finkelstein, 2000). To work properly, the system needed 66 satellites and the 

creation of this enormous system forced the company to default on $1.5 billion of debt. 

A thorough understanding of possible dangers is required for successful risk 

management in product development. Early risk identification allows teams to develop 

mitigation techniques, avoiding costly delays, design errors, and safety hazards. This 

proactive strategy results in easier development processes and a higher possibility of a 

successful product launch. 

2.4 Traditional Methods for Predicting Product Failures 

A crucial component of risk management and strategic planning in the product life 

cycle is the ability to predict product failure. Over time, researchers have developed a 

variety of strategies, from conventional engineering methods to newly developed data-

driven methodologies, to detect possible risks and take proactive measures to mitigate 

them. 

A systematic method known as Failure Mode and Effects Analysis (FMEA) 

identifies potential failure modes in a product, assesses their impact, and prioritizes 

mitigation strategies. In order to predict where and how a product can fail, cross-functional 

teams evaluate each component as part of the FMEA process. This approach works 

especially well in sectors like aerospace and automotive where dependability and safety 

are critical. Although FMEA is comprehensive, it can take a long time and is highly 

dependent on team member skill (Stamatis, 2003). 
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Fault Tree Analysis (FTA) is a graphical tool for determining the root causes of 

system breakdowns. FTA employs a tree-like figure to break down a probable failure into 

its root causes, assisting engineers in identifying important components and designing 

redundancies. Engineering and safety-critical industries commonly utilize FTA. However, 

it demands detailed knowledge of the system and can get complicated for large-scale 

systems (Roberts and Haasl, 1981). 

Design for Reliability (DFR) is a design philosophy that emphasizes incorporating 

reliability into products from the start, taking into account issues like material selection, 

component derating, and stress analysis to prevent early failures (Kleyner, 2016). 

The Delphi technique predicts product failures by using a panel of experts who 

share ideas anonymously. The experts discuss possible risks and ways to prevent them. 

This method involves several rounds of feedback, where each round adjusts predictions 

based on the previous round’s insights (Rowe and Wright, 1999). 

Digitalization has increased data availability, enabling companies to examine 

massive amounts of data from a variety of sources, including product usage and consumer 

feedback. This analysis allows for the detection of patterns and correlations that may 

suggest probable failure modes (Manyika, 2011). 

Traditional methods for predicting product failures offer useful insights but have 

inherent limitations. These methods are frequently retrospective, resource-intensive, and 

may not completely capture new patterns or unexpected dangers. Emerging data-driven 

methodologies have contributed significantly to the prediction of product failures. 

With traditional methods falling short, there’s a growing need for new ways to 

predict failures more accurately and efficiently. AI offers promising solutions by using 

advanced data analysis, machine learning, and predictive models. AI can process huge 

amounts of data from different sources, spotting complex patterns and giving real-time 
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insights. Companies can increase their ability to predict and avoid product problems by 

incorporating AI technology (Damilola Oluwaseun Ogundipe, Sodiq Odetunde Babatunde 

and Emmanuel Adeyemi Abaku, 2024). 

2.5 AI and Applications of AI  

AI, sometimes known as AI, is a vast field that includes a variety of technologies 

and methodologies aimed at developing intelligent beings capable of emulating human 

cognitive functions. These functions include learning, thinking, problem solving, and 

language comprehension (Sharma and Gonaygunta, 2023). 

AI employs tools such as machine learning (ML), natural language processing 

(NLP), computer vision (CV), and deep learning. Machine learning enables computers to 

learn from data and make judgments. Deep learning, a more advanced kind of machine 

learning, use multilayer networks to detect complex patterns in large datasets (Russell and 

Norvig, 2016). DL has demonstrated great performance in a variety of tasks, including 

image identification, audio recognition, and natural language processing (LeCun, Bengio 

and Hinton, 2015). 

AI has taken over several industries, changing the way companies run and innovate. 

Some prominent applications are: 

 Healthcare: AI analyzes medical images, diagnoses diseases, develops drugs, and 

creates personalized treatment plans (Yousef Shaheen, 2021).  

 Finance: AI enables algorithmic trading, fraud detection, credit risk assessment, and 

customer care chatbots (Cao, 2022).  

 Retail: AI allows personalized suggestions, demand forecasting, inventory 

management, and customer behavior research (Oosthuizen et al., 2021).  

 Transportation: Self-driving cars, traffic prediction, route optimization, and 

autonomous drones all use AI (Bharadiya, 2012). 
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Market research, design optimization, and predictive maintenance are just a few of 

the diverse roles AI plays in the product life cycle. AI systems evaluate massive volumes 

of market data to detect trends and consumer preferences, which guide product 

development strategies. During the design phase, AI techniques such as generative design, 

generate efficient product designs based on predefined limitations and objectives. 

Predictive maintenance guarantees product reliability by forecasting probable faults and 

enabling preventative intervention (Soltani-Fesaghandis and Pooya, 2018). 

AI-powered predictive analytics greatly improves the ability to predict product 

problems. Machine learning can look at past data like product failures, customer feedback, 

and operations records to spot patterns and predict issues. For example, AI can analyze 

sensor data from IoT devices to figure out when a part might break. This helps companies 

fix the problem early and avoid downtime (Sami and Khan, 2023). 

Despite AI's tremendous potential, there are barriers to its broad use in product 

development. These include concerns about data privacy (Elliott and Soifer, 2022), the 

requirement for big datasets for model training, and the complexities of integrating AI with 

current systems (Katare1, Padihar and Qureshi, 2018). Furthermore, the interpretability of 

AI models is an issue, as stakeholders must comprehend how AI makes judgments. Further 

study is required to solve these difficulties and increase the robustness, transparency, and 

ethical usage of AI in product development (Balasubramaniam et al., 2023). 

2.6 AI Techniques in Failure Prediction 

Artificial intelligence (AI) techniques like machine learning (ML), natural language 

processing (NLP), and predictive maintenance make it easier to analyze data and spot 

patterns that traditional methods might miss. This section will examine key AI techniques 

for predicting product issues, examine recent studies demonstrating their effectiveness, and 

provide examples of their current application in product development. 
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Logistic regression is a common tool for making yes-or-no predictions, like 

whether a product will succeed or fail based on certain features. It looks at the relationship 

between the main outcome (success or failure) and different factors, such as marketing 

strengths, product strategy, technology, design features, cost, or environmental conditions 

(Sousa Mendes and Devós Ganga, 2013). (Kiran and Shanmugam, 2017) used logical 

regression model to find out key attributes considered by the consumers for deciding to 

purchase and develop a model that identifies impact of these key attributes on car purchase. 

The Decision Tree is an algorithm frequently employed for decision-making using 

a hierarchical or tree-like structure. The Decision Tree will seek solutions to problems by 

establishing criteria as interconnected nodes that create a tree-like structure. Random 

Forest (RF) is an algorithm that use a recursive binary splitting technique to arrive at the 

terminal node within a tree structure, utilizing classification and regression trees. Random 

forests and decision trees are great for predicting failures in manufacturing. They’re also 

highly effective at accurately forecasting product prices (Saadat et al., 2022; Hasan Putra, 

Purba and Agustina Dalimunthe, 2023). 

Neural networks, especially deep learning models like Convolutional Neural 

Networks (CNN) and Recurrent Neural Networks (RNN), are excellent at handling large, 

complex datasets, making them idle for processing big data and identifying patterns in 

decision-making. The Long Short-Term Memory (LSTM) architecture, a type of RNN, can 

predict over 94% of process failures, allowing for preemptive actions before they occur 

(Hasan Putra, Purba and Agustina Dalimunthe, 2023).  

Convolutional Neural Networks (CNNs) are great for quality control because they 

can analyze images in detail. A study by Meyes et al., (2019) showed that CNNs were able 

to spot tiny defects in fabrics that might be missed by the human eye. 
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Natural Language Processing (NLP) is a domain of AI that facilitates the 

comprehension and analysis of human language by computers, making it idle for evaluating 

consumer feedback. Giannakis et al. (2022) found that NLP can help companies look at 

social media feedback from customers to find trends and make decisions about how to 

develop new products. 

In recent years, generative AI has gained a lot of attention, leading to the 

development of various new techniques. Kobayashi and Thongpramoon (2023) conducted 

a study in which they proposed the utilization of Generative Adversarial Networks (GANs) 

for the purpose of generating new product concepts. This process begins with the analysis 

of images of existing products that have garnered customer affection. 

As AI models become more complex, explainable AI (XAI) has emerged as a way 

to help users understand how these models make decisions. Explainable AI is gaining 

attention in industries where understanding AI’s decisions is as important as the predictions 

themselves (Hu et al., 2023). 

2.7 Summary 

Research on product failures shows that many different factors can lead to products 

failing, which is why it’s so common across industries. For companies to improve how 

they develop products and succeed in the market, it’s important to understand these factors. 

This paper discusses numerous major causes of product failures, including inadequate 

market research, bad product design, inefficient marketing and sales techniques, human 

error, and the limitations of standard forecasting methodologies. 
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CHAPTER III:  

METHODOLOGY 

The primary research method for this particular study is to undertake a literature 

review and case studies. We describe this search as an attempt to find, evaluate, summarize, 

and examine existing studies on product failure and the use of AI to predict and prevent 

such failures. 

 
Figure 1 

Research Methodology 
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3.1 Overview of the Research Problem 

The first step in carrying out research is to explain the research problem. It is 

important to define the research problem in relation to the study. This step is crucial as it 

establishes the scope of the entire research project, which includes defining the study 

objectives, hypotheses, and methods of conducting the study. 

3.2 Research Purpose and Questions 

This section explains the main problems this study aims to solve. The purpose 

informs the research questions, shapes the study's focus, and directs relevant information 

collection and analysis. The purpose guides the study and serves as the framework for 

developing your research questions. These are the precise, concentrated issues that the 

study intends to address. They help limit the study's scope and identify the necessary 

information for collection and analysis.  

Research questions are consistent with the research goal and frequently determine 

the methods utilized. The research goal and questions provide a framework for the whole 

investigation. They assist in maintaining the research's focus and ensure that all efforts, 

including data collection, analysis, and interpretation, are in line with the study's primary 

objectives. These sections clarify the research's limits, outlining what is and is not under 

investigation. This keeps the study from being overly broad or unclear. 

3.3 Research Design 

This study examines real-world examples and existing research to understand 

product failures and integrate AI to prevent them. This combination of case studies with a 

review of past research gives a complete picture of the domain.  

3.3.1 Case Study Analysis 
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Case studies give us detailed insights into actual product failures. By looking at 

specific cases from different industries, we can see common patterns and unique challenges 

that lead to product issues.  

3.3.2 Literature Review 

The literature review pulls together findings from research papers, industry reports, 

and other reliable sources. This review helps set the groundwork for our study, showing 

what’s already known, where the gaps are, and how AI could step in to improve things.  

While this study is mostly qualitative, it includes some numbers from existing data 

to back up the findings. This blend of qualitative and quantitative insights offers a balanced 

view of the research topic. The process starts with a literature review to establish 

background knowledge, followed by case studies that either support or challenge what the 

literature says. By combining these two approaches, we can better understand why products 

fail and how AI might help reduce those failures. 

3.4 Data Collection 

This thesis uses both primary and secondary sources for data collection. Primary 

data includes detailed case studies of product failures, while secondary data comes from 

academic literature, industry reports, and market analyses.  

3.4.1 Case Studies  

Case studies are based on publicly accessible information such as business reports, 

news stories, research papers, and industry analysis. To ensure the research goals, case 

studies are selected using a systematic process. Each example includes a full explanation 

of the product, the steps it took to join the market, the problems faced, and the final 

conclusion. This strategy guarantees that the study includes a wide variety of product 

failures and offers comprehensive knowledge of the underlying reasons. To guarantee that 

the information gained from case studies is relevant and useful. 



 

 

21 

 Product Description: Information is acquired on the product's purpose, target market, 

and development process.  

 Failure Documentation: This step records the reasons behind the failure, like design 

flaws, poor market fit, or strategy mistakes.  

 Impact Analysis: Here, the focus is on understanding how the failure affected the 

company’s finances, reputation, and operations, as well as its impact on the industry. 

3.4.2 Literature Review  

The literature review involves analyzing scholarly databases such as IEEE, JSTOR, 

and Google Scholar. The review focuses on product creation, failure prediction, and AI 

integration in product development. By assessing current literature, important ideas, and 

theoretical frameworks, the research lays the groundwork for comparing academic 

viewpoints to real-world examples. 

3.4.3 Industry Papers and Market Analyses 

Industry reports, consultancy papers, and market research are invaluable for 

product failures within their respective industries. These secondary sources contain 

information about market trends, customer behavior, and regulatory settings, which is 

critical for understanding why particular products failed. These sources also serve as a 

comparative reference point for the case studies. 

Key Steps in Data Collection: 

A structured method was used to make sure the data was correct and useful. 

 Source Identification: Well-known databases like IEEE, JSTOR, and Google Scholar 

were used to find literature on failed products and the role of AI in product creation. 

To learn about market trends and how people act, reports from companies like 

McKinsey and Gartner were also looked at. 



 

 

22 

 Data Extraction: Important details were taken from each source, focusing on things 

like why products fail, how they affect companies, and how AI could help stop these 

problems. Every piece of data was checked to make sure it was useful for the study and 

helped us understand failure causes and AI applications.  

 Data Organization: Putting data into groups and organizing it: Once the data was 

checked and confirmed to be correct, it was put into groups that matched the research 

questions of the study. These groups included market research fails, design flaws, and 

marketing that didn't work. This organized method made it easier to find repeating 

themes and patterns, which in turn made it easier to figure out where AI could really 

help.  

 Checking the accuracy of secondary data: To make sure the data was correct, it was 

compared from different sources to find results that were the same everywhere. For 

instance, information about failed products was checked against case studies and 

reports from a number of trustworthy sources. Any mistakes were closely looked over, 

and sources that didn't seem trustworthy or up to date were left out. 

Following these steps helps us gather and organize the right information. This 

creates a solid base for analyzing the data and understanding the research question better. 

3.5 Sampling 

This research used sampling to ensure that the case studies chosen are 

representative of many industries and types of product failures. The purpose is to offer a 

varied range of instances that provide complete insights into the variables causing product 

failures. 

3.5.1 Criteria for Case Selection 

 Relevance: It must be a product that has encountered a significant flaw, leading to a 

loss of money, the retraction of the product from the market or damage to the brand. 
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This criterion is helpful as it guarantees that the chosen cases have learned something 

that can be related to the elements of the product causing its failure. 

 Impact: The case should have had a significant impact on the company and the 

industry, teaching useful lessons for future product developments. High-impact 

instances are chosen to demonstrate major concerns that can result in product failures.  

 Availability of Information: There ought to be enough data available in the public 

domain that can give an insight in the form of detailed case studies. Broad cases which 

are public and relatively easy to gather are used in order to facilitate the corresponding 

investigations. 

 Diverse Industry Representation: It is possible to detect vertical and horizontal 

comparisons across industries because the case studies selected are situated in different 

industries including technology, consumer products, healthcare and automotive in 

order for the reader to appreciate the elements of product failures better. This enables 

the realization of professional factors related to industry as well as themes that cut 

across industries. 

 Sampling Size: More than 70+ case studies are collected from the last 10 years in order 

to get reasonable knowledge on details about product failures. This sampling size was 

supposed to be a compromise between, an in-depth study, and a wide breadth of 

coverage of the factors that data would be collected on. These cases represent diverse 

failure causes, market misalignment, design flaws, and strategic errors, and allow for 

cross-industry comparisons that highlight recurring failure patterns. 

3.6 Data Analysis  

To get a clear understanding of product failures, this study uses a mix of qualitative 

and quantitative methods. This combination allows us to dive deep into specific cases while 

also spotting broader trends across different industries. 
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3.6.1 Qualitative Analysis 

 Content Analysis: This method helps us go through text-based data from case studies 

and research articles, organizing information into useful categories like: 

o Data Organization: Grouping data on issues like design flaws and market 

misalignments from various reports and case studies. 

o Pattern Identification: Recognizing recurring patterns, such as repeated 

design mistakes or marketing missteps that appear across industries. 

o Interpretation: Analyzing these patterns to see how they relate to different 

stages of a product’s life cycle and uncovering the reasons behind these failures. 

 Thematic Analysis: This approach focuses on finding and highlighting key themes in 

the data, such as: 

o Theme Identification: Identifying common themes like poor market research, 

design issues, or the potential role of AI in reducing failures. 

o Cross-case Comparison: Comparing these themes across industries to identify 

shared challenges and unique issues specific to each sector. 

o AI Insights: Exploring how AI could help minimize these failures and offering 

practical solutions for different industries. 

Together, these qualitative techniques offer a deeper understanding of why 

products fail and suggest areas where AI can help prevent similar issues in the future. 

3.6.2 Quantitative Analysis 

 Descriptive Statistics: This technique provides an overview of key numbers from 

industry reports, such as: 

o Failure Rates: Measuring how frequently products fail based on industry type 

or company size. 
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o Financial Impact: Summarizing the financial losses associated with product 

failures. 

o Market Share Decline: Comparing market share before and after product 

failure to gauge the business impact. 

 Correlation Analysis: This method examines the relationships between different 

failure factors to uncover trends and links. 

o Key Factor Correlations: Identifying connections between factors like poor 

market research and high failure rates. 

o Predictive Insights: Highlighting the factors most strongly associated with 

failure, like low quality control or insufficient product differentiation, to inform 

future product development. 

Using both qualitative and quantitative methods gives a well-rounded view. The 

numbers provide concrete patterns, while the qualitative insights explain the reasons 

behind these patterns, helping us understand product failures in a meaningful way. 

3.7 Ethical Considerations 

Good research depends on following ethical principles. This section explains the 

ethical practices used throughout the study.  

3.7.1 Informed Consent 

Since the research relies only on publicly available materials and second-hand 

information, no personal consent was needed. The study ensures all information is used 

properly, with every source accurately cited. 

3.7.2 Confidentiality 

Any sensitive information that is collected during the data collection process is 

rigorously confidential and is solely used for research purposes. The study refrains from 
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disclosing any sensitive or personal information that could pose a threat to individuals or 

organizations. 

3.7.3 Objectivity and Bias 

The study followed strict, standardized methods for collecting, analyzing, and 

interpreting data to minimize bias. A transparent research process was used so that each 

step could be reviewed. To ensure the findings were accurate and unbiased, techniques like 

peer reviews, data cross-checking (triangulation), and feedback from experts (member 

verification) were applied. 

The purpose of these principles is to ensure that the research is conducted with 

honesty and respect, protecting the dignity and freedom of all participants, whether 

individuals or organizations. Upholding strong ethical standards is crucial for producing 

accurate, consistent results and building trust in the research process. 

3.8 Research Design Limitations 

It is important to capture the limitations of the research method. Such limits may 

be brought about by a number of factors including the limitations in the data collection 

instruments, limitations in the scope of the study or including different methodological 

approaches. It is important to identify and pass these obstructions in order to ensure that 

the conclusions of the study are definitive, dependable, and believable. 

3.8.1 Key Considerations  

 Sample Size: Given the nature of case studies, the sample size is limited by the 

availability of relevant information. While we’ve tried to capture a diverse range of 

situations, the findings may not apply universally across all industries or markets. This 

research focuses on a few significant examples, which might not represent smaller or 

less noticeable product failures. 
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 Generalizability: The insights gained from unique case studies may not be applicable 

broadly. However, they provide useful lessons and illustrate common aspects that can 

be applied to a variety of scenarios. Future study can expand on these conclusions by 

investigating additional situations and sectors. 

 Data Quality: The accuracy and dependability of secondary data sources might vary. 

Efforts are undertaken to cross-check data from numerous sources to assure its 

accuracy. However, this study relies on the quality and availability of latest data, which 

has some limitations.  

 Time Constraints: Time constraints may limit the scope of the research, altering the 

depth and breadth of data gathering and analysis. The study focuses on a specific group 

of instances of case studies and literature. 

 Technological Limitations: The study focuses on the current status of AI technology. 

As AI evolves, future advances may solve some of the limitations revealed in this study. 

The research notes that the fast shifting landscape of AI technology may have an impact 

on the findings' long-term usefulness. 

 Contextual Factors: The research is carried out within a specific time and state. The 

transitory nature of these findings and the manner in which they will be used may also 

be affected by changes in the market, the customers' behaviors, and technological 

advancement. In future, these contextual factors should be considered in order to ensure 

that the insights provided are up to date and useful. 

 Methodological Limitations: This study has a few limitations that could influence the 

results. Since it relies on existing data, some important details or context might be 

missing, which could lead to partial or biased findings. The case studies were chosen 

based on factors like relevance, impact, and the availability of information, which 

means there’s a chance that not all types of product failures are represented. This 



 

 

28 

selection process may also introduce some bias, as it focuses on specific examples 

rather than covering the full spectrum of possible cases. 

Acknowledging these limitations enhances the study’s transparency and 

trustworthiness. It also provides valuable insights into the challenges encountered, 

promoting continuous improvement and encouraging better research practices in the future. 

3.9 Conclusion 

This study seeks to examine the reasons for product failures and the role of AI in 

the mitigation of these failures by employing a case study method as well as literature 

review. The aim of further research on this subject is to obtain in-depth data and, based on 

analysis, to provide important in practice and theory moves towards product development 

processes enhancement and minimization of the chances of product failure. 
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CHAPTER IV:  

HISTORICAL PRODUCT FAILURES 

4.1 Introduction 

Learning from past mistakes is essential. Historical case studies offer valuable 

lessons that can help current and future product creators avoid similar pitfalls. This section 

looks at well-known product failures to uncover common issues in areas like market 

research, marketing, product design, and strategy. It also explores how AI can help 

overcome these challenges, enabling more successful product development. 

4.2 Case Studies 

Choosing the right case studies is essential for meaningful insights. These cases 

were selected for their relevance, impact, and diversity across industries, ensuring they 

provide a well-rounded foundation for analysis and useful takeaways. 

 

Table 1 

Analysis of Historical Case Studies 

Product Overview Failure 

Description 

Outcome AI Techniques for 

Prevention 

Google Glass 

(2014) 

Google Glass 

was a smart 

wearable 

glasses 

developed as 

a Google 

moonshot 

technology. 

Privacy 

concerns, high 

price 

(Weidner, 

2024) 

Discontinu

ed, 

reposition

ed for 

enterprise 

use. 

Sentiment Analysis: 

NLP models could 

monitor user sentiment 

on privacy concerns 

from social media and 

feedback forums; 

Market Segmentation: 

Clustering could 

identify early adopter 
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Relaunched 

in 2019 but 

was removed 

from the 

market again 

in 2023. 

groups more receptive 

to such technology, 

guiding targeted 

marketing efforts. 

Amazon Fire 

Phone (2014) 

Amazon Fire 

phone was 

smartphone 

with 

innovative 

features like 

ability to 

scan 100 

million real-

world 

objects, 3D 

display, Big 

size 

High price, 

poor user 

experience, 

small app store 

(Luckerson, 

2014) 

Discontinu

ed, losses 

in the 

hardware 

segment 

Predictive Market 

Analysis: Use 

predictive modeling to 

estimate market interest 

and sensitivity to price; 

User Behavior 

Prediction: Machine 

learning to anticipate 

customer engagement 

with features. 

Nike 

FuelBand 

(2014) 

Nike 

FuelBand 

was a fitness 

tracker 

developed by 

Nike.  The 

band was 

famous for its 

design and 

innovative 

Poor user 

adoption, 

competition 

from Apple 

Watch (Ishalli, 

2023) 

Discontinu

ed, Nike 

focused on 

apps 

Competitive Analysis 

with Machine 

Learning: Predict 

consumer shift toward 

multifunctional 

wearables; Trend 

Forecasting: Use time 

series forecasting to 

gauge future demand in 



 

 

31 

features. The 

tracker 

measured 

physical 

activity and 

allowed users 

to set and 

track fitness 

goals. 

a competitive 

landscape. 

Snapchat 

Spectacles 

(2016) 

Snapchat 

Spectacles 

were smart 

glasses 

dedicated to 

recording 

video for the 

Snapchat 

service 

Poor sales, 

limited 

functionality, 

bad design 

(Constine, 

2017) 

Overstock

ed, 

moderate 

pivot 

Design Feedback 

Loop: Collect and 

analyze early user 

feedback using AI-

driven surveys; 

Anomaly Detection: 

Identify design or 

functional issues during 

testing phases before 

mass production. 

Yahoo 

Screen 

(2016) 

On-demand 

streaming 

service for 

TV-Shows, 

movies, and 

webisodes. 

Low user 

adoption, 

content 

challenges 

(Thomas, 

2016) 

Shutdown Content 

Personalization: 

Recommendation 

algorithms could tailor 

content to user 

preferences; Market 

Prediction Analysis: 

Forecast user demand 

and competitive 

positioning. 
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Tidal 

Streaming 

Service 

(2016) 

Tidal is 

a music 

streaming 

service 

High price, 

competition 

from Spotify, 

Apple Music 

(Hall, 2016) 

Acquired 

by Square, 

restructure

d 

Personalized 

recommendation 

algorithms and 

sentiment analysis 

could have enhanced 

user engagement and 

identified content 

preferences. 

Windows 10 

Mobile OS 

(2017) 

Windows 10 

Mobile was a 

mobile 

operating 

system 

Lack of app 

support, low 

market share 

(Savov, 2017) 

Discontinu

ed. Lost 

$7B 

Market trend analysis 

could have anticipated 

declining mobile 

demand. 

Microsoft 

Kinect 

(2017) 

It was motion 

sensing input 

device for the 

Xbox 360 

and Xbox 

One. 

Limited 

games, lack of 

support, 

Technical 

glitches (LEE, 

2023) 

Discontinu

ed, 

pivoted to 

other 

applicatio

ns 

Predictive Analytics 

for Content 

Development: Analyze 

player engagement data 

to build better games; 

Sentiment Analysis: 

Get insights from user 

reviews and social 

media feedback. 

 

Jawbone 

(2017) 

Jawbone 

pioneered 

wearable 

technology, 

the first 

wrist-worn 

Poor product 

reliability, stiff 

competition  

Bankruptc

y, 

liquidation 

Predictive 

maintenance and user 

sentiment analysis 

could have identified 

hardware issues early 

and adapted product 
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fitness 

tracker 

features to user 

preferences 

Jibo (217) Smart home 

assistant 

(robot) 

Limited 

Functionality, 

Positioning 

and 

Competition 

(Mitchell, 

2018)  

Discontinu

ed  

Sentiment analysis and 

market trend 

forecasting could have 

identified user 

preferences for smart 

assistants with broader 

ecosystem integration, 

helping Jibo align its 

features with consumer 

expectations. 

Twitter Peek 

(2017) 

A portable 

device that 

only does 

Twitter. 

Insufficient 

market 

research, 

expensive 

(Tran, 2017) 

Discontinu

ed 

Sentiment analysis 

and personalized 

content 

recommendations 

could have boosted 

engagement 

Google+ 

(2018) 

Social 

networking 

platform  

Data breaches, 

low user 

engagement 

(The Vital 

Edge, 2019) 

Platform 

shut down 

User behavior analysis 

and trend forecasting 

could have identified 

engagement gaps early, 

guiding feature 

adjustments to boost 

retention. 

Google Pixel 

Slate (2018) 

12.3-inch 

tablet running 

ChromeOS 

Software 

issues, poor 

performance 

(Crider, 2021) 

Product 

discontinu

ed, Google 

re-focused 

Predictive quality 

control and user 

feedback analysis 

could have addressed 
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on 

Chrome 

OS 

hardware issues and 

enhanced customer 

satisfaction. 

Amazon 

Dash Buttons 

(2019) 

Tiny stick-on 

buttons that 

allowed 

customers to 

quickly 

reorder 

popular 

household 

products 

Limited use 

cases, 

overshadowed 

by Alexa 

(Welch, 2019) 

Discontinu

ed, 

replaced 

by smarter 

home 

devices 

Predictive analytics 

could have identified 

low user adoption and 

evolving shopping 

behaviors 

MoviePass 

(2019) 

Theater 

subscription 

service 

Unsustainable 

subscription 

model, high 

demand (Statt, 

2019) 

Bankruptc

y, 

company 

shut down 

Predictive analytics 

and user behavior 

forecasting could have 

optimized pricing and 

usage limits, improving 

sustainability. 

Apple 

AirPower 

(2021) 

iPhone 

charging pad 

Technical 

challenges and 

delays (Goode, 

2019) 

Discontinu

ed 

Predictive quality 

control and anomaly 

detection could have 

identified overheating 

issues early, preventing 

design flaws. 

Zume Pizza 

Robots 

(2020) 

Pizza robot & 

cook-on-the-

road food 

trucks 

concept 

Overestimated 

demand for 

robot-made 

pizza 

Shutdown, 

pivot to 

packaging 

technolog

y 

Predictive 

maintenance and real-

time operational 

analytics could have 

improved robot 
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(Hermann, 

2023) 

performance and 

efficiency, reducing 

operational failures. 

Facebook 

Libra 

Cryptocurren

cy (2020) 

Libra was a 

digital global 

currency and 

financial 

infrastructure 

Regulatory 

pushback, lack 

of support 

from partners 

(Murphy and 

Stacey, 2022) 

Project 

scaled 

back, 

eventually 

abandoned 

Regulatory 

compliance 

monitoring and risk 

analysis using AI could 

have addressed legal 

concerns and improved 

stakeholder trust. 

Google 

Stadia (2021) 

Google’s 

gaming 

platform 

Limited game 

selection, poor 

infrastructure 

(MacDonald, 

2023) 

Product 

discontinu

ation, 

pivot to 

white-

label 

service 

Predictive demand 

forecasting and user 

sentiment analysis 

could have identified 

content and feature 

gaps, helping Stadia 

align better with gamer 

expectations. 

LG 

Smartphones 

(2021) 

Smartphones 

with some 

advance 

features like 

expanding 

screen 

Low demand, 

competitive 

market 

(Michaels, 

2021) 

LG exited 

smartphon

e business, 

pivoted to 

other 

technologi

es 

Market trend analysis 

and competitive 

feature prediction 

could have aligned 

LG’s offerings with 

consumer demands, 

boosting market 

relevance. 

Peloton Bike 

(2022) 

Peloton 

bike was a 

high-tech 

Pandemic-

related demand 

decline and 

Layoffs, 

cost-

cutting 

Predictive 

maintenance and 

customer sentiment 
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stationary 

bike with a 

22" HD 

touchscreen, 

carbon steel 

frame, 

smooth 

magnetic 

competition 

(Williams, 

2023) 

measures, 

and pivot 

to 

subscriptio

n services 

analysis could have 

proactively addressed 

hardware issues and 

improved user 

satisfaction. 

Facebook 

Metaverse 

(2022) 

Open-world 

virtual reality 

platform 

Technical 

challenges, 

user 

skepticism, 

and privacy 

concerns 

(Wagner, 

2023) 

Ongoing 

developme

nt and 

investment

s, but 

future 

uncertain 

User engagement 

analytics and trend 

forecasting could 

optimize content and 

experiences, aligning 

Metaverse features with 

user expectations. 

CNN+ 

(2022) 

Streaming 

service 

Insufficient 

market 

research, lack 

of attractive 

content (Darcy 

and Stelter, 

2022)  

Shutdown 

the 

services 

Predictive analytics 

and audience 

segmentation could 

have identified content 

preferences and market 

demand, aligning 

CNN+ offerings with 

viewer interests. 

Google Bard 

(2023) 

AI chatbot Factual errors 

and 

inaccuracies 

(Timesofindia, 

2023) 

Ongoing 

developme

nt and 

improvem

ents to 

Enhanced NLP fine-

tuning and user 

feedback analysis 

could improve response 

accuracy and relevance, 
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address 

limitations 

addressing user 

concerns more 

effectively. 

Apple Vision 

Pro (2023) 

VR headset 

or smart 

glasses  

High price 

point and 

limited initial 

applications 

(Scott, 2024) 

Focus on 

enterprise 

and 

profession

al markets 

Predictive analytics 

and user sentiment 

analysis could refine 

features and address 

pricing concerns, 

enhancing market 

adoption. 

Mandolin 

(2023) 

Live music 

streaming 

platform 

Limited 

adoption 

(Marshall, 

2023) 

Shutdown Predictive audience 

analysis and 

personalized content 

recommendations 

could have improved 

user engagement and 

sustained platform 

growth. 

Frontrow 

(2023) 

Edtech 

platform 

Market 

competition, 

funding 

challenges, and 

a lack of 

product-market 

fit (ISN Team, 

2023) 

Stopped 

operation 

Market trend analysis 

and targeted 

recommendation 

algorithms could have 

aligned offerings with 

user interests, 

improving engagement. 

4.3 Product Failure Rates by Industry 
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Table 2 displays the failure rates for new products by sector or industry. For 

example, consumer products and services have a greater rate than healthcare or software. 

While there are certain industry disparities, no industry has reported an 80% new product 

failure rate (Rutkowski, 2022; Bourgeois, 2024). 

 

Table 2 

New Product Failure Rates by Industry 

Industry Failure Rate in % 

Chemicals 44% 

Industrial Services 43% 

Consumer Goods 45% 

Consumer Services 45% 

Investment Goods 35% 

Healthcare 36% 

IT Software and services 39% 

Technology 42% 

4.4 Financial Losses of Product Failures by Company Size 

Table 3 shows how different companies have been affected by product failures. 

Data such as financial losses resulting from recalls, failed product launches, and 

reputational damage can be used to understand the diverse impacts observed across 

different company sizes (Donofrio, 2020; Pilot, 2021). 

 Small Companies: Although the financial losses may appear to be less substantial, 

they frequently result in severe operational setbacks and account for a substantial 

portion of their revenue.  

 Medium Companies: As the company size increases, financial impacts tend to 

intensify, particularly as they expand product development.  
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 Large Companies: For large companies product failures can result in losses in the 

billions, particularly due to recalls or market failures of iconic products. These were 

observed in industries such as automotive and electronics. 

Table 3 

Financial Losses vs Company Size 

Company Size Financial Losses 

Small $10m-$20m 

Medium $50m-$100m 

Large $500m+ 

4.5 Product Failure Causes and Percentage Contribution 

Table 4 shows the contribution of different causes in product failure. Research has 

demonstrated that inadequate market research is frequently the most significant factor 

contributing to product failures, with an estimated 35% of the cases. Product design 

deficiencies and competition frequently account for approximately 25% and 20% of 

failures, respectively (Victory et al., 2021; Zhou, 2024). 

Table 4 

Product Failure Causes and Percentage Contribution Table 

Failure Reason  % Contribution 

Poor market research 35% 

Inadequate product design 25% 

Competition 20% 

Regularity challenges 18% 

Pricing issue 15% 

Team 14% 

Timing 10% 

4.6 Lessons Learned  
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Each case study provides significant insights into how AI might have averted 

particular failures. Here are few fundamental insights that can inform the implementation 

of AI in forthcoming product development:  

 Proactive Identification of Market Trends: AI instruments such as predictive 

analytics and sentiment analysis can offer preliminary alerts regarding market 

fluctuations. This enables organizations to swiftly adapt to evolving consumer 

expectations and developing technologies.  

 Enhanced Prototype Testing and Feedback: Real-time data analysis and feedback 

mechanisms, facilitated by machine learning, empower teams to implement continuous 

enhancements throughout the development phase. This mitigates potential 

complications that may occur post-launch of the product.  

 Personalized Market Segmentation: Clustering methodologies facilitate precise 

market segmentation, guaranteeing that product designs closely correspond with the 

preferences and requirements of distinct client segments.  

 Proactive Quality Control: AI models dedicated to predictive maintenance and 

anomaly detection are crucial for identifying potential quality and safety concerns prior 

to impacting consumers. This is particularly vital in sectors where safety and 

dependability are essential. 

4.7 Conclusion 

Analyzing historical product failures reveals important insights into the diverse 

structure of product development challenges. The study examines a varied group of case 

studies to identify common trends such as inadequate market research, design defects, poor 

marketing techniques, technology and safety difficulties, and strategic misalignment. 

These findings highlight the complexities of product development and the numerous 

elements that might contribute to failure.  
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Furthermore, the potential for AI to address these difficulties is clear. AI 

technologies provide enhanced tools for market research, design optimization, and 

predictive analytics, which can greatly improve the product creation process. Companies 

may use AI to obtain deeper insights, better decision-making, and address potential 

difficulties ahead of time, boosting the likelihood of product success.  

The findings of this study provide practical recommendations for companies 

looking to lower the risk of product failure and achieve long-term market success. 
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CHAPTER V:  

FACTORS CONTRIBUTING TO PRODUCT FAILURES 

5.1 Introduction 

It’s essential for companies to understand why products fail to improve their 

product development life cycle. This section looks at the key reasons behind product 

failures and how AI can help predict and prevent them. By examining these factors, we can 

spot common mistakes and develop smarter strategies to boost the chances of success.  

Numerous interconnected factors can lead to product failures. Every step of product 

life cycle has a big impact on how a product comes out, from incorrect product design and 

marketing tactics to inadequate market research. Knowing these factors enables companies 

to address potential problems well in advance. The use of AI in the product-building 

process enables predicting and preventing product failures.  

This chapter delves into different contributing factors, their causes, and their impact 

on product success. 
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Figure 2 

Product Failure Common Patterns 
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5.2 Common Patterns 

5.2.1 Inadequate Market Research 

One of the main reasons products fail is that the market study wasn't done well 

enough. When companies don't fully research their target market, including the needs and 

wants of those customers, they run the risk of making products that don't appeal to them. 

Market research is the process of collecting and analyzing information about customers, 

competitions, and market trends in order to help make choices about new products. When 

market research isn't done well or at all, it can lead to bad product features, price strategies, 

and marketing efforts.  

Causes of Inadequate Market Research 

 Limited Data Collection: Insufficient data collection usually results in bad market 

research. Either companies rely on tiny sample sizes or gather information from few 

sources. This results in a lack of information, whether it be incomplete or 

comprehensive. This limitation on the extent of market information leads to erroneous 

conclusions. Internal sales data by itself, without regard for outside market trends, 

offers only a partial knowledge of market circumstances.  

 Biased Research Methods: Research can become unreliable if biased methods are 

used, like random sampling or survey questions that lead respondents toward certain 

answers. This bias can result in misinterpreting consumer needs and preferences. 

Without objectivity and fairness, the findings may be misleading, leading to poor 

decisions and inaccurate conclusions. 

 Budget Constraints: Restricted financial resources could restrict the extent and depth 

of market research initiatives aimed at. Companies conduct less detailed, less expensive 

research that prevents understanding the present status of the market. Cost-cutting 
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practices may result in studies without the depth necessary for effective market 

research. 

 Time Pressure: Time limits might force companies to cut off their research initiatives, 

therefore generating major knowledge gaps. Pressure to reach deadlines could 

compromise the comprehensiveness and quality of market research.  

 Over-reliance on Internal Knowledge: Companies might choose to rely too much on 

internal ideas and information instead of considering the necessity of external 

investigation. This might result in a restricted view that ignores all market movements. 

For example, internal biases and the echo chamber effect may prevent companies from 

identifying changes in customer behavior or new trends. 

 Ignoring Qualitative Insights: Ignoring qualitative insights from sources like 

customer interviews and focus groups in favor of a whole reliance on quantitative data 

might lead to a lack of awareness about consumer activity and demands.  

 Failure to Segment the Market: Ignoring groups of customers and seeing the market 

as a single thing could lead to a one-size-fits-all approach that doesn't take into account 

important needs for different levels of capability. A well-done market segmentation 

helps you decide which products, audiences, or marketing strategies to use. 

In conclusion, inadequate market research contributes significantly to product 

failures. This is due to a variety of factors, such as limited data collection, biased research 

methods, over-reliance on internal knowledge, budget or time constraints, etc. This 

investment helps to reduce risk and raise the possibility of successful products. 

5.2.2 Poor Product Design 

Poor product quality is also an important element that can contribute to a product’s 

failure. The design of the product may contain defects, such as poor usability, poor 

appearance, and poor technical performance. Consumers are unlikely to accept products 
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that have usability problems, poor appearance, or fail to provide expected functions. 

Product life cycle involves understanding the needs, wants, and behaviours of the user, and 

then developing products that offer a good usable value. 

Causes of Poor Product Design 

 Inadequate User Research: This is the most frequently cited reason for product 

failure, the absence of adequate user research. By focusing on product development in 

isolation of the target audience’s needs, wants, and behaviours, product developers risk 

coming up with outputs that are of little use to them.  

 Lack of Repetitive Design Process: Product optimization involves an iterative process 

where customers' input is used to check and improve the design. Lack of such inputs 

can lead to insufficient systems in place rather than well-designed ones that meet and 

even exceed the user’s expectations. Omitting or cutting back on an evaluation phase 

may lead to inadvertent development of products that are out of spec as far as their 

design features are concerned. 

 Prioritizing Design Aesthetics Over Functionality: Focusing too much on design 

over functionality can result in a product that looks great but doesn’t work well. For 

example, the Apple Newton was admired for its sleek design, but its poor handwriting 

recognition frustrated users and ultimately caused it to fail in the market. 

 Poor Cross-functional Collaboration: Ensuring high-quality product design requires 

close collaboration between engineering, marketing, and production teams. When these 

teams don’t communicate well, the product may fail to align with market needs, 

technological strengths, or production capabilities. For example, a lack of coordination 

between the design and engineering teams might result in ineffective systems that are 

difficult to deploy. 
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 Ignore Ergonomics and Usability: There are instances when products do not meet 

usability and user satisfaction. This is specifically important in consumer electronics 

and other areas that require frequent use. Leaning toward usability design could cause 

dissatisfaction among the users and even lower their productivity. 

Poor product design is a key reason behind many product failures. These failures 

highlight the need for companies to invest in thoughtful, user-cantered research and design 

to create better products. Companies need to embrace proper design standards, assuming 

that they will design products that meet the customers’ requirements and are user-friendly. 

It would be beneficial for companies to explore design issues at earliest to improve chances 

for product success and build a positive image in the market. 

5.2.3 Ineffective Marketing and Sales Strategies 

The performance of the product is severely crippled by ineffective sales and 

marketing approaches. It is important to note that marketing and sales help create brand 

awareness, popularity, and even acceptance of new products in the market. However, when 

these strategies are poorly structured or fail to meet customer needs or market 

environments, marketable products may not be developed, which translates into poor sales 

and eventually exit from the market. 

Causes of Ineffective Marketing and Sales Strategies 

 Ambiguous Value Proposition: Marketing falls short when the value of a product 

isn’t communicated clearly, leaving potential customers unsure of its purpose or 

benefits. People won’t buy something if they don’t understand how it can help them. A 

good example is Google Wave, launched in 2009. Despite its innovative technology, 

the product’s value was poorly explained, leaving users confused about what it was for. 

This lack of clarity ultimately contributed to its failure. 
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 Targeting Wrong Audience: Effective marketing relies on reaching the right 

audience. If the target audience is misidentified, marketing efforts can fall flat, leading 

to poor sales. A good example is Microsoft’s Kin, a social media-focused phone 

launched in 2010. It failed because it targeted an audience already satisfied with other 

smartphones. As a result, the Kin struggled to attract users and was discontinued soon 

after its release. 

 Incomplete Analysis: Marketing campaigns can miss the mark when there isn’t 

enough research into the target audience, customers, and competitors. Without this 

understanding, the efforts may not resonate with the right people. A well-known 

example is New Coke’s failure in 1985, where the focus on changing the recipe 

overlooked customer loyalty to the original formula. As a result, the product was 

quickly pulled from the market. 

 Poor Branding and Positioning: How a product is branded and positioned plays a big 

role in its success. If it isn’t positioned well, it can get lost among other options in the 

market. A well-known example is the Microsoft Zune, launched in 2006. It struggled 

because its branding and positioning were unclear, and it failed to establish a unique 

identity that could compete with Apple’s iPod. 

 Weak Promotional Efforts: Getting people excited about a product requires smart 

promotion. But when ads miss the mark or there’s little social media presence, people 

tend to lose interest. Take Juicero, a pricey juicing machine launched in 2016. Many 

felt it was too expensive, and the company didn’t do enough to explain why it was 

worth the cost. Without strong promotion, the product struggled to attract buyers and 

eventually failed.  

 Inappropriate Marketing Channels: The choice of marketing channel greatly affects 

the reachability and availability of the product. Inappropriate or poorly chosen 
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marketing channels can limit a product’s market penetration. The failure of the HP 

touchpad in 2011 was due to limited availability and an ineffective marketing strategy, 

which hindered its ability to compete against established players such as Apple’s iPad. 

 Poor Pricing Strategy: The pricing strategy is essential for achieving market 

acceptability, regardless of whether it involves overpricing or under-pricing. Potential 

consumers may be discouraged by excessive pricing, while profitability and perceived 

value may be diminished by under-pricing. The Amazon Firephone, which was 

published in 2014, has been criticized by critics for it’s over pricing in comparison to 

competing smartphones. This has resulted in low sales and its eventual discontinuation. 

Poor product marketing and sales tactics are the basic factors behind product 

failure. Companies must prioritize successful marketing tactics in order to communicate 

value, target the appropriate audience, and differentiate their products in the market. By 

resolving these issues, companies can increase product success rates and establish strong, 

favourable brand reputations. 

5.2.4 Human Factors 

The success or failure of a product is affected by things like thinking errors, how 

decisions are made, and the culture of the company. Understanding these human factors is 

important for coming up with ways to reduce their effects and improve the success of 

products. 

Causes of Human Mistakes 

 Biases in the Mind: Cognitive biases, or tendencies to make certain types of decisions, 

can significantly affect outcomes. Overconfidence, confirmation biases, and anchoring 

are the main flaws that hurt output. People with a stake in a project often mistake its 

benefits and don't see its possible downsides or risks. Anchoring and other strong cross-
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sectional status effects the choices people make, and in those conditions they make 

choices without considering all the other available options. 

 Groupthinking: Groupthink happens when people are encouraged to work together, 

which can lead to bad or illogical decisions. In groupthink, a group of individuals come 

to a consensus without critical reasoning or considering the consequences or 

alternatives. This makes it hard to disagree or give an opinion, which can lead to bad 

decisions. The desire to agree on everything could make it harder for teams to try 

different ideas and find appropriate solutions. 

 Bad Communication and Teamwork: All functional areas, such as marketing, 

operations, and different engineers and programmers, need to work together to make 

sure the quality of the product. Because of this, it is very important to encourage a lot 

of teamwork and conversation. Ineffective communication can cause confusion, setting 

of the wrong goals, and the incomplete sharing of information, all of which can result 

in flawed products. Lack of appropriate communication often makes it hard to combine 

different ideas and information, which in turn can affect decision making. 

 Bad Leadership and Management: The way decisions are made and the culture of a 

company are often based on the styles of leadership and management. Autocratic 

leadership can kill innovation and make people on the team less likely to voice their 

concerns, while the other way around may be too far away to offer any advice at all. 

Leading well means giving advice while also giving people the freedom to make their 

own decisions. This way, you can keep your team motivated and involved in the 

product creation process. 

 Inefficient Risk Management: If risk management isn't done right, possible risks 

linked to product development might be undervalued or ignored. This includes 

problems that come up with technology, markets, and business. Without an organized 
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plan for finding risks, evaluating them, and reducing them, companies may run into 

problems they didn't expect, which could hurt the success of their goods. 

 Resistance to Change: When an organization doesn't want to change, it can stop new 

ideas and make it harder to adjust. Some employees and managers may not want to use 

new technologies, methods, or market trends. This can cause things to stand still and 

chances to grow to be lost. To get people to accept change, effective management must 

take into account the wants and needs of everyone involved. 

Human factors play a big role in the failure of any type of product. To improve the 

chances of a product succeeding, it is important for partner companies to make sure that 

decisions are made in a clear way. Companies should encourage innovation and new ideas, 

set common goals and strategies, and put customer needs first throughout the whole 

process. So, reducing these human factors will have a good effect on product growth within 

the company, which will result in the highest level of productivity overall. 

5.2.5. Inadequate Quality Control 

Inadequate quality control can result in product flaws and failures, costing a 

company money and harming its reputation. Quality control is critical for ensuring that 

products fulfil specifications and work consistently under a variety of scenarios. When 

quality control processes are weak or defective, products are more likely to fail, resulting 

in consumer unhappiness and potentially risking their safety. 

Causes of Inadequate Quality Control 

 Insufficient Testing: One big reason for poor quality control is skipping thorough 

product testing. Testing a product in different situations helps catch serious problems 

before it hits the market. A good example is the Samsung Note 7. After it launched, 

some phones overheated and even exploded due to battery issues, problems that better 

testing could have caught earlier. 
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 Lack of Standardization: Quality control systems can be highly inconsistent in the 

absence of clearly focused procedures and goals, which may result in substandard 

quality of the final output. Standardization serves the purpose of ensuring that every 

single unit of the products produced is of the same quality and there is minimal risk of 

producing defective products. Poor quality control systems in place make it easier for 

companies that do not set high quality control standards to produce shoddy work. 

 Inadequate Training: Professional staff with appropriate training in defect detection 

and product quality assurance are essential for quality control. Inadequate training can 

lead to mistakes and oversights in the quality control process. Employees who are not 

well-trained may fail to identify possible faults, allowing defective products to slip 

through quality checks. 

 Timeline Pressure: The need to achieve tight deadlines can cause shortcuts in quality 

control processes. When companies prioritize speed over quality, they may overlook 

or rush important phases in the quality assurance process, thereby increasing the 

likelihood of mistakes. Industries with rapid product development cycles, like 

electronics and automotive, frequently observe this pressure. 

 Lack of Clear Communication and Documentation: Good quality control depends 

on clear communication and proper documentation of processes and standards. When 

teams don’t communicate well or fail to document things properly, mistakes and 

misunderstandings can happen. This can lead to inconsistencies and overlooked issues. 

 Insufficient Resources: Quality control necessitates sufficient resources, including 

equipment, manpower, and time. Companies that do not invest enough in quality 

control resources may struggle to carry out rigorous inspections and testing. This lack 

of investment may result in more faults and product failures. 
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 Failure to Adopt New Technologies: Modern quality control uses tools like 

automated testing, machine learning, and data analytics. Companies that don’t take 

advantage of these technologies risk missing problems and falling behind competitors. 

These tools make quality checks faster and more accurate, helping prevent mistakes 

and product failures. 

Failures of well-known products show how expensive bad quality can be, stressing 

the need for products that work well and don't cost a lot. Focusing on quality tests, 

standardization, training, and using the right tools can help companies lower the risk of 

failure.  

5.2.6 Misaligned Product Positioning 

Incorrect product positioning happens when a product doesn’t reach the right 

audience or isn’t marketed well. Good positioning clearly shows what makes the product 

unique and valuable. 

Causes of Misaligned Product Positioning 

 Inadequate Market Research: Insufficient market research can lead companies to 

misinterpret the needs of their customers. This could result in the creation of a product 

that customers don't require. For instance, the product positioning may not be appealing 

to the target demographic if market research fails to effectively capture the motives and 

behaviors of potential customers. 

 Incorrect Target Audience: The misidentification or targeting of the incorrect 

audience may lead to ineffective product positioning. It is essential that we create 

products that are customized to the unique needs and preferences of the target audience. 

Marketing a product to an audience that does not appreciate its capabilities is 

exceedingly unlikely to yield success. This issue is further exacerbated by the failure 
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of Microsoft's Kin phones, which were designed to appeal to a youthful audience that 

was social media-savvy but ultimately failed to do so. 

 Feature Overload vs Value Proposition: Misalignment can arise when a product 

prioritizes its characteristics over the benefits and value it provides to its consumers. 

Customers are generally more interested in the ways a product will enhance their lives 

than in its technical specifications. An excessive emphasis on features may obfuscate 

the overall value proposition and fail to establish an emotional connection with 

consumers. 

 Ignoring the Competitive Landscape: If a company doesn’t pay attention to what 

competitors offer, it might struggle to make its product stand out. Knowing what rivals 

are selling and how they promote their products is key to creating something unique 

and attractive. Without this insight, customers may see the product as unimportant or 

not up to par. 

 Mixed Brand Messages: When a brand’s message is unclear or inconsistent, it can 

confuse customers and weaken the product’s place in the market. A clear and consistent 

message is essential for showing the product’s value and building a unique identity. If 

the message keeps changing, it can reduce the brand’s impact and make it harder to 

connect with the target audience. 

 Failure to Adapt to Market Changes: Markets are dynamic, and client preferences 

shift over time. Failure to adapt positioning tactics to these changes may render 

products obsolete or irrelevant. Companies must constantly analyse market 

developments and adjust their positioning to remain relevant and competitive. 

The intended audience needs to hear the value proposition clearly and successfully. 

Customers are reluctant to make a purchase unless they grasp what makes the product 
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special or how it benefits them. Poor communication can stem from unsuccessful 

marketing initiatives, ambiguous language, or a lack of clarity in promotional materials. 

5.2.7 Insufficient Product Differentiation 

Insufficient product differentiation is a significant element that might contribute to 

product failure. When a product fails to differentiate itself from competitors or provide 

distinctive value to customers, it struggles to obtain attention and market share. Effective 

product differentiation is recognizing and stressing the distinct features, benefits, and 

attributes that distinguish one product from others on the market.  

Causes of Inadequate Product Differentiation 

 Inadequate Customer Understanding: Insufficient market understanding can result 

in a misunderstanding of which characteristics or attributes consumers value the most. 

Companies that lack thorough insights into consumer preferences and competitor 

offerings may produce product that fail to differentiate themselves in the market. For 

example, neglecting to discover distinct consumer demands can result in a product that 

gives consumers no compelling reason to choose it over competitors. 

 Copycat Strategy: Some companies use a copycat strategy, mimicking the features 

and designs of successful products without providing new value. While this method 

may initially save research and development expenses, it often results in products 

perceived as inferior or redundant to the original. A lack of originality and individuality 

may prevent the product from obtaining momentum in the market. 

 Overemphasis on Cost Cutting: An emphasis on cost-cutting might result in worse 

product quality and innovation. When companies focus too much on cutting costs 

instead of adding unique features, their products may fail to stand out. Being cost-

effective is important, but it shouldn’t come at the cost of making the product special. 
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 Failure to Leverage Brand Strengths: Brands with strong reputations have the 

potential to use brand equity to differentiate their offerings. However, if they don’t 

connect new products to what people already love about the brand, they miss 

opportunities to stand out. Products that don’t build on brand strengths might struggle 

to set themselves apart. 

 Limited Innovation: Innovation is a critical driver of product differentiation. 

Companies that don’t invest in R&D to add improvements or unique features risk 

ending up with products that look just like their competitors’. Without originality, these 

products may fail to attract or excite customers. 

 Homogeneous Market Segmentation: Treating the market as a homogeneous entity 

without acknowledging varied consumer segments might result in a one-size-fits-all 

strategy that overlooks important potential for differentiation. Effective market 

segmentation entails recognizing and addressing certain consumer groups with 

personalized products and marketing. Without segmentation, products may fail to fulfil 

the distinct needs of different market categories. 

Numerous high-profile product failures demonstrate the impact of insufficient 

distinctiveness, emphasizing the need to create and express unique value propositions.  

5.2.8 Timing and Market Readiness 

Timing and market readiness are critical factors that may determine the success or 

failure of a product. Launching a product prematurely, prior to the market's readiness, may 

result in inadequate sales and acceptance. In contrast, launching too late may result in 

competitors establishing a monopoly and missing out on market opportunities. Market 

conditions, consumer readiness, and competitive dynamics should be taken into account 

when determining the optimal time to introduce a product. 

Causes of Timing and Market Readiness 
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 Premature Product Launch: The launch of a product during its infancy and the early 

phases of the ecosystem can occasionally lead to disaster. This typically occurs when 

organizations enter the market prematurely, without assessing the product's quality and 

functionality, in response to concerns about competition or the prevalence of a trend. 

The Samsung Galaxy Note 7's battery was not adequately tested for safety against 

overheating prior to its release. 

 Delayed Product Launch: A delayed product launch can lead to the erosion of 

competitive advantage and missed chances. The consumer may have forfeited the 

chance to acquire the products upon their eventual availability in shops, or competitors 

may have already eclipsed it. This is illustrated by the Microsoft Kin phones, which 

experienced delays and were launched in an already saturated market. 

 Overestimation of Market Conditions: Overestimating market condition in favour of 

product success may lead to overproduction and inadequate customer interest, 

ultimately resulting in product failure. Companies may launch products without 

assessing market readiness, leading to inadequate sales and financial losses, despite 

expectations of significant demand. In 2012, Google launched the Nexus Q, a media 

streaming gadget that suffered from inflated demand and insufficient market readiness. 

 Technology Readiness: The success of new products depends on the preparedness of 

supporting technology. If developing technologies are not completely developed or 

widely embraced, they may lead to product failure. Upon its introduction in 2013, 

Google Glass had technological readiness challenges, including restricted software 

support and privacy concerns. These problems finally led to its demise. 

 Consumer Readiness: Success depends on the consumers' preparedness to adopt new 

product or technology. Products requiring significant behavioural changes or excessive 

complexity may face resistance. Segway's failure in 2001 stemmed from an 
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overestimation of customer readiness for an innovative mode of personal 

transportation. 

These problems become evident when one observes numerous well-known product 

failures, underscoring the importance of launching the product at the right time and with 

the appropriate technology. Even in these instances, we should conduct more thorough 

market studies, technology development, and consumer preparation to enhance the 

likelihood of a product's success. These changes will facilitate the creation of favourable 

conditions for companies to thrive in the market and establish a valuable reputation. 

5.3 Impact of Inefficiency of Product Life Cycle  

5.3.1 Low Market Penetration 

Insufficient market research, suboptimal product design, or inefficient marketing 

may result in a misunderstanding of client requirements, yielding products that fail to 

connect with their intended customers. This misalignment may emerge in several forms, 

such as Coca-Cola's New Coke not fulfilling customer expectations or the Apple Newton's 

inadequate usability and design failing to fit with user requirements.  

5.3.2 Negative User Experience 

Resulting from inadequate product design, quality control deficiencies, or 

suboptimal placement, a terrible user experience can significantly undermine adoption 

rates and brand reputation. Problems such as the Samsung Galaxy Note 7's overheating and 

Google Glass's privacy issues estranged people, resulting in product recalls, reputational 

harm, and market exit. Inconsistent branding or subpar design leads to diminished user 

adoption, elevated return rates, and customer discontent. 

5.3.3 Overestimation of Market Demand 

Miscalculating demand, sometimes resulting from insufficient research or defective 

marketing methods, may result in overproduction and financial detriment. Products such 
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as Google’s Nexus Q and Amazon’s Fire Phone failed due to corporations overestimating 

demand based on erroneous market information. This frequently results in supply chain 

inefficiencies, excess inventory, and squandered marketing efforts. 

5.3.4 Financial Losses and Resource Waste 

Inadequate product planning, characterized by mismatched strategy and poor 

differentiation, results in significant financial losses. Excessive expenditures on 

development, marketing, and recalls without favorable returns might incapacitate a 

corporation. Products such as Juicero and Microsoft Zune need considerable resources yet 

did not attain adequate market influence, leading to financial difficulties and market 

withdrawal. 

5.3.5 Reputation Damage 

Numerous product failures, often due to insufficient research, poor design, or 

ineffective marketing, can undermine customer trust and tarnish a brand's image. Adverse 

feedback stemming from product failures (e.g., Samsung Galaxy Note 7) or misaligned 

product introductions (e.g., New Coke) can exert enduring repercussions on brand equity 

and consumer loyalty, complicating recovery efforts for organizations. 

5.3.6. Market Withdrawal 

Companies frequently terminate products that do not achieve market traction owing 

to inadequate alignment, unfavorable timing, or insufficient differentiation, as exemplified 

by Microsoft's Kin phones and the Apple Newton. Errors in positioning, consumer 

requirements, or competitive dynamics often culminate in the withdrawal of products from 

the market, resulting in resource depletion and enduring strategic disadvantages. 

5.3.7 Missed Opportunities and Competitive Disadvantages 

Insufficient innovation, postponed launches, and inadequate distinction frequently 

result in lost market opportunities, enabling competitors to gain supremacy. Products such 
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as the BlackBerry PlayBook and Microsoft Kin phones failed to leverage developing 

market trends, rendering them susceptible to competition. In the absence of prompt, 

tailored offers, organizations forfeit competitive advantages and miss potential income. 

5.3.8 Increased Costs 

Market failures of products frequently need costly repositioning initiatives, 

augmented marketing expenditures, or product recalls. Recalls, shown by the Samsung 

Galaxy Note 7 and hover boards, incur significant financial and reputational costs. 

Misaligned products require additional expenditure in rebranding, so straining budgets and 

diminishing total profitability. By emphasizing market alignment, user experience, and 

effective differentiation, organizations may circumvent these prevalent problems and 

enhance the likelihood of product success. 

5.4 Conclusion 

Understanding the elements that contribute to product failure is critical for 

optimizing product development processes and boosting chances of success. This chapter 

has looked at a variety of variables, including insufficient market research, bad product 

design, inefficient marketing and sales tactics, human factors, inadequate quality control, 

misaligned product positioning, insufficient product differentiation, timeliness, and market 

preparation.  

 

 

 

 

 



 

 

61 

CHAPTER VI:  

AI’S ROLE IN PREDICTING AND PREVENTING PRODUCT FAILURES 

Modern product development is complex, and the significant cost of product failure 

underscores the need for improved methods of predicting and preventing problems. 

Traditional risk assessment and quality planning frequently fall short because they are 

based on prior data and human opinion, which can be biased. In contrast, AI can analyze 

large volumes of data and utilize powerful algorithms to discover trends, predict problems, 

and optimize procedures, making it much easier to detect possible problems before they 

occur. 

AI has many different applications, this comprises predictive analytics to monitor 

prospective failures, real-time analytics to detect irregularities during development, and 

post-market analytics to discover emerging trends based on consumer input. AI tools can 

evaluate historical data to find features that might not be visible using traditional methods. 

By integrating AI across all phases of development, companies may proactively address 

possible difficulties, lowering the risk of costly recalls, brand reputation damage, and loss. 

Integrating AI to foresee and avoid failures is more than simply a technological advance. 

Companies that use AI can obtain a competitive advantage by ensuring high dependability 

and consumer satisfaction. 

This chapter looks at various AI techniques for predictive analytics, shares case 

studies of successful AI use, goes over AI models for measuring risk, demonstrates how 

AI helps with decision-making, and talks about the difficulties and solutions for integrating 

AI well. 

6.1 AI Integration into Product Development  

AI technologies offer many tools and models that make every step of the product 

life cycle much more efficient, accurate, and decision-making-friendly. We can find the 
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best AI models and methods for different needs and situations by looking at how AI helps 

with each stage of product development. 

The following table breaks down the integration of AI into each stage of the product 

development process (Takyar, no date). 

 

Table 5 

AI Integration into Product Development Stages 

 Steps AI Methods and Techniques 

Ideation   

Ideation 

Generation 

By looking at past data, 

customer tastes, and 

market trends, AI can 

help come up with new 

product ideas. It can find 

new wants or product 

categories that haven't 

been looked into much, 

which helps teams come 

up with ideas. 

Natural Language Processing (NLP) 

models (e.g., GPT, BERT) can be used 

to analyze textual data from various 

sources (e.g., customer feedback, social 

media) to discover emerging trends and 

unmet needs.  

 

Recommender systems (like 

collaborative filtering) can generate 

product ideas based on the success of 

similar products in the market. 

Market Needs 

Analysis 

When AI reviews 

through huge amounts of 

data, it can find customer 

problems, tastes, and 

gaps in the market that 

could be filled by new 

products. 

Sentiment analysis based on NLP helps 

companies look at customer comments 

from surveys, social media, and product 

reviews.  

 

Topic modeling tools, such as Latent 

Dirichlet Allocation (LDA), help 

businesses organize customer feedback 

into themes that show them where they 
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can improve and come up with new 

ideas. Clustering methods, such as K-

means, can further divide customers 

into groups based on their tastes. This 

gives you more information about the 

needs of each group of customers. 

Market 

Research 

  

Automates 

Surveys 

AI can automate the 

collection and analysis of 

survey data to extract 

insights more efficiently. 

It can also conduct real-

time sentiment analysis 

of customer feedback to 

understand market needs. 

Machine learning-powered survey bots 

collect survey replies automatically, 

and natural language processing (NLP) 

is used for sentiment analysis to 

determine customer sentiment.  

By examining past survey data, 

predictive analytics using regression 

models can predict future product 

success. 

Competitive 

Analysis 

AI does a SWOT analysis 

by collecting information 

about competitors, 

looking at their products, 

and guessing how the 

market will change. AI 

helps come up with 

strategic ideas for how to 

place the new product 

against rivals. 

Web scraping tools coupled with text 

mining allow for the collection of 

competitor data from public sources 

(e.g., press releases, product reviews).  

 

Regression models can forecast market 

trends, whereas automated SWOT 

analysis systems can organize the 

gathered data into strengths, 

weaknesses, opportunities, and threats. 

Feasibility 

Analysis 
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Simulates 

Technical 

Challenges 

AI models simulate 

possible technical 

challenges during 

product development. 

These models can predict 

bottlenecks and propose 

solutions to overcome 

technical issues. 

Simulation models, such as Monte 

Carlo simulations, evaluate 

technological risks by modeling diverse 

scenarios.  

 

Optimization algorithms, such as 

genetic algorithms, suggest various 

technological solutions by evaluating 

numerous variables.  

 

Predictive analytics can anticipate 

hazards and future expenses by 

analyzing past data from like products. 

Risk Mitigation AI identifies potential 

risks during the 

development stage and 

offers proactive 

mitigation strategies 

based on large datasets 

from previous projects. 

Bayesian networks are used for risk 

modeling to handle uncertainty and 

estimate the probability of different risk 

factors affecting the product’s 

development.  

 

Decision tree models generate 

alternative solutions and risk mitigation 

strategies by analyzing historical risk 

data. 

Requirements 

Analysis 

  

Functional and 

Non-Functional 

Requirements 

Analysis 

AI assists in the 

extraction and analysis of 

functional and non-

functional requirements 

Text analytics and NLP methodologies 

extract and evaluate both functional and 

non-functional needs from documents.  
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from many sources, 

including consumer 

surveys, user input, and 

design papers. Artificial 

intelligence can also 

assist in generating 

benchmarks derived from 

performance data. 

Constraint satisfaction models (CSM) 

and rule-based systems facilitate the 

identification of critical performance 

standards derived from historical 

products and market conditions. 

Customer and 

Stakeholder 

Review 

AI guarantees that 

stakeholder feedback 

corresponds with 

customer expectations 

and assists in analyzing 

user feedback to ascertain 

whether product 

requirements are 

fulfilled. 

Sentiment analysis solutions utilizing 

NLP can classify and analyze input 

from customers and stakeholders.  

 

Classification methods such as Support 

Vector Machines (SVM) and Logistic 

Regression categorize feedback into 

actionable insights, assuring 

conformity with product specifications. 

Prototyping   

Prototype 

Creation 

The use of AI automates 

the creation of several 

design prototypes and 

evaluates their 

performance in simulated 

settings. This expedites 

the design iteration 

process by detecting 

possible concerns 

promptly. 

Behavioral analytics using predictive 

models like decision trees and neural 

networks can identify patterns in how 

users interact with the prototype.  

 

A/B testing algorithms help test 

different design variations. 
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Validation and 

Testing 

AI ensures that the 

prototype complies with 

product quality standards 

by automating the 

generation of test 

scenarios and validation 

procedures. The product 

is validated under a 

variety of conditions by 

AI systems that simulate 

user scenarios. 

By learning from previous validation 

results, reinforcement learning 

algorithms assist in the optimization of 

test case generation.  

 

Regression testing employing 

supervised learning classifiers 

guarantees that the prototype remains 

consistent with its anticipated 

functionality. 

Development   

Planning and 

Task 

Prioritization 

AI analyzes production 

goals and deadlines to 

help prioritize tasks, 

manage resources, and 

identify potential 

bottlenecks in the 

production pipeline. 

Time series forecasting models, such as 

ARIMA, estimate project deadlines, 

resource requirements, and completion 

rates.  

 

Linear programming and constraint 

optimization facilitate the prioritization 

of work according to deadlines and 

resource limitations. 

Risk 

Identification 

AI identifies risks in 

production processes by 

analyzing real-time data, 

such as deviations in 

manufacturing outputs or 

schedule delays. AI 

systems help mitigate 

Anomaly detection methods, like 

Isolation Forests and Autoencoders, 

can spot unusual patterns in production 

data that may signal potential issues.  

 

Predictive maintenance algorithms 

catch equipment problems before they 
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6.2 AI Techniques for Failure Prediction 

AI has transformed product creation, making procedures more efficient and data-

driven. This document takes a detailed look at certain AI models and methodologies that 

risks by recommending 

corrective actions. 

happen, helping to reduce the risk of 

downtime. 

Communication 

and Reporting 

  

Automated 

Communication 

AI automates the 

generation and 

transmission of project 

updates, milestones, and 

key decisions to the 

relevant stakeholders, 

ensuring seamless 

information flow across 

teams. 

Natural Language Generation systems 

generate readable reports and 

summaries for different stakeholders.  

 

NLP-powered chabots or intelligent 

assistants automate routine 

communications and ensure real-time 

updates. 

Feedback   

Improvement 

Identification 

By looking at test data 

and customer feedback, 

AI figures out how to 

make the product better. 

It finds problems with the 

sample and suggests 

ways to fix them. 

Text mining and mood analysis help us 

sort feedback into groups and find 

places where we can improve.  

 

Using decision tree models for root 

cause analysis helps find the main 

problems in customer feedback and 

offers ways to make things better. 
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can be used at various stages of product development, demonstrating how they assist 

innovation, improve decision-making, and improve product quality. 

6.2.1 Machine Learning Models 

Machine learning models learn from past data to spot patterns that can predict the 

likelihood of failure. Some commonly used models are decision trees, random forests, and 

neural networks: 

 Decision Trees: A decision tree functions as a flowchart that segments data into 

branches according to specific criteria, facilitating the identification of features or 

conditions that contribute to product concerns. A decision tree may indicate that a 

specific combination of product attributes and pricing correlates with diminished sales 

or increased returns.  

 Random Forests: This model comprises an ensemble of several decision trees that 

collaboratively enhance predictive accuracy. Random forests effectively elucidate the 

interplay of several elements like as price, design, and marketing timing in influencing 

product success.  

Neural networks are particularly effective for the analysis of intricate data, such as 

images or sensor measurements. For example, they can analyze product photos to detect 

minute faults that may be imperceptible to the human eye, thereby enhancing quality 

control. 

By using these machine learning models, companies can not only identify failure 

risks but also understand which factors have the strongest influence on a product’s success, 

guiding them in making better adjustments during development. 

6.2.2 Natural Language Processing (NLP) 

Natural Language Processing (NLP) is an AI method that enables algorithms to 

comprehend human language, rendering it crucial for the analysis of client feedback. NLP 
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lets companies keep track of customer satisfaction and quickly spot any issues that may 

need attention.  

 Sentiment Analysis: This tool gauges the tone of customer reviews and social media 

comments. For example, if many reviews express frustration about a certain feature, 

the team can prioritize fixing it to prevent further negative feedback or returns.  

 Topic Modeling: This technique identifies common themes in large amounts of text, 

such as frequent complaints or suggestions. If customers often mention problems with 

battery life, durability, or ease of use, the company can address these specific areas 

proactively.  

NLP provides valuable insights by continuously monitoring customer feedback, 

enabling companies to adjust quickly to changing preferences and address small issues 

before they become larger problems. 

6.2.3 Predictive Maintenance 

Predictive maintenance employs artificial intelligence to prevent equipment 

breakdowns by monitoring machine and product data in real time. This is particularly 

useful for physical products and machines, where unexpected faults might result in costly 

downtime.  

 Anomaly Detection: Anomaly detection identifies odd patterns in data that could 

indicate a problem. For example, if a machine's temperature rises unexpectedly, the 

system can notify the team, allowing them to solve the problem before it worsens.  

 Time Series Analysis: This method examines historical data to estimate when 

maintenance will be required, such as when a part will wear out. Companies can reduce 

downtime and maintenance costs by arranging repairs in advance.  
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Overall, predictive maintenance extends product life and maintains consistent 

performance, which is especially useful in industries where downtime can be extremely 

costly. 

6.2.4 Anomaly Detection 

Finding anomalies that indicate possible problems is the main goal of anomaly 

detection. AI is able to promptly detect any anomalous activity that points to a problem by 

establishing a "normal" baseline.  

 Quality Control: Products that don't meet conventional quality standards can be found 

in production by using anomaly detection. To stop defective products from reaching 

customers, an AI system, for instance, can scan products on the production line to 

identify flaws in size, form, or texture.  

 Real-Time Monitoring: Anomaly detection is also effective in real-time monitoring, 

as it highlights unexpected performance patterns in a product. This method is 

particularly helpful for connected gadgets or tech products, as identifying issues early 

on might avert more serious malfunctions.  

This method lowers the possibility of recalls or consumer unhappiness due to 

subpar quality by enabling businesses to react swiftly to new problems. 

6.2.5 Survival Analysis 

Survival analysis is a method that estimates how long a product will last, which can 

be useful for planning maintenance or predicting when a product might need replacing. 

 Time-to-Failure Predictions: This method forecasts the likelihood of a product 

failing. For example, if a company is aware that a component of their gadget typically 

lasts three years, they can schedule preventative maintenance shortly before that period.  
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 Lifecycle Management: Companies can better manage their product lines by knowing 

the anticipated lifespan of various components. This enables them to provide 

maintenance, replacement parts, or even upgrades that increase customer satisfaction.  

Companies that produce expensive goods that must remain dependable over time, 

such as automobiles, appliances, or industrial machinery, will find survival analysis very 

useful. Companies can take preventive measures by employing these AI tools to better 

anticipate where and when breakdowns might occur.  

6.3 Case Studies of AI Implementation in Product Development 

Numerous companies from various industries have successfully integrated AI into 

their product development processes, demonstrating the technology's enormous benefits in 

anticipating and preventing product failures. These case studies show the various 

applications of AI and its significant impact on product success. 

 Tesla: It employs AI extensively in its product development and production processes. 

AI-driven quality control solutions utilize machine vision to examine components and 

assemblies, guaranteeing compliance with stringent quality standards. Tesla's AI-

driven predictive analytics technologies analyse data from its car fleet to detect possible 

faults and enhance product design continually. This feedback loop enhances the safety 

and performance of Tesla vehicles, reducing the probability of product failure. 

 P&G: P&G uses AI and machine learning to improve product compositions and 

manufacturing processes. P&G can detect process variances that may impact product 

quality by evaluating data from production lines. Machine learning models forecast the 

ideal manufacturing parameters, ensuring constant quality and lowering the chance of 

failures. These advances have resulted in considerable. 

 Siemens: It leverages AI for generative design, where AI algorithms automatically 

generate design options based on specific criteria like functionality, material 
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constraints, and performance goals. This accelerates the design process, explores a 

wider range of possibilities, and potentially leads to more innovative product designs. 

Siemens uses AI for predictive maintenance and risk management. Siemens uses time-

series analysis and machine learning algorithms to develop the AI framework, which 

analyses sensor data from industrial machines to predict equipment failures. We built 

the system using Python, Scikit-learn, and Apache Kafka for real-time data streaming 

and processing. 

 Samsung: It employs AI for automated visual inspection on manufacturing lines. AI 

algorithms detect product faults with high precision, minimizing manual inspection, 

enhancing manufacturing efficiency, and maintaining uniform product quality. Peloton 

uses AI to assess user workout data and discern patterns in exercise preferences. This 

guides choices on future product improvements, course offers, and tailored exercise 

suggestions, all intended to enhance user engagement and retention.  

 Pfizer: The AI framework expedites medication development through the analysis of 

clinical trial data. The system employs machine learning models created in Python and 

TensorFlow to forecast the efficacy and safety of novel pharmaceuticals. The AI 

platform enables Pfizer to swiftly and effectively find new medication candidates by 

analyzing extensive clinical data.  

 LEGO: It uses generative design algorithms to develop new building kits. These AI 

technologies may produce several design alternatives according to specified criteria, 

greatly accelerating the design process. This enables LEGO to investigate more 

creative avenues and accelerate innovation. 

 Google: It utilizes AI-driven data analytics to make decisions about product features 

and development priorities. Machine learning models analyze user behavior and 
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feedback to predict which features will be most successful and guide development 

efforts accordingly. 

 Nike: It uses AI to assess market trends and customer data. Predictive analytics enable 

Nike to anticipate demand for various products and modify their design and marketing 

methods appropriately, ensuring they remain at the forefront of consumer trends.  

 Airbnb: It employs AI for dynamic pricing and market analysis. Machine-learning 

algorithms evaluate market demand and supply to dynamically alter pricing, hence 

optimizing revenue. Predictive analytics assist Airbnb in comprehending market trends 

and client preferences.  

 Microsoft: It utilizes machine learning and data analytics to inform product 

development and feature selection. AI algorithms evaluate user data and comments to 

discern the most valuable features for development, ensuring their solutions align with 

client requirements.  

 Honeywell: It uses AI to mitigate energy expenses and adverse price fluctuations by 

monitoring and evaluating price elasticity and sensitivity. It incorporates AI algorithms 

into procurement, strategic sourcing, and cost management, yielding substantial 

benefits throughout the new product development process.  

 Nissan: It has created DriveSpark to expedite the design process of new vehicles using 

AI. Nissan initiated DriveSpark as a pilot initiative in 2016, which has since 

demonstrated its efficacy in expediting new vehicle development and guaranteeing 

adherence to regulatory standards. 

These case studies demonstrate the revolutionary power of AI in product 

development. Companies that integrate AI technologies can increase their predictive 

capabilities, product quality, and drastically minimize the chance of failure. The success of 
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these companies demonstrates the value of AI in ensuring product reliability and customer 

happiness. 

6.4 Key Benefits of AI in Product Management Processes 

The use of AI into product management processes offers several benefits, especially 

in product development, quality assurance, and risk management. Organizations may attain 

a competitive advantage, optimize operations, and enhance decision-making through the 

utilization of AI. The subsequent are major advantages of AI in product management:  

6.4.1 Improved Predictive Accuracy 

AI systems are proficient at analyzing extensive datasets, detecting patterns and 

trends that may elude human analysts. This capacity improves predictive accuracy, 

enabling companies to anticipate possible issues early in the product development 

lifecycle. AI can help mitigate risk before it escalates by revealing subtle correlations 

between various factors, including as client preferences, product flaws, and market 

conditions. Improved forecasting accuracy reduces the likelihood of costly mistakes during 

the manufacturing or launch stages by empowering enterprises to make informed decisions.  

6.4.2 Data-Driven Decision-Making 

A principal advantage of AI is its capacity to deliver data-driven insights, therefore 

facilitating evidence-based decision-making. Through the analysis of historical data, AI 

models may discern the fundamental reasons of previous product failures and provide 

preventative strategies. This allows companies to ground their strategic decisions in factual 

facts instead of depending on intuition or subjective assessment. The capability of AI to 

analyze many data sources, including market analytics and customer behavior, enables 

companies to create products that are more attuned to market demands and optimally 

positioned for success.  

6.4.3 Real-Time Monitoring and Proactive Risk Mitigation 



 

 

75 

AI enables companies to conduct real-time monitoring and analysis of product 

efficacy. Machine learning algorithms consistently evaluate data from many sources, 

including IoT sensors, manufacturing line metrics, and customer feedback, to identify 

abnormalities and possible risks to product quality. Companies can address emerging 

issues with this proactive approach before they become serious failures. AI-driven 

monitoring systems have the potential to spot minute irregularities in production 

procedures and send out alerts for corrective action, preventing tiny flaws from becoming 

into costly product recalls.  

6.4.4 Enhancement of Design and Production Processes 

AI has the potential to significantly increase the productivity of product 

development's design and production stages. Generative design algorithms and other AI-

driven design technologies generate several design iterations based on predetermined 

criteria (e.g., material consumption, performance objectives). These technologies use 

simulations to evaluate each iteration's performance and ultimately determine the most 

effective design. By evaluating workflows, anticipating potential bottlenecks, and lowering 

errors, AI may optimize industrial operations. Better products, shorter production times, 

and lower operational costs are the outcomes of this.  

6.4.5 Minimization of Human Mistake 

The automation of data analysis, risk assessment, and decision-making processes 

by AI reduces the likelihood of human mistake. AI systems can evaluate extensive datasets 

devoid of cognitive biases, yielding more consistent and dependable outcomes. This 

consistency guarantees that product choices, including risk identification and design 

modification approvals, are made objectively, therefore minimizing the possibility for 

errors stemming from subjective judgment.  

6.4.6 Enhanced Operational Efficiency 
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AI enhances operational efficiency by making better use of resources and reducing 

waste. AI-driven quality control automates inspections, detecting issues instantly and 

minimizing the need for manual checks. Predictive maintenance analyzes machine data to 

perform maintenance only when necessary, which reduces downtime and extends 

equipment lifespan. This approach optimizes labor, time, and materials, cutting costs and 

boosting product output.  

6.4.7 Strategic Advantage and Competitive Superiority 

Organizations that use AI into their product management processes obtain a 

competitive edge. AI delivers expedited and precise insights, allowing organizations to 

enhance product development, hasten time-to-market, and adapt more efficiently to 

evolving market conditions. The capacity of AI to enhance design, manufacturing, and 

quality assurance equips companies with the means to accelerate innovation, elevate client 

delight, and secure a greater market share. The aggregate impact of these advantages 

enhances a company's competitive stance, resulting in sustained success and market 

dominance.  

The integration of AI into product management procedures revolutionizes 

commercial approaches to product creation, quality assurance, and risk management. The 

capability of AI to augment prediction accuracy, deliver data-driven insights, facilitate real-

time monitoring, and optimize operations diminishes the chance of product failure while 

enhancing product quality and customer happiness. The outcome is enhanced operational 

efficiency, a strategic competitive edge, and overall improved market performance. 

Organizations that effectively utilize AI in product management will be more adept at 

innovating and sustaining a competitive advantage in their sectors. 

6.5 Challenges and Limitations of AI Integration  
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Despite AI's tremendous benefits in anticipating and averting product failures, 

incorporating it into product development processes presents a number of obstacles and 

constraints. We must address these challenges for AI to realize its full potential. 

6.5.1 Level of Quality and Availability of Data 

The level of quality and availability of data is one of the most important issues in 

integrating AI. High-quality data is very important for AI models to make accurate and 

reliable predictions. Datasets that aren't full, accurate, or fair can give skewed insights and 

wrong predictions, which can have major effects on choices about product development. 

Also, many companies have problems with data silos, which spread useful information 

across various systems and departments, making it hard to gather, clean, and use in AI 

models.  

Also, old systems might store data in forms that aren't suitable with new AI 

technologies, which makes it even harder to get to the data. To get around these problems, 

companies need to spend money on data control systems, data cleaning methods, and high-

tech integration tools. Also, companies need to develop a way of making decisions based 

on data, which means they need to keep collecting and improving data over time to keep it 

of high quality.  

6.5.2 Technical Infrastructure Requirements 

Integration of AI must be supported by a strong technical infrastructure that can 

handle big datasets and advanced AI algorithms. A lot of standard environments for making 

products use old hardware and software that doesn't work well with AI apps today. A lot 

of computing power and cloud-based systems that can handle huge amounts of data in real 

time are needed for AI programs, especially those that use machine learning or deep 

learning.  
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It can be expensive and take a lot of time to switch from old systems to tools that 

work with AI. To make sure that AI fits in well with their current processes, companies 

need to buy scalable cloud computing solutions, data store systems, and AI development 

tools. Keeping security and data privacy when using cloud-based infrastructures is also 

very important. To do this, specific infrastructure upgrades and processes need to be put in 

place to protect private data.  

6.5.3 AI Models' Level of Complexity and Readability 

AI models can be very hard to understand and interpret when they use deep learning 

techniques. The "black box" nature of AI makes it harder for people to trust and use it 

because they may not understand how decisions are made and predictions are made. AI is 

being used more and more in mission-critical situations in fields like healthcare, autos, and 

banking. It is important that things are clear and easy to understand.  

The problem is twofold. First, companies need to create or use AI systems that are 

easier to understand and explain, like those that use Explainable AI (XAI) methods. 

Second, they need to teach everyone involved—including leaders, product managers, and 

engineers—how to understand AI results and make good decisions based on them. It will 

be hard to get people at all levels of a company to accept and trust AI models without clear 

accounts of how they make their predictions.  

6.5.4 Integration of New Processes 

Adding AI to the ways that products are already designed and made is hard from a 

scientific and practical point of view. AI technologies often don't work with old systems 

and routines, so companies have to change their infrastructure and methods. This merging 

may sometimes require big investments to replace or improve systems, which can make 

day-to-day operations harder to run.  
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Also, integrating AI needs that different parts of the company work together, like 

research and development, engineering, production, and marketing. This cross-functional 

integration can be hard to do right, and processes may need to be re-engineered in order to 

use AI-driven insights in every stage of product development. It is important for AI teams 

and product development teams to work together to figure out where AI can add the most 

value and how to combine it without making things less efficient.  

6.5.5 Lack of Skills and Training 

To use AI effectively, you need to know a lot about things like data science, 

machine learning, and AI tech. There are big skill gaps in many companies because they 

don't have enough people on staff who can build, manage, and expand AI systems. It can 

be hard to find and keep data scientists, AI developers, and machine learning engineers, 

especially for smaller companies that might not have the means to fight for the best 

workers.  

Aside from technical skills, how people deal with AI is also a very important factor 

in its acceptance. Employees might need training not only on how to use AI systems but 

also on how to understand the insights that AI gives them and use those insights in their 

work. People may not want to use AI-powered tools because they don't understand them 

or trust them. This is especially true in industries where workers perceive AI as a danger 

to their jobs. For AI integration to be effective, people and AI must collaborate to establish 

a mindset in which AI assists people in making decisions rather than replacing them.  

6.5.6 Cost and Resource Limits 

Using AI can require a lot of resources, like money and time to set up the 

technology, equipment, and people who can work with it. For smaller companies that don't 

have a lot of money, the costs of developing, integrating, and maintaining AI may be too 
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high. AI systems also need to be constantly checked, updated, and retrained in order to stay 

useful and efficient, which raises the overall costs of running them over time.  

Companies need to carefully consider the pros and cons of using AI. They should 

do cost-benefit studies to find out where AI can provide the most value. Companies can 

keep costs down while gradually implementing AI across the whole business by using 

strategies like phased implementation, which starts with pilot projects in areas that will 

have a big effect.  

6.5.7 Organizational Reluctance and Change Management 

Companies often have a hard time getting their employees to use AI. People who 

work for companies, managers, and leaders may not want to use AI technologies because 

they are afraid of losing their jobs, being confused by how complicated AI systems are, or 

not knowing how AI will change their jobs.  

To get past resistance and make sure AI is adopted successfully, you need change 

management methods that work. A more accepting workplace culture can be created by 

being open about the pros and cons of AI, involving important people in AI projects, and 

changing employees to take on roles that will be based on AI. Encouraging AI experts and 

non-technical teams to work together will make the change even easier by making sure that 

workers understand how AI will help them do their jobs instead of taking over.  

6.5.8 Scalability and Maintenance 

It can be hard to make AI systems work with many products, processes, or places. 

Once an AI system has been successfully integrated into a single project, it can be hard to 

get everyone in the company to use it. For example, each new product or place might bring 

its own set of data problems or need the system to be changed to fit those problems.  

Also, keeping AI systems running over time takes a lot of resources. We have to 

keep an eye on AI models and train and update them as new data comes in and as market 
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conditions or product needs change. Companies need to keep AI systems up to date with 

the latest updates to make sure they stay accurate, useful, and in line with their long-term 

goals. 

 

 
Figure 3 

Common Challenges of AI Integration 

By recognizing and addressing these issues, organizations can devise solutions to 

offset the limitations of AI integration. Effective planning, resource investment, and 

stakeholder participation are critical for overcoming these barriers and realizing the full 

potential of AI in forecasting and preventing product failure. 
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6.6 Strategies for Effective AI Implementation 

To successfully apply AI for forecasting and preventing product failures, 

companies must adopt strategic methods that handle the numerous difficulties while 

maximizing the benefits of AI. Successful AI application necessitates the following 

strategies: 

6.6.1 Robust Data Management 

Formulating efficient data management solutions is essential for AI efficacy. 

Organizations have to provide resources for data collection, purification, integration, and 

storage to ensure the accessibility of high-quality data. Establishing data governance 

protocols may ensure data integrity and uniformity across many sources and platforms.  

6.6.2 Developing Proficiency in AI 

Internal AI proficiency is essential for effective execution. Organizations have to 

allocate resources towards training programs, workshops, and certifications to cultivate 

essential skills in their workforce. Recruiting data scientists, machine learning engineers, 

and AI specialists can enhance the organization's capabilities in creating and overseeing AI 

solutions. 

6.6.3 Collaborative Methodology 

Effective AI integration necessitates a cooperative methodology across several 

departments, including engineering, design, quality assurance, and information 

technology. Cross-functional teams can guarantee that AI solutions address the specific 

requirements and challenges of each department. Collaborative endeavors promote the 

exchange of information and foster creativity. 

6.6.4 Pilot Initiatives and Incremental Expansion 

By employing AI via pilot initiatives, organizations may evaluate and refine AI 

solutions on a limited scale before comprehensive deployment. Pilot projects offer valuable 
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insights into how well AI models work and highlight any challenges that might come up. 

Gradually expanding based on pilot results helps with a smoother integration and reduces 

the chance of disruptions.  

6.6.5 Ensuring Transparency and Interpretability  

It’s essential to build AI models that are easy to understand and transparent, as this 

helps build trust among stakeholders. Organizations must emphasize explainable AI (XAI) 

solutions that provide transparent explanations for AI-generated insights and actions. 

Transparency fosters stakeholder engagement and enhances decision-making efficacy. 

6.6.6 Ongoing Monitoring and Enhancement 

Organizations must perpetually assess and refine AI models to guarantee their 

efficacy. Organizations are required to implement procedures for the continuous 

assessment and improvement of AI systems. Regular performance evaluations, feedback 

systems, and model adjustments can guarantee that AI systems remain pertinent and 

accurate over time.  

6.6.7 Strategic Alliances 

Collaborating with AI vendors, research institutes, and technology partners can 

provide access to sophisticated AI technologies and expertise. Strategic partnerships can 

facilitate the expeditious application of AI and enhance enterprises' capacity to innovate 

solutions. Engagement with external experts can yield valuable insights and optimal 

practices.  

6.6.8 Change Management and Communication 

Effective change management strategies are essential to mitigate opposition and 

facilitate seamless adoption of AI. Effective communication of the advantages, impacts, 

and anticipations of AI integration is essential for securing stakeholder approval. Employee 

training and assistance facilitate adaptation to new technologies and procedures. 
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Table 6 

levels of AI integration 

Level Description Example 

Level-1 Traditional approach where all processes 

are fully manual. Serves as the baseline 

before AI integration. 

Manual data analysis, manual 

customer service workflows. 

Level-2 Processes remain manual, but AI provides 

insights, assistance, or recommendations to 

enhance decision-making. 

AI-powered data summaries 

on product dashboards 

providing insights for human-

driven decisions. 

Level-3 AI drives processes with humans fine-

tuning or making final decisions. 

Personalized content 

recommendations on 

platforms like Netflix or 

Spotify, where AI suggests 

content and humans refine or 

approve recommendations. 

Level-4 Processes are fully automated by AI without 

human intervention. 

Self-driving cars, fully 

autonomous systems. 

Companies can successfully use AI to anticipate and stop product failures by 

implementing these tactics. Overcoming obstacles and optimizing the advantages of AI in 

improving product quality and dependability require strategic planning, resource 

investment, and stakeholder participation. 

6.7 Ethical Considerations  

As AI dramatically transforms product development across several sectors, ethical 

questions gain paramount importance. The promise of AI to augment efficiency, provide 

more tailored products, and optimize processes is indisputable. Nonetheless, these 
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breakthroughs present ethical dilemmas that product companies must confront to guarantee 

the appropriate utilization of AI.  

6.7.1 Fairness and Reduction Bias in AI 

AI systems can accidentally carry or exacerbate biases if they are trained on uneven 

or biased information. This study underlines the importance of fairness in AI in order to 

prevent replicating current biases in product decisions. For example, if AI is used to 

forecast market trends or advocate design modifications, the data must be representative of 

varied demographics and tastes.  

 Mitigation Approach: To overcome this issue, the study emphasizes the need of 

having tools for detecting and correcting bias in AI models. To preserve fairness in 

outcomes, the data should be checked on a regular basis to ensure it represents a 

balanced cross-section of markets, user demands, and demographics. 

6.7.2 Transparency and Making AI Decisions 

Deep learning techniques can make AI recommendations and predictions difficult 

to understand. This lack of openness may make it difficult for teams to fully accept AI-

driven insights if they do not comprehend their reasoning.  

 Mitigation Approach: This study advocates for the use of easy-to-interpret AI models, 

particularly when making decisions that have a significant impact on product 

development. Companies should favour explainable AI strategies, such as decision 

trees, in the early phases. Summaries or visual aids can be employed in complex models 

to assist stakeholders understand and trust AI suggestions. 

6.7.3 Unintended consequences of AI adoption 

Using AI can have some unexpected effects, like creating too much dependence on 

it or even impacting jobs. For instance, if AI takes over product testing, certain roles may 

no longer be needed, which could change how teams work together. Plus, since AI relies 
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on past data, it might end up reinforcing old patterns instead of encouraging fresh, 

innovative ideas.  

 Mitigation Strategy: This paper suggests a balanced approach to using AI, combining 

AI’s insights with human expertise. It recommends that businesses keep an eye on how 

AI impacts roles and creativity, making adjustments as needed to support teamwork 

and innovation. Training employees to work alongside AI can also help reduce the risk 

of job displacement.  

6.7.4 Data Privacy and Security 

AI frequently relies on enormous datasets to make accurate predictions, which 

raises questions about data privacy and security. Ensuring customer and company data 

security is critical, particularly in consumer-oriented companies.  

 Mitigation Approach: The research highlights the significance of implementing 

robust data security procedures, such as anonymizing data and putting in place safe 

storage. Compliance with privacy regulations, such as the General Data Protection 

Regulation (GDPR), is necessary for businesses to guarantee the protection of customer 

information and the implementation of best practices in data processing.  

6.7.5 Adhere to Ethical Research Standards 

 Data Usage and Attribution: All sources are properly cited, and only publicly 

accessible data sources are used. No private or sensitive company information was used 

without permission.  

 Preventing Bias in Research: Great care was taken to prevent researcher bias, 

especially in the selection of case studies and data analysis. To guarantee accuracy and 

objectivity, the results are cross-validated with reports from the industry and scholarly 

research.  
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Overall, this study acknowledges the ethical duties associated with using AI in 

product creation. This study intends to help companies deploy AI responsibly and ethically 

by addressing fairness, transparency, unexpected consequences, and data protection, 

supporting sustainable, fair, and balanced outcomes in product development. 
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CHAPTER VII:  

SUMMARY, IMPLICATIONS AND RECOMMENDATIONS 

7.1 Summary 

This study delved into the root causes of product failures and explored the potential 

of AI in forecasting and preventing these failures. By conducting a comprehensive analysis 

of historical product failures, the study identified recurring patterns such as inadequate 

market research, poor product design, ineffective marketing strategies, and timing and 

market readiness issues. We found that these factors frequently intersect, compounding the 

risk of failure. 

Traditional techniques of product failure prediction are sometimes limited by their 

retroactive nature and dependence on human judgment. In contrast, AI techniques like 

machine learning and predictive maintenance give increased capabilities for analyzing 

massive datasets, identifying trends, and providing real-time insights. AI’s ability to 

process and learn from diverse data sources makes it particularly adept at predicting 

potential faults before they become critical issues. 

Case studies from industries like consumer goods (Procter & Gamble), automotive 

(Tesla), and manufacturing (General Electric) show how effectively using AI in product 

development can help anticipate and solve potential issues early on. This approach 

improved product reliability, quality control, and efficiency. However, these companies 

also faced challenges, such as ethical concerns, AI model interpretability, and data quality 

issues. 

The research showed that using AI strategically, along with strong data 

management and regular monitoring, can greatly improve prediction accuracy. This 

approach helps companies lower product failure rates and improve the overall product 

development process. 
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7.2 Implications 

The conclusions of this study have important consequences for academic theory 

and industry practice. From a theoretical standpoint, the work adds to the expanding corpus 

of research on product development and failure prediction. It emphasizes the value of a 

multifaceted strategy that combines classic risk assessment methods with cutting-edge AI 

tools. This integration provides a more comprehensive understanding of the elements that 

contribute to product failures and proposes novel methods to avoid these risks. The study 

also emphasizes the need for additional research into the development of explainable AI 

models capable of providing visible and interpretable insights, thereby overcoming one of 

the study's fundamental weaknesses. 

The findings suggest that organizations should prioritize integrating AI into their 

product development and quality control procedures. AI-powered predictive analytics can 

improve the accuracy and reliability of failure forecasts, allowing companies to take 

proactive steps to avoid problems before they affect the market. Companies can use AI to 

streamline their design processes, increase quality control, and cut the time to market for 

new products.  

The study also underlines the value of strong data management techniques. 

Companies must invest in data collection, cleansing, and integration to ensure high-quality 

data for AI modeling. Organizations should develop systems for evaluating, retraining, and 

updating models on a regular basis in response to new data and changing conditions. This 

iterative method ensures that AI models are both relevant and effective throughout time. 

Ethical and legal considerations are also important for the successful use of AI. 

Companies must address issues of data privacy, security, and algorithmic prejudice. 

Establishing ethical rules and governance structures can assist ensure that AI systems 
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adhere to regulatory norms and ethical ideals. This not only avoids legal liabilities, but also 

fosters confidence among customers and stakeholders. 

7.3 Recommendations for Future Research 

The study offers practical recommendations for both industry professionals and 

policymakers to help integrate AI more effectively into product development across 

various industries. These suggestions aim to reduce product failures and make the most of 

AI’s potential. The recommendations are tailored to specific industries and include 

actionable steps for both industry leaders and policymakers. 

7.3.1 Industry Specific Recommendations 

 Manufacturing 

o Invest in Predictive Maintenance Systems: Companies that make things 

should buy predictive maintenance systems that are run by AI and use machine 

learning algorithms to keep an eye on how things are working in real time. This 

will help figure out when machines will break down and make the best use of 

the repair plan, which will cut down on downtime and costs. 

o Implement Quality Control AI Systems: Implement AI-driven picture 

recognition systems in assembly lines to identify product flaws in real-time, 

therefore improving quality control efficiency and minimizing human error. 

o Improve Supply Chain Management: AI may be used to better manage 

inventories, track market demand, and enhance logistics. By doing this, supply 

chain problems are avoided and excess or insufficient stock is avoided. 

 Automotive Industry 

o Utilize AI for Vehicle Design Optimization: Employ AI-driven simulations 

to improve the vehicle design process. AI can evaluate extensive information 
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about safety, aerodynamics, and fuel efficiency to assist designers in developing 

more dependable and economical automobiles. 

o Integrate AI for Autonomous Systems: As autonomous driving technology 

advances, automotive companies ought to invest in AI-driven systems to 

enhance vehicle safety, navigation, and real-time decision-making skills. 

Ongoing testing and enhancement of AI systems is crucial for guaranteeing 

their dependability and security. 

o Predictive Maintenance for Connected Cars: Employ AI to analyze sensor 

data from connected cars, forecasting probable mechanical breakdowns before 

their occurrence, therefore mitigating accident risks and improving customer 

satisfaction. 

 Healthcare (Medical Devices) 

o Develop AI-driven Diagnostics: Medical technology that uses AI might be 

able to make diagnoses more accurately. Healthcare companies need to spend 

money on AI systems that look at patient data in real time to find problems and 

suggest the best treatments, reducing the chance of mistakes made by humans. 

o AI-Enabled Personalization: Employ AI to examine patient histories and 

medical data, facilitating customized medical equipment designed for specific 

requirements. This will augment the effectiveness of therapies and elevate 

patient results. 

o Ensure Compliance with Regulatory Standards: AI systems in medical 

devices must conform to regulatory mandates, including FDA certification. 

Developers must prioritize the creation of transparent and explicable AI models 

to comply with these rigorous criteria. 

 Consumer Goods 
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o Improve Market Analysis with AI: AI systems may augment market analysis 

by evaluating consumer comments, social media trends, and purchase behavior. 

Consumer products companies have to utilize AI to predict market trends and 

consumer preferences, guaranteeing that new product introductions correspond 

with market demand. 

o AI-Enhanced Product Customization: Utilize AI to provide tailored product 

suggestions informed by user preferences and historical purchasing patterns. 

This can enhance client happiness and retention, hence increasing sales and 

market competitiveness. 

o Use AI for Sustainable Product Design: AI may enhance the product design 

process by recommending more sustainable materials and production 

techniques, hence minimizing waste and improving the environmental footprint 

of consumer goods. 

 Technology Sector (Software and Electronics) 

o AI in Software Testing and Debugging: The use of AI in software testing and 

debugging: AI can handle software testing, finding bugs and security holes 

more quickly than traditional methods. Software companies need to put money 

into testing systems that are run by AI to speed up the development process and 

make products more reliable. 

o Enhance Cybersecurity: The technology industry should prioritize the use of 

AI in cybersecurity. AI systems can monitor network traffic, detect unusual 

activity, and respond to threats instantaneously, thereby preventing data 

breaches.  

o Continuous Product Improvement: After the product is launched, use AI to 

examine usage data. This provides valuable insights about software 
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performance, user behavior, and areas for development, enabling continuous 

updates and lowering the risk of product failure. 

7.3.2 General Recommendations for Industry Practitioners 

 Invest in Comprehensive Data Management: Establish comprehensive data 

management protocols to guarantee the accessibility of superior, varied data for AI 

training. This include data collection, purification, integration, and storage. 

Implementing robust data governance mechanisms will guarantee data integrity across 

platforms. 

 Develop AI Competence: Companies want to build AI skills among their employees 

by investing in internal training, workshops, and certifications. Hiring data scientists, 

AI experts, and machine learning engineers can also strengthen the team’s ability to 

create and apply AI solutions effectively. 

 Encourage Cross-functional Collaboration: Facilitate cooperation among divisions 

including engineering, design, quality assurance, and information technology. Cross-

functional teams use AI solutions to tackle the distinct difficulties and requirements of 

each department, promote creativity, and disseminate knowledge across the enterprise. 

 Implement Pilot Projects: Commence with small-scale AI pilot initiatives to evaluate 

and enhance AI models prior to comprehensive implementation. Pilot projects provide 

critical insights into the efficacy of AI and underscore possible problems. Incremental 

scaling informed by pilot outcomes facilitates seamless integration and reduces the 

likelihood of disruption. 

 Ensure Transparency and Interpretability: Develop interpretable AI models to 

enhance stakeholder trust. Highlight explainable AI (XAI) methodologies that enable 

people to comprehend the processes via which AI systems produce insights and 



 

 

94 

predictions. Transparency in AI processes enhances stakeholder engagement and 

optimizes decision-making. 

7.3.3 Recommendations for Policymakers 

 Formulate Regulatory Standards: Policymakers must create and implement 

regulatory frameworks for AI applications, including data protection, cybersecurity, 

and algorithmic bias. Explicit rules will assist companies in aligning their AI systems 

with legal and ethical requirements. 

 Advocate for Ethical AI Practices: Promote the implementation of ethical AI 

practices through incentives, support initiatives, and structured frameworks. 

Policymakers may assist enterprises in formulating ethical principles and governance 

frameworks for AI systems, promoting responsible and reliable AI development. 

 Enhance Research and Innovation: Augment financial resources for AI research and 

development, with a focus on explainable AI and its applications in nascent sectors. 

Government-supported collaborations between academia and industry can stimulate 

innovation and mitigate the existing constraints of AI technology. 

 Promote Collaboration and Knowledge Exchange: Create platforms for cooperation 

and information sharing among industry experts, scholars, and policymakers. 

Conferences, workshops, and digital platforms will facilitate the exchange of best 

practices, difficulties, and AI solutions across various industries. 

7.3.4 Short-term Recommendations  

 Strategic 

o Identify Key AI Areas: Start by focusing on specific parts of product 

development, like market analysis or user feedback, where AI can make a big 

impact. 
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o Run Pilot Programs: Test AI in small projects to gather insights before 

expanding its use. 

 Operational 

o Set up Data Guidelines: Establish rules for data use, focusing on privacy and 

accuracy. 

o Teach Teams the Basics of AI: Hold workshops to help key teams understand 

AI’s basics and limitations, making the transition smoother.  

7.3.5 Long-term Recommendations  

 Strategic 

o Expand AI Across Product Development: Gradually use AI at every stage, from 

research to post-launch improvements, for better results. 

o Foster a Culture of Innovation: Encourage teams to experiment with AI and 

other new technologies to keep the company agile and forward-thinking. 

 Operational 

o Build Data Infrastructure: Invest in resources to support large-scale AI, like 

cloud storage and data analysis tools. 

o Regularly Update AI Models: Set up a process for monitoring and updating AI 

models to keep them accurate and relevant. 

7.3.6 Future Research Directions 

 Reinforcement Learning for Adaptable Decisions: Study how reinforcement 

learning could improve real-time decision-making in changing environments, 

especially during product testing. 

 NLP for Market Trends: Explore how NLP can analyze customer reviews and social 

media to provide insights on emerging trends. 
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 AI-Based Risk Models: Develop AI models that factor in changing regulations and 

consumer behavior to better predict and manage risks. 

 Transparent AI Models: Research ways to make AI more explainable to build trust 

and encourage broader use. 

 Corporate Culture’s Role in AI Adoption: Investigate how a company’s culture 

influences its success with AI, helping to create better adoption strategies. 

 Ethics in AI-Driven Products: Focus on creating frameworks that ensure fairness and 

transparency, especially in sectors where safety and privacy matter. 

 Cross-Industry Comparisons of AI’s Impact: Study how AI affects product success 

across different industries to help companies adapt AI strategies that work best for 

them. 

7.4 Conclusion 

This thesis has given a thorough analysis of the underlying reasons of product 

failures as well as the transforming power of AI in reducing these hazards. By means of a 

thorough investigation of case studies, the study found main elements causing product 

failure: insufficient market research, inadequate design, and mismatched product 

positioning. The study exposed the shortcomings of conventional risk assessment 

techniques, particularly their retroactive character and dependence on human judgment, 

which can ignore newly developing hazards. By means of AI technologies such machine 

learning, predictive analytics, and natural language processing, on the other hand, have 

shown ability to examine vast amounts of data, identify trends, and offer real-time insights 

capable of foretelling certain product problems before they happen.  

The study found that the potential of AI to increase forecasting accuracy, optimize 

product design, and simplify quality control procedures will greatly raise the general 

market success and product dependability. From industrial to consumer products, case 
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examples of effective AI use across several sectors illustrate the transforming power AI 

can have on product creation. These cases highlight the useful advantages of AI-driven 

solutions in improving operational efficiency, lowering expenses, and quickening time-to-

-market. The study also highlighted many difficulties with AI integration, though, 

including the need for high-quality data, the complexity and interpretability of AI models, 

and ethical questions around data privacy and algorithmic bias. Ensuring the appropriate 

and successful application of AI in product development depends on addressing these 

obstacles. To get more complete and accurate product failure forecasts, the research advises 

a multifarious strategy combining cutting-edge AI technologies with conventional 

techniques.  

Theoretically, this thesis adds to the increasing corpus of research on AI uses in 

risk assessment and product management. It emphasizes the importance of future studies 

emphasizing the creation of more explicable AI models, which can raise stakeholder 

confidence and support more general AI acceptance. Furthermore improving the accuracy 

and dependability of product development processes might be investigating synergies 

between AI and newly developed technologies like the Internet of Things (IoT) and 

blockchain.  

The results provide industry practitioners with practical advice including investing 

in complete data management, encouraging cross-functional cooperation, and beginning 

small-scale AI pilot projects to reduce risks and optimize returns on AI expenditures. We 

also urge legislators to provide unambiguous rules that take ethical and legal issues into 

account thereby guaranteeing the proper application of AI in business environments.  

This paper comes to the conclusion that AI has great possibilities to transform 

product design, development, and maintenance. Companies who effectively use AI into 

their product development processes will not only lower the possibility of product failures 
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but also improve product quality, raise consumer happiness, and get a competitive edge in 

the market as AI technologies keep developing. But both business and academics have to 

solve the technological, ethical, and organizational issues related to AI integration if we 

are to really reap these advantages. Product creation will be shaped by AI more and more, 

so the knowledge of this field will help us to properly and ethically use its ability. 
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