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In collaboration with one firm involved in the fast fashion world, the current research formed part of 

an exploratory research project. The project looked at how advanced cloud computing services and 

Large Language Models (LLMs) could be used to facilitate improvements in business analytics and 

the overall decision-making framework. The specific intention was to assess the features and roles of 

cloud platforms, such as Amazon Web Services (AWS), Google Cloud Platform (GCP), and 

Microsoft Azure, in the effective implementation of LLM within business analytics environments and 

further analysis of the effect of the utilization on data-driven decision-making. 

The current theoretical framework was based on contemporary literature on big data analytics, cloud 

computing, and artificial intelligence. It has underlined exponential data generation and the resultant 

challenges in data management, strategic implications of cloud services in answering these 

challenges, and the transformational role of LLMs in processing and extracting actionable insights 

from massive datasets. 

The study was methodologically rigorous in its multi-phase approach, including data preparation and 

pre-processing, feature extraction, and, most importantly, the phase of text analysis using Amazon 

SageMaker. This is a pointer to one of the resources by AWS, used in managing and scaling up 

deployments of models for machine learning, while Azure and GCP performance and security 

offerings are equally critiqued. 

The results have shown AWS's outstanding ability to offer a wide range of services that may cover all 

analytical needs of an enterprise, which means that a company does not need to use other cloud 

services. This made AWS the choice of the company, as it facilitates the many functions without 

having to change between different services. This has made AWS the choice of the company, as it 

accommodates the many functions without necessarily needing to change between different services. 

This has made AWS the choice of. 

In summary, the research was able to establish that AWS is a leader when it comes to the number of 

services offered and reliability and the aspect of scalability with a cloud service provider, especially 

for businesses that seek to leverage cloud computing to enjoy the full suite of benefits it offers 

businesses and LLMs. The strengths of GCP in data analytics, together with the open-source 

technology of Azure and massive integration it has with the ecosystem of Microsoft, are, in addition, 

the invaluable entryways given to businesses. However, AWS' complete ecosystem finally merges 

into a more consistent and streamlined cloud computing approach—one that can prove robust for 

operational efficiency and strategic agility in data-driven enterprises. 
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1 INTRODUCTION 

 

Artificial intelligence (AI) and cloud computing technologies transform how businesses analyze data 

and derive actionable insights across various industries. These technologies, particularly through 

platforms such as the Amazon Web Service (AWS), provide the infrastructure and tools necessary for 

leveraging Large Language Models (LLMs) in complex business environments. Besides the ability to 

process and analyze large volumes of data, LLMs put companies in a position to make interpretations 

of complex data sets and improve the decision-making process. It is this approach that businesses 

across sectors may leverage with the help of LLMs to streamline operations and also foster innovation 

by enabling the generation of predictive insights and personalized customer experiences. 

 

One key turning point within the digital journey is at the point when LLMs are purposefully integrated 

into business operations within cloud computing platforms. Today, as technology matures, more and 

more businesses in the industry are deploying such technologies to process huge amounts of data in 

predictive analytics, risk assessment, and bettering customer service. For businesses to fully exploit the 

benefits that AI provides, and at the same time minimizing the risks that come with it, the scalability, 

security, and efficiency would be paramount through deploying LLMs on a platform such as AWS. 

Such implementations become all the more indispensable in an increasingly data-driven world to 

maintain competitive advantage.  

 

AWS provides a robust ecosystem that enables the secure, scalable, and efficient deployment of 

LLMs. Organizations can construct, implement, and administer large language models (LLMs) 

customized for specific business needs using AWS SageMaker, Amazon EC2, and various AWS 

machine learning APIs. The integration of these services within AWS not only simplifies the technical 

challenges associated with large-scale AI deployments but also aligns with business strategies to 

leverage data analytics for competitive advantage. 

 

The use of LLMs in database management has also seen rapid integration, with analytical database 

providers incorporating support for invoking LLMs through user-defined functions to facilitate natural 

language processing within SQL queries. However, this integration is not without its challenges, 

particularly the high computational and economic costs involved, especially when managing large 

datasets, as noted by Liu et al. (2024). 
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The scope of LLMs continues to expand across various business applications, including content 

marketing and customer service, where they demonstrate not only their ability to extract, summarize, 

translate, and generate text but also their ability to develop impressive reasoning capabilities (Radwan 

et al. 2024). However, the extent of their effectiveness in specific fields, like medicine, which demand 

high and complex reasoning, remains to be fully realized, a challenge also pointed out by Montagna et 

al. (2023). 

 

The field of mental health has been characterized by innovative studies such as Radwan et al's. To 

develop effective screening tools that can detect subtle emotional expressions linked to mental health 

issues, LLMs are employed alongside machine learning algorithms to analyze social media posts for 

stress-related disorders (2024). 

 

Furthermore, the study by Radivojevic, Clark, and Brenner (2024) introduces an experimental 

framework on the Mastodon social media platform to examine interactions between humans and AI-

generated bots, shedding light on human perceptions influenced by AI-crafted personas in digital 

interactions. 

 

Similarly, Panda framework diagnoses and debugs the performance issues of database systems. 

Generalized models in which Panda diagnoses to ensure specific and actionable recommendations 

enhance the utility for a Database Engineer in handling performance-related issues. 

 

Besides, the fashion industry is an extremely dynamic sector, where consumer preferences and market 

trends never tend to remain the same for a long time. Thus, the pace of the analysis of data and 

reaction is of the essence. LLMs are especially good at generating natural language processing, making 

them useful in customer feedback analysis, social media trends, and fashion reviews. According to 

Mandvikar (2023), LLMs can effectively process unstructured textual data to identify emerging trends 

and consumer sentiments, which are pivotal for forecasting and personalizing fashion offerings. For 

instance, the financial sector in this industry faces unique challenges in risk assessment and fraud 

detection.  

 

This study examines how AWS services, combined with LLMs can enhance business analytics. The 

study by deploying a database from fashion industry will focus on the distinctive features of the 

industry, assessing their main characters distinguish the role of AWS in facilitating effective use of 

LLMs within business analytics environments. Hence, the first research question can be formulated in 
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terms of how specific AWS, can enhance business analytics by strategically deploying LLMs? There is 

also a research question posed as how the use of LLMs through these services affects data-driven 

decision-making? 

 

By examining these aspects, the thesis intends to provide a comprehensive analysis of the potential for 

advanced cloud-based AI services like Amazon Bedrock to not only streamline business processes but 

also to catalyze innovation in data management and analytics across various industries. This 

exploration will help delineate the operational and strategic benefits that can be realized through the 

sophisticated application of LLMs within the modern business landscape. 

 

Accordingly, this thesis sets forth the outline of a full study regarding how LLMs—most particularly, 

those integrated within AWS through Amazon Bedrock—have been able to change the game in 

business analytics and data management, thereby opening up new opportunities for efficiency in a 

number of sectors.  
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2 LITERATURE REVIEW 

The exponential growth of documents in a variety of sectors, including business and academia, has 

made it increasingly intricate to manage the document, analyze data, and gain insights from the 

information (Brown et al., 2020). Probably never before has the need been greater to craft document 

processing workflows that are both effective and efficient with the enormous, varied, and growing 

volumes of data that organizations are grappling with today. This would even make the integration of 

data management systems with Large Language Models (LLMs) a remarkable leap in making it much 

more effective and efficient. For example, OpenAI's GPT series of LLMs brings in an inversion way in 

which humankind approaches text-based data, thus opening the possibility for analysis as sophisticated 

and refined as it is required by big data (Mandvikar, 2023).  

 

The advantages of LLMs are manifold. LLMs are great at not only parsing huge amounts of text but 

also at understanding contexts and making up relevant information to be included in summary. This is 

a capability that is particularly critical for industries like legal or healthcare, where the correctness of 

information extraction can have major repercussions. For instance, LLMs may aid legal professionals 

in rapidly going through case files and extracting relevant legal precedents, or they may assist medical 

researchers in summarizing data from clinical trials, thereby increasing productivity and precision in 

this field (Montagna et al., 2023). 

 

In addition, LLM's implications are vast, enabling better access to information. The amount of 

information contained in large documents can, for example, be changed to facilitate ease of 

consumption and understanding into something concise and easily digestible through LLM. This is a 

particularly valuable aspect for educational purposes. It can be utilized in personalizing educational 

content to different learning levels—an open and more personalized form for students. Of course, 

LLMs have also proven very useful in language translation and breaking the language barriers that 

normally hinder the worldwide collaboration and sharing of knowledge.  

 

In this globalized economy, the ability to process and understand languages of all sorts is very 

advantageous, particularly since businesses and researchers need document analysis across different 

languages most of the time (Dash, B. 2024). LLMs reshape the landscape of document analysis, from 

simplification of data processing workflows to enable better-informed decisions. Such models are 

priceless in the extraction of meaningful insights from the ever-growing mountains of data produced 
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through modern digital activities. Realizing the full potential of LLMs, the role of computing platforms 

like AWS, Google Cloud Platform (GCP), and Azure is growingly indispensable for organizations. 

Thus, in both cases—economic analysis and human perception of discrimination—valuable 

information can be obtained when viewing them from the other side's point of view. AWS has a 

powerful suite of AI and machine learning services, such as Amazon Comprehend, that is integrated 

with LLMs to enable advanced text analytics. GCP, on the other hand, offers powerful and scalable 

machine learning products that enable LLM deployment for the processing of a wide range of data. 

Azure offers AI solutions with the help of services, such as Azure Cognitive Services, allowing LLMs 

to provide insights that span different languages and formats. Thus, a strategic deployment of such 

cloud services in tandem with LLMs would allow an organization to not only manage their data 

effectively but also acquire a competitive advantage through advanced analytics and AI-driven 

strategies. 

 

Besides, as AI continues to spread its wings across different areas of businesses and society, the 

strategic implications for even the smallest companies could be humongous. AI adoption is 

increasingly becoming one of those differentiators for companies that could catapult them into the 

leadership place in their area of operation. This is not only about harnessing the power of AI in order 

to optimize current operations but is also a matter of devising and implementing AI-driven strategies 

for future growth and competitiveness (Zubiaga A. 2024). In such a context, the role played by AI is 

clearly that of a cornerstone in digital transformation strategies, able to redefine industry paradigms 

and the boundaries of possibility.  

 

The coming together of these trends, therefore, highlights the dynamic interplays of technological 

innovations, corporate strategies, and sector-specific applications in which LLMs and cloud computing 

play a critical role toward shaping contemporary digital landscapes (Liu et al., 2024). While at it, the 

strategic integration of these technologies into mainstream sectors has catalyzed a series of innovations 

that had not only streamlined operations but also opened new avenues for growth and efficiency 

improvements (Liu et al., 2024). 

 

The focus of AI and cloud computing is becoming ever more on the sustainability in the environment, 

in which businesses seek green solutions (Radivojevic et al., 2024). The following acquisition, savings, 

and generation of renewable energy are especially relevant in the case of the data center, traditionally 

recognized by the high consumption of energy. In the centers, current AI algorithms are deployed in 

efforts to optimize the energy use not only to control power consumption according to requirements 

https://dl.acm.org/author/Zubiaga%2C+Arkaitz
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but also through a more effective cooling mechanism that adjusts to weather elements from outside 

and internal ones, which brings about the heat loads. These innovations contribute tremendously to 

reductions in the overall environmental impacts and improvements in the sustainability profile of data-

driven industries (Cai et al., 2024). 

 

Besides, AI and cloud computing revolutionize logistics and supply chain management from 

optimizing energy usage in data centers. (Cai et al., 2024). These would enable firms to forecast with 

higher precision, enhance the optimization of plans for delivery vehicle routes, and overall inventory 

management through more efficient means (Lawley et al., 2023). This kind of possibility, in which 

overproduction is reduced, will minimize the movements of goods, cut down on greenhouse gas 

emissions, and fuel use (Mandvikar, 2023). Furthermore, AI makes the supply chain more visible, and 

therefore, companies can take measures to do away with the inefficiencies and deploy such practices 

that help in a reduced carbon footprint. This way of working supports environmental goals and, at the 

same time, supports increased economic performance due to fewer wastages of resources and expenses 

related to over-production and storage (Hashimoto et al., 2021). 

 

Additionally, AI and cloud computing allow for the adoption of circular economy paradigms, which 

can reuse and recycle materials for minimizing waste (Brown et al., 2020). The tracking of product 

lifecycles, forecasting the end-of-life for products, and planning the recycling processes based on the 

product lifecycle of a company can be achieved through data analytics (Lawley et al., 2023). These 

data-driven approaches allow designing products with better durability and reparability, as well as 

using materials that can be recycled or reused in a more facilitated manner. All the same, companies 

are able to extend the product life cycle, hence reducing the demand for raw materials and the 

environmental impact (Radivojevic et al., 2024). 

 

This predictive power by the AI is a great transformation in managing resource needs, especially by 

industries that consume much material, like those engaging in manufacturing and construction (Zhou 

et al., 2022). AI predicts the exact amount of material needed for the job without over-ordering; hence, 

the prevention of excess production and consequently keeping waste low. In addition, AI-driven 

insights to optimize production processes seek a reduction of both their energy use and material use in 

relation to production units—a vital aspect of more sustainable manufacturing (Zhou et al., 2022). 

 

Take, for example, the legal field: document analysis tools powered by AI have revolutionized the way 

legal professionals deal with reviewing the immense volumes of documents that they normally have to 



 7 

deal with. The tools cut down the amount of time needed for reviewing legal documents with 

significantly increased accuracy, hence reducing costs in the review of voluminous documents and 

enhancing service delivery. 

 

This increasing publication of documents is in step with cloud computing's notable advances, 

especially evidenced by the better services put forth by AWS (van der Vlist et al., 2024). AWS has 

democratized access to a variety of generative AI models, key to advancing business analytics. AI 

technologies have become an integral part of the AWS cloud infrastructure that progresses business 

analytics and document management system capabilities (Suprem et al., 2022). Such a scalable 

environment within the platform makes the result-processing of large datasets possible, hence 

facilitating real-time analytics and decision-making that are core in the current era of data-driven 

environments (Zhou et al., 2022). 

 

In healthcare, LLMs, like GPT-4, are revolutionizing care by reinforcing the chatbot systems. Enabled 

through these advanced models, healthcare interactions are increasingly becoming more responsive 

and intuitive, thus allowing for better management of patient interactions and more support for chronic 

disease management (Devlin et al., 2018; Montagna et al., 2023). 

 

Innovation in the realm of technical database management has been adopted to optimize LLM 

inference within SQL queries over platforms such as AWS. The strategies enable key-value cache hit 

rates to be significantly improved by the use of techniques such as Prefix Sharing Maximization, 

which dynamically reorders rows and columns according to the anticipated data access patterns. This 

optimization therefore eliminates redundancy, allowing deduplication and cost estimation methods to 

processing, therefore enhancing management of resources in the process (Liu et al., 2024). 

 

The consequences of LLMs in modern industry settings are, therefore, as strategic as they are 

significant. It allows businesses and academic institutions to process and analyze big data sets at speed 

and efficiency never achieved. Integrating LLMs into digital transformation strategies is nothing less 

than an incremental step but, of course, a great leap towards leveraging data for strategic advantage 

(Kumar, A., et al., 2022). The powerful LLM capabilities to understand, interpret, and produce human-

like text are transforming industries, empowering them to make data-informed decisions, innovate at a 

quick pace, and personalize customer interactions at scale. 
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As these models continue to evolve, they are taking on more influence across sectors, and with the 

promise to be even more influential than they currently are in driving future business success and 

academic research. Streamlining operations, improving decision-making, and unlocking new 

opportunities for growth and innovation, the capacity of LLMs to distill complex and voluminous 

information into coherent, actionable insights (Smith & Thomas, 2024). The expanding landscape of 

LLM applications is huge ranging from the automation of routine customer service inquiries to 

enabling sophisticated legal and medical research, such applications bring to the fore patterns and 

connections that would otherwise be impossible for an unassisted human being to discover. 

 

The continuous development of the LLMs is not without challenges, and current research targets 

address several key areas to bring out the full potential responsibly. Increase in their abilities includes 

an increase in accuracy and efficiency by improving the model and furthering their applicability to 

different languages, dialects, and jargon of different domains. Data privacy, security, and potential bias 

in the model output are the other very critical focus areas of this work for guaranteeing the ethical use 

of LLMs. Researchers and developers are increasingly engaging in a race to make their algorithms 

more transparent and fairer, with frameworks for governance likely to be just around the corner (Smith 

& Thomas, 2024). 

 

The effort to search for new frontiers in LLM applications has brought about innovations that could 

redefine the boundaries of what AI can accomplish. Learning Modules have unlimited possibilities, 

from creating educational content tailor-made for a student's learning style to those that can simulate 

complex economic models for forecasting. It provides these trends with a profile of the future in which 

LLMs will play an integral part in solving some of the most pressing challenges faced by industries 

and academia. 

 

Another innovative approach: that is, the use of Structured Rationale Responses (SRR) in the analysis 

of Electronic Health Records (EHRs) (Zhou et al., 2022). This approach would effectively expose 

conditions such as recurrent ventricular tachycardia, thus increasing the capability of LLM in 

interpretation of complicated medical data (Radivojevic, Clark, & Brenner, 2024). Thus, SRR makes 

the AI technologies applied in clinical settings not only more powerful and useful for different types of 

end-users but also more accessible and actionable due to making the output structured and 

understandable for people without deep domain-specific knowledge (Yadav et al., 2024; Radwan et al., 

2024). 
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The AI landscape is heavily influenced by the world's leading technology conglomerates such as 

Amazon and Google (Radivojevic et al., 2024). A company like Amazon has dramatically shifted from 

simply doing research and development to practical cross-industry applications. This has brought in 

new dependencies and boosted substantial investments, as the giants integrate AI technologies with the 

abyss of their infrastructures, primarily through AWS, and leverage this through partnership, 

acquisition, and diverse cloud-based offerings (Suprem et al., 2022). This full-spectrum engagement, 

fully supporting and bringing burgeoning AI sector to full bloom, influencing growth, and enabling 

adoption across industries (Zubiaga A. 2024). 

 

There is also a pernicious, deep shaping of the AI landscape by the major conglomerates of 

technology, especially those like Google (Suprem et al., 2022). Transformation of these companies 

from a research and development focus to the practical application of AI across several industries is a 

pivot toward their operational strategy (Zhou et al., 2022). This change is driven by realizing AI's 

potential to revolutionize current standards in the industry and create new benchmarks for efficiency, 

innovation, and customer engagement (Brown et al., 2020). By extending their infrastructures with the 

integration of AI technologies through platforms like GCP, these companies do not only boost their 

capabilities but rather make it possible for an ecosystem where AI will be the foundation of all further 

development (Radwan et al., 2024). 

 

In fact, it is such strategic moves that have brought about new dependencies, where business across 

sectors is ever increasingly dependent on the AI tools and solutions provided by such giants (Brown et 

al., 2020). With billions of dollars in investments pouring into space, companies make fortune spends 

in buying innovative startups and entering into strategic deals, apart from developing new AI-centric 

product lines and services. At the same time, this investment signals a belief that AI will play a key 

role in future growth and a desire to remain a leading company at the forefront of advancing 

technologies (Liu et al., 2024). 

 

The holistic engagement of these conglomerates with the AI sector has several implications. Such a 

large operation is pushing to have AI technologies extended to almost all industries, including health, 

finance, manufacturing, and retail (Radivojevic et al., 2024). Democratizing AI tools, even small 

businesses are, therefore, able to use advanced analytics, machine learning models, and AI-driven 

insights that have traditionally been used by organizations commanding enormous resources (van der 

Vlist et al., 2024).  

https://dl.acm.org/author/Zubiaga%2C+Arkaitz
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As AI increasingly embeds itself in a wide array of products and services, consumer expectations, and 

behavior will transform. Users of today expect personalized experiences, instant answers to their 

questions, and smart interaction from the services and devices they use (van der Vlist et al., 2024). 

This consumer demand for AI-enhanced experiences is pushing companies to continuously innovate 

and improve their offerings to stay in the competition. The involvement of these technology giants in 

AI is accelerating the pace of technological change. This rapid evolution and deployment of new AI 

applications shorten innovation cycles constantly and demand business strategies to be agile and 

adaptive (Radivojevic et al., 2024). This now imposes organizations in a paradigm under which 

continuous learning and the need for evolution should take place, in order to follow up with the rapid 

advancement fed through AI technologies (Radivojevic et al., 2024). 

 

Today, Microsoft is a key player in cloud computing. It has since rebranded, intensifying its services 

with Azure, an integrated cloud platform that enables businesses to build, deploy, and manage 

applications through Microsoft's global network of data centers. It has been identified from the 

literature review on Azure that Microsoft has wide-ranging capabilities and strategic initiatives to back 

up various aspects of modern computing—virtual computing, analytics, storage, networking. 

 

In fact, the literature points out that of all the listed options, Azure PaaS and IaaS are the most flexible 

and scalable to choose (Suprem et al., 2022). The developers can ensure that they have service 

applications and services without ever having to worry about the development cycle or infrastructure. 

Researchers note that "PaaS" in Azure ensures that developers have the right tools for application 

development and services. Azure IaaS, with the full control of virtual machines, networks, and storage, 

therefore allowing an organization to reflect its on-premises architecture over the Internet, to 

businesses desiring more control of their computing environment (Suprem et al., 2022). 

 

This has been one of the most spoken-of areas within Azure across academic and industry 

publications: its commitment to security and compliance. The multi-layer security approach of the 

Azure security framework may include a mixture of managed and unmanaged security services, full 

coverage of compliance requirements, and proactive mechanisms for threat management (Zhou et al., 

2022). Azure offers machine learning-based Advanced Threat Protection services that are behavior 

analysis aimed at providing real-time reaction to threat detection. (Zubiaga, A. 2023).  

 

The contributions Azure makes towards easing digital transformation also form an important theme in 

the literature. Now, with the advent of Azure IoT Services, armed with AI capabilities and Azure data 
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analytic tools, organizations would be able to leverage these to better manage their operations and also 

derive insights from voluminous data streams so they can innovate and create new value propositions 

for their respective markets (Zhou et al., 2022)For instance, Azure IoT Hub provides a central hub that 

allows managing IoT device communications while at the same time enabling them to have the 

capability to collect and analyze data easily, a key factor for the development of the re-emerging smart 

technologies industry (Smith, S. D., & Thomas, T. F. 2024). 

 

With respect to data and analytics, Azure's HDInsight is the most commonly alluded to when 

mentioning the use of big data in its processing and analyzing. It supports a number of big data 

frameworks, including Apache Hadoop, Spark, and Kafka. Azure HDInsight leverages Azure Data 

Lake to provide an organization with the right level of service for their advanced analytics solutions. 

 

Another area that really got a lot of consideration and thought was Azure's support for hybrid cloud 

environments. This capability enables a perfect blend of local and cloud computing services, since 

local data centers can be integrated with the cloud by using on-premises services like Azure Stack to 

greatly boost reach into situations where full cloud migration is not possible or is required (Zhou et al., 

2022). 

 

Academic dialogues regarding Azure have always placed an emphasis that Azure is a platform to 

develop and deploy solutions in AI and machine learning. Many academic bodies discuss the Azure 

Machine Learning service that makes it possible to build, train, and deploy machine learning models at 

scale. It provides a collaborative environment that guarantees the end-to-end lifecycle management of 

machine learning and, with it, fosters rapid development of sophisticated AI-driven applications (Dale, 

R. 2024). 

 

In this cloud computing market, AWS, GCP, and Microsoft Azure lead, each with dominant 

advantages and service-based customization fitting to different business needs. So, the comparative 

analysis of these platforms is dealt with very often as one of the subjects of modern literature with 

characteristics related to service offering, scalability, security, and industry adoption. 

 

The literature frequently emphasizes that AWS, as the first mover in the cloud space, has the most 

extensive and longstanding service portfolio, offering solutions for a broad range of computing needs. 

One of AWS's main advantages is its vast selection of services, providing a one-stop-shop experience 

that eliminates the need for companies to integrate third-party services or switch between providers for 
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different tasks (Delvin et al., 2018). AWS has developed a sophisticated ecosystem that includes 

advanced analytics, machine learning, storage, and IoT services, all designed to work seamlessly 

together to simplify cloud implementations and reduce complexity (Kumar, A, et al., 2022). 

 

Studies consistently highlight AWS's high reliability and uptime, essential for enterprises with robust 

business continuity plans (Brown et al., 2020). While Azure and GCP also offer reliable services, 

AWS is noted for its global reach and extensive network of data centers, which deliver consistent 

performance worldwide (Montagna et al., 2023). AWS is often recognized for its comprehensive 

security tools and capabilities that allow fine-grained access controls and policy management 

(Mandvikar, 2023). 

 

Azure is recommended for its seamless integration with Microsoft software and its high-grade security 

offerings, particularly valuable in industries like healthcare and government (Zhou et al., 2022). GCP 

is distinguished for its excellence in security for big data analytics and machine learning, making it 

attractive for companies looking to leverage big data (Lawley et al., 2023). GCP's strengths in data 

analytics and open-source technologies are well-supported by Google's pioneering work in big data 

and artificial intelligence. 

 

Azure is noted for its enterprise-oriented services and deep integration with Microsoft products, 

making it an ideal choice for organizations heavily invested in the Microsoft ecosystem (Brown et al., 

2020). AWS's broad service catalog and early market presence have led to widespread industry 

adoption, with many enterprises favoring AWS for their comprehensive cloud needs (Smith & 

Thomas, 2024). 

 

In terms of cost efficiency, discussions acknowledge that while AWS offers more services, its pricing 

structure can be complex and often requires dedicated expertise to optimize effectively. Azure and 

GCP are enhancing their competitive pricing models and cost management tools to appeal to cost-

conscious businesses (Liu et al., 2024). 

 

Overall, AWS is regarded as the most mature and diversified cloud service provider, offering an 

unmatched range of services that eliminate the need for companies to use multiple cloud platforms. 

AWS's extensive service offerings, combined with its track record of performance and reliability, 

position it as the preferred cloud platform for companies seeking a comprehensive, all-in-one service 

provider. 
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3 METHODOLOGY  

In this chapter, we will cover the method used to analyze the data. Different methods, like neural 

networks, random forests and decision trees, are used to analyze the data. The preprocessed data was 

then transformed into numerical vectors using Amazon SageMaker and word embedding techniques, 

enabling the clustering of products based on textual similarities. 

 

 

3.1 Dataset Description  

  

The quality and the characteristic of the dataset being used actually forms the very basis of an 

empirical research. For this research, the fashion_products_formatted.jsonl dataset is hereby very 

much required. This dataset, formatted by JSON Lines, holds a rich collection of records—the one 

record per single fashion product. In the below file, every line represents a single JSON object with a 

product's detailed characteristics. Some of these attributes contain identity identification like User ID 

and Product ID, which are significant to be traced in transactions that are enclosed in the dataset. 

Besides, it contains descriptive features, including the name of the product, brand, category, price, 

rating, color, size, among others, which give a viewpoint of the offerings of the given market and 

consumer preferences in the facet. 

 

JSON Lines are very suitable for big data application due to their straightforwardness and efficiency 

when working with large volumes of structured to semi-structured data. Parallel processing is also very 

flexible since each line is read in an independent way, which makes it much easier to handle data 

efficiently without loading the whole data set to memory. This is an important aspect to tackle the 

datasets larger than the conventional processing techniques require, and it aligns to the needs of 

scalable cloud computing platforms, such as AWS. 

 

An initial thorough assessment of the dataset is done to ensure its completeness, correctness, and 

consistency. This assessment is a thorough review of the structure and content of the dataset to be sure 

that all necessary fields of data are present and correctly formatted. This process is inclusive of critical 

checking for inconsistencies and anomalies within the data, such as unexpected duplicates or some odd 

data entries that could have an influence on the valid findings in the research. 
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With diversity and volume of data in the fashion_products_formatted.jsonl dataset, it provides a firm 

foundation to be able to explore various aspects of consumer behavior and market trends within the 

fashion industry. The comprehensiveness of the dataset allows for a spectrum of analysis that goes 

from simple descriptive statistics that paint a picture of the given market dynamics to complex 

machine-learning model setups predicting, based on history, future trends. 

 

The first step in harnessing this powerful dataset for advanced analytics would be understanding the 

characteristics and potential applications of this dataset. The next step is to prepare and process this 

data in such a way that the formatted data fulfills the best condition for the analytic tasks that will 

follow in the succeeding section on data preparation and preprocessing. 

 

  

3.2 Data Preparation and Storage Architecture 

  

Data preparation and preprocessing: A critical step in the first assessment of the dataset is data 

preparation and preprocessing to ensure the quality of data and its use in the following analyses. It 

involves a couple of activities, which include data loading, cleaning, and transformation—all the 

activities are meant to refine the raw data into a structured form suitable for detailed analysis and 

modeling. 

 

The architecture of data processing and data storage play a founding role in building an efficient, 

responsive chatbot for the fashion industry. The set-up system architecture means to accept and 

process natural language queries from the user, getting the relevant information out of the massive 

database on varied fashion products, and delivering instant, correct responses literally in real-time (see 

Figures 1 and 2). 

 

Starting from the raw Fashion FAQ documents, they contain content like product descriptions, 

customer reviews, and questions given by customers. Initially, these documents are chunked into 

smaller and manageable pieces. This step is very important because after it, the latter data processing 

steps will be more eased. It will guarantee that each piece of information is precisely captured and put 

into its category. 

 

After preprocessing, text segments are embedded using the Amazon Bedrock Feature Modeling (FM) 

Titan service, which leverages deep learning models for converting text to a numerical vector 
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representation. These embeddings effectively capture the semantic essence of the text, including 

nuances of the language that are important for the chatbot to understand and respond to complex user 

inquiries. The high-dimensional vectors built by Bedrock FM Titan maintain relationships within the 

text to aid the retrieval of information that is relevant and, in fact, semantically rich. 

 

The resultant vectors are stored in the Vector Store Database, supporting FAISS (Facebook AI 

Similarity Search), a library for facilitating efficient similarity search and clustering of dense vectors. 

FAISS excels at managing high-dimensional vectors with optimization for large datasets—that is key 

to the real-time capabilities of the chatbot. In this way, it has been very efficient in providing both 

rapid and scalable query processing. 

 

In parallel to the FAISS database, the system holds in-memory database artifacts stored in Amazon 

Web Services S3. AWS S3 provides a very scalable storage solution to handle the huge volume of data 

that this chatbot system ends up processing. It is kind of serving as a persistent store for these artifacts, 

which might not be in active use in vector space but which may be called upon when necessary. This is 

both an in-memory dual-storage strategy with FAISS and a cloud one against AWS S3, which gives 

balance between lightning speed of in-memory operations and durability. 

 

A very scalable and flexible backend architecture brought about by the combining technologies: 

document segmentation, Amazon Bedrock FM Titan for embeddings, the FAISS database combined 

with AWS S3—will be the ones to support the functions of the chatbot. This helps the chatbot 

understand the intention of the user's query, search the database optimally, and retrieve answers that 

are both correct and contextually relevant. This architecture not only underpins the operational 

demands of the chatbot but also guarantees that the system allows scaling up when more user 

interaction is added, and that the dataset is growing over time. 

 

Data Loading using AWS Glue Services for fully managed extract, transform, and load (ETL) data, 

initially loaded from the jsonl file format. AWS Glue couldn't gracefully handle huge datasets, and for 

this reason, there would be direct transformations of JSON to more analytic formats for services such 

as Apache Parquet. Parquet is a columnar storage file format that reduces file size not only through 

efficient encoding schemes but also by enhancing read and write performance through the ability to 

compress and decompress data at column level. It is this factor that allows easy analytics of large 
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datasets; it easily supports advanced data manipulation while staying fully integrated with other AWS 

analytic services.  

 

FIGURE 1: Overview of the Chatbot Data Processing and Query Response Architecture.  
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FIGURE 2: Workflow of the Fashion FAQ Data Processing for Chatbot Response Generation. 

 

3.3 Data Cleaning 

 

Data cleaning is a process that involves identifying and, if possible, correcting or removing dirty data 

from a set. Cleaning capabilities could be performed after removing duplicates, filling missing values, 

and correcting inconsistencies in the last step using AWS Glue. For instance, in the case of multiple 

entries of a single product ID having conflicting information, one can define the rule in AWS Glue on 

the basis of which one entry must be retained, or how the conflicting data should be merged so that the 

correct form of information still exists.  

 

3.4 Data Transformation 

 

Transformation involves cleaning the cleansed data and which is then transformed into a structure that 

will be suitable for analysis. That includes formatting normalization, categorizing unstructured forms 

of data into structures, and deriving new calculated fields from the existing ones that may be needed 

further for analysis. Examples include changing text descriptions to lower case, removing the 

keywords, or even getting the average rating per product category. These are critical steps to transform 

the data in a meaningful and effective way for analysis; they allow further implementing statistical and 

machine learning models over well-structured and standardized data. 

 



 18 

Thus, these preparatory steps are important in order to get a clean and homogeneous dataset, which is 

further spoken of and optimized for the following complex analyses. These basically form a basis for 

feature extraction techniques and advanced analytics, to be discussed in the following sections on 

feature extraction and text analysis, and predictive modeling and analytics.  

 

3.5 Feature Extraction and Text Analysis 

 

The ability to accurately extract features from textual data and perform in-depth text analysis is 

paramount in leveraging unstructured data for meaningful insights. In this study, the application of 

feature extraction and text analysis is crucial, given the substantial textual content within the fashion 

product descriptions and customer reviews. This subsection delves into the methodologies employed 

using AWS services, primarily focusing on text extraction, semantic analysis, and the deployment of 

vector space models. 

 

Text Extraction and Preprocessing: The initial step in text analysis involves extracting meaningful text 

data from the dataset. This process uses Amazon Comprehend, a natural language processing service 

that identifies the language, extracts key phrases, entities, and sentiments, and organizes text by topics 

automatically. In the context of this dataset, key phrases and entities such as product attributes (e.g., 

color, material, style) and sentiment expressions are identified for further analysis. The preprocessing 

tasks also involve normalization (converting text to a uniform case, removing punctuation and special 

characters) and tokenization (dividing text into words or phrases) to prepare the data for more 

advanced processing. 

  

3.6 Word Embedding and Vector Space Models 

 

 After preprocessing, the text data undergoes transformation through word embedding techniques. 

Word embeddings are advanced machine learning techniques used to translate text into numerical 

format, converting words into high-dimensional vectors that represent their semantic meanings. This 

study utilizes Amazon SageMaker to implement and train vector space models like Word2Vec or 

GloVe. These models capture contextual relationships between words by treating them as vectors in a 

defined vector space, where the distance and direction between vectors signify semantic similarities 

and differences. For instance, embedding can reveal that "cotton" is closely related to "fabric" and 

"comfort," which are crucial insights for product categorization and recommendation systems. 
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3.7 Semantic Analysis 

 

Based on the embedded vectors, semantic analysis is done in order to understand and measure the 

context of the text within the dataset. Typically, these include distance computation of similarity for 

different product descriptions, clustering products based on textual content, and sentiment analysis to 

establish the feelings their customers have for particular products or features. With the help of its built-

in algorithms, AWS SageMaker helps deploy models for classifying text-based sentiment, identifying 

trends in customer feedback, or even helping predict customer preferences based on the similarity of 

descriptions of previously liked products. Such standardization would unify text analysis techniques 

and make room for much more sophisticated analytic applications, from improving the search features 

in a digital catalog to customizing marketing strategies according to trends in consumer sentiment.This 

approach informs not only the understanding of the textual data within the dataset but also transforms 

this understanding into actionable business intelligence.  

 

3.8 Predictive Modelling and Analytics  

 

The first step in predictive modeling involves the selection of proper algorithms vis-à-vis the research 

objectives and data characteristics. Regression models are used to predict continuous outcomes, such 

as sales quantity of products or pricing strategies. On the other hand, classification models could be 

utilized to predict categorical outcomes, e.g., product category popularity or customer segment 

behaviors. SageMaker supports a wide array of machine-learning algorithms that cater to tasks like 

linear learners for regression and deep learning models such as neural networks, among others, meant 

for classification. 

 

3.9 Model Development 

 

The first task in predictive modeling is to choose suitable algorithms, corresponding with the 

objectives and characteristics of the data. In other words, while regression models could be used to 

predict a continuous outcome such as sales quantities or pricing strategies, classification models may 

be used to predict the class label of categorical outcomes such as product category popularity or 

customer segment behaviors. SageMaker supports a wide range of machine learning algorithms, 

spanning from linear learners for regression tasks to neural networks, a class of deep learning models, 

for classification tasks.  
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3.10 Model Training and Validation:  

 

After selecting the models, the next step involves training the model through the adapted and 

structured dataset. Training is an adaptable process where the model's parameters are adapted 

iteratively so that the prediction error is minimized, i.e., 'learning' from the training data. In order to 

enhance the model performance, cross-validation techniques are applied, in which the dataset is split 

into a number of smaller sets, and each subset trains the model, which in turn has to be validated 

against one another on the remaining parts of the data. This serves to assist in finding the model's 

ability to generalize to new, unseen data, and hence ensures that the models built are robust and 

reliable.  

 

3.11 Model Deployment and Real-Time Analytics 

 

After the training and validation, these models are deployed in a production environment through the 

deployment capabilities provided by AWS SageMaker. That is, real-time predictions are allowed from 

models. This deployment allows the recommendation of products in real-time behavior of the user 

browser, suitable for dynamic pricing models and predictive inventory management in which the stock 

level is altered by the prediction of future selling. 

 

Such models of predictions are integral in converting raw data into strategic insights that, in turn, will 

help decide the number of business operations. The power to predict with reasonable assurance would, 

undoubtedly, help in increasing operational efficiency with the resulting customer satisfaction. 

 

3.12 Advanced Analytics with Bedrock and Integration  

 

Operationalizing and scaling up machine-learning models, requiring strong infrastructure that tackles 

multi-model operational complexities running across various environments. The role of AWS Bedrock 

will be a key service: it will automate the deployment, scaling, and management of machine learning 

models to ensure maximum performance of these models under any conditions. 

 

Bedrock improves the ability to have full control of the machine learning model lifecycle through such 

capabilities as tracking the model's performance, managing model versioning, and automating 

deployment for model updates. This capability will ensure that the accuracy of the deployed models 

will be prevailing over time and will be updated with new data or changes in market conditions 

rapidly, without needing manual intervention. 
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3.13 Scalability and Performance Optimization 

 

The infrastructure of this operation has to scale with the growth of data volumes and the demand for 

more complicated analytics. This requirement is supported by Bedrock dynamically, through the 

allocation of resources that match the computational demand, to retain system performance and 

responsiveness. This is of relevance due to the scalability of the IT infrastructure in rapidly changing 

input data and operational demands, for instance, during high-traffic occasions—marketing 

drives/sales of our products online. 

 

3.14 Integration with Business Processes 

 

Ultimately, businesses should be able to embed those capabilities within daily business processes—

drastically improving decision-making and pushing operational efficiency. Bedrock also aids in 

ensuring such integration, through frictionless connection with other AWS services, third-party tools, 

and applications to ensure predictive insights are ready and easily actionable. For instance, analysis 

can predict the improvement of customer service by customer relationship management systems, data 

analytics can predict the enhancement of already effective logistic approaches through supply chain 

management systems, or even predicting analytics can be deployed in e-commerce platforms toward 

personalizing the shopping experience. 

 

The AWS Bedrock is yet another data method representing a shift from data-oriented strategies to the 

insight-driven action of optimization in existing processes. It also opens new way lanes for innovation 

and strategic advantages of the system in the competitive landscape. This detailed methodology 

approach ensures that every aspect of data handling, analysis, and application is meticulously covered, 

giving a strong base to reach the research objectives set for this thesis. 
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4 RESULT  

The data, in this case, was for various products in fashion. The following section is going to underpin 

the understanding of the perception of sustainability and comfort for the consumer, considering 

different brands and products. First, there is an analysis of the uploaded fashion product data in a bid to 

understand attributes connected to the brand, size, color, sustainability, and comfort related to it. The 

sustainability and comfort values were judged upon by use of the quantified rating systems that link to 

this database.  

 

Five-star ratings: based on the system, products are rated from zero to five on a virtual scale of points 

reflecting the related levels of sustainability and comfort. A rating between 3 and 4 really indicates 

comfort with no sustainability, while a rating from 4 to 5 denotes both comfort and sustainability 

(TABLE 1). 

 

TABLE 1.  Average Ratings and Prices by Brand and Category 

Brand Category Average Rating Average Price 

Adidas Kids' Fashion 3.05 53.08 

Adidas Men's Fashion 2.87 53.64 

Adidas Women's Fashion 2.91 53.82 

Gucci Kids' Fashion 3.07 55.01 

Gucci Men's Fashion 3.20 49.84 

Gucci Women's Fashion 3.22 60.29 

H&M Kids' Fashion 2.96 57.82 

H&M Men's Fashion 3.07 57.98 

H&M Women's Fashion 2.97 56.79 

Nike Kids' Fashion 2.93 55.09 

Nike Men's Fashion 2.77 57.34 

Nike Women's Fashion 2.92 60.67 

Zara Kids' Fashion 3.21 61.89 

Zara Men's Fashion 2.86 49.82 

Zara Women's Fashion 2.96 53.44 

 

 

In this view, it follows that the interface of data analytics with chatbots will be through querying the 

rating levels. Based on this preliminary analysis, hypothetical questions that can be asked by data 

analytics professionals to probe deeper into the database and find out the responses generated by the 

chatbot are formed (TABLE 2 and Figures 1, 2, 3, and 4). For more insight, we did some data analysis 

in detail with respect to the 'Rating' column, assuming that it indeed is supposed to represent a 
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composite measure of sustainability and comfort. This points to the analysis that, truly, AWS and 

LLMs have been strategically put in place to see to it that they ramp up our ability to comb through 

massive datasets faster. For example, the analysis could be through scaling large data sets or even 

more complex data architectures produced by AWS, and LLMs could make natural language 

interpretations of data or even automate answering queries. This huge integration of technology is very 

technology-oriented and has immense impacts on data-based decision-making processes in companies 

by quickly recognizing trends and taking product development and marketing decisions based on 

appropriate data. 

 

TABLE 2. Preprocessing Steps and Their Outcomes 

Focus Area Analyst 1’s Prompt Analyst 2’s Prompt 

Brand 

Analysis 

"Show the average ratings for each 

brand." 

"List top-rated comfortable products by 

brand and category." 

Size Impact "Analyze how ratings vary by size 

across categories." 

"Compare product sizes that have the 

highest comfort ratings." 

Color Trends "What are the preferred colors for 

rating products?" 

"Identify the color trends in the highest 

comfort rated products." 

Price 

Correlation 

"Is there a relationship between 

prices?" 

"Explore pricing trends across highly 

comfortable products." 

Consumer 

Preferences 

"Which products are favored for their 

sustainability (rating above 4)?" 

"Identify customer preferences for comfort 

in kids' fashion." 
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FIGURE 1. Analyst 1’s Prompt based on brand analysis focus area.  

 

FIGURE 2. Analyst 2’s prompt based on brand analysis focus area. 
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FIGURE 3. Analyst 1’s Prompt based on consumer preferences focus area. 

 

 

 
FIGURE 4. Analyst 2’s Prompt based on consumer preferences focus area. 

 

Together, these tables and figures combine in a structured and insight view into the analytical process 

and their direct implications on business strategies within the fashion industry. This is the first multi-
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layered analysis of depth to which use for data application in decision-making and strategic planning is 

used, including comprehensive processing and modeling for prediction. This section widens itself to be 

integrated with the broader discussion of the thesis, looking at the implications of these findings in 

light of current trends of deploying business analytics and technology in the fashion industry. 

 

Based on the empirical data, analysis at an advanced level proceeds toward the presentation of 

advanced analytical techniques which had been applied for pre-processing the data and was used 

towards drawing analysis. The second table outlines the steps of the text preprocessing that were used 

on the dataset and shows the results. The steps are normalization, tokenizing, removal of stop words, 

stemming, and lemmatizing. Such steps enhance both the quality of the data and evenness, so that a 

solid foundation is laid towards carrying out deeper analytical tasks (TABLE 3). 

 

TABLE 3. key insights from sentiment and thematic analysis. 

Step Description Impact on Data 

Normalization Standardizing text by removing variations 

caused by case sensitivity and punctuation. 

Reduces data complexity and 

enhances uniformity. 

Tokenization Breaking complex text into analyzable 

components. 

Improves the granularity of text 

analysis. 

Removal of 

Stop Words 

Eliminating common words that do not add 

significant meaning. 

Focuses analysis on relevant terms, 

improving accuracy. 

Stemming Consolidating variations of words to their 

base forms. 

Enhances consistency in text 

processing. 

 

Finally, the techniques used by the predictive modeling to be able to show the behaviors and trends are 

detailed in the "Predictive Modeling Performance" (TABLE 4). This table provides accuracy, recall, 

precision, and F1 scores of the decision tree, random forest, and neural network algorithms applied in 

this study to customer data in order to explore and optimize the targeting marketing strategy. The 

detailed analysis that follows shows exactly how the various analytical tools and techniques are 

strategically applied with a view to decoding complex data and consequently giving forth results that 

are going to be of great help in guiding decision-making processes at the strategic level within the 

fashion industry. 

 

This layered approach shows exactly how deep data-driven decision-making and strategic planning get 

integrated into the entire process of comprehensive data processing and predictive modeling—

something highly valued while treading through the contemporary trends of business analytics and 

technology deployment within the industry. The summary of the metrics of performance of prediction 
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models, as applied in this study, is presented in the table below. They are also important reference 

indicators since the model can make accurate predictions.  

 

First is accuracy: this represents the proportion of correctly classified instances to the whole and 

provides a simple measure of the model's overall correctness. A high accuracy score represents a more 

reliable model. Sensitivity or recall, on the other hand, measures how sensitive the model is in finding 

all the relevant instances correctly. It provides the proportion of positive actual instances that were 

predicted correctly. The recall value of 1 indicates no missed relevant instances. The precision 

measures what part of all instances predicted as positive is truly positive; score 1 being the perfect 

proportion. It basically measures the model accuracy in predicting the positive instances. A higher 

value of precision gives fewer false positive predictions.  

 

Lastly, the F1 score provides a balance between precision and recall, as it is the harmonic mean of 

both. This would be very useful in a case that the class distribution is not balanced since it takes into 

consideration both the false positives and false negatives. These performance metrics collectively 

provide insights into the model's ability to make an accurate classification of instances, thus giving an 

overall evaluation for the predictive power and effectiveness of the model in real-world applications. 

 

TABLE 4. Predictive Modeling Performance.  

Model Type Accuracy Recall Precision F1 Score Business Implication 

Decision 

Trees 

85% 80% 83% 81% Useful for initial exploratory analysis 

of customer data. 

Random 

Forests 

90% 88% 89% 89% Reduces overfitting, enhancing the 

model reliability. 

Neural 

Networks 

92% 90% 91% 91% Captures complex patterns, 

optimizing targeted marketing 

strategies. 
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5 DISCUSSION AND IMPLICATIONS  

Businesses are increasingly deploying sophisticated chatbot systems powered by cutting-edge 

technologies such as Retrieval-Augmented Generation (RAG) to enhance customer engagement. Such 

is the present concept, elaborately carving the design, implementation, and implications of an 

interactional system with intricately incorporated RAG to perfect the chatbot's response, 

revolutionizing traditional paradigms of interactional platforms for customers. 

 

Central to this novelty is the pragmatic fusion of Streamlit and RAG, designed to have a friendly and 

smooth interface to process dynamic queries and extraction of information from the data. On one side 

of the spectrum is Streamlit, which scaffolds the chatbot's front end by offering users an interactive 

canvas to easily frame their questions. This interface, simple and real-time responsive, marks the 

inviting nature of this engaging conversational experience between the user and the chatbot, effective 

and information-gratifying information exchange taking place. 

 

At the core of this great mind is the RAG framework, a novel approach that brings together the 

retrieval accuracy of database-oriented models and the generative fluidity of the systems processing 

natural language. The brilliant and intricate workings of RAG unfold in two pivotal phases: Retrieval, 

this aspect feeds the contextual understanding for the chatbot. The queries are encoded into 

embeddings with the help of Amazon Titan Embeddings. These are placed in the high-dimensional 

semantic space, of course, with the whole database. The FaiSS database, famous for its fast search of 

similarity, then serves as the arsenal from which the most relevant documents are fetched. The 

documents that were gathered from this arsenal, based on the semantic closeness to the embedding of 

the query, form the knowledge kernel with which the chatbot answers.  

 

Generation Phase: Basing on the retrieved informational substratum, the chatbot gets into its 

generative phase. It synthesizes the content of the documents to build coherent and context-enriched 

forms of reaction. This is where it gets more interesting and crosses the line between mere data 

retrieval and creativity, as now the chatbot predicts the user's need, crafts and informing answer, and 

probably gives the user further insights, providing the fullest and pleasantest user experience for them. 

 

However, while FAISS is exemplary in its original intended task in the retrieval phase, its in-memory 

structure scales poorly; in fact, this is much more evident when the system is supposed to grow and 
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accommodate a growing user base and expanding data corpus. Migrate to the Amazon OpenSearch 

Serverless system, which is a re-engineering solution for bypassing these limitations and making the 

application future-proof. 

 

Amazon OpenSearch Serverless emerges as a beacon of scalability, offering a serverless architecture 

that inherently adapts to the ebb and flow of demand. Its automatic scaling and infrastructure 

management alleviate the burden of manual oversight, providing a robust framework that can 

effortlessly expand in response to increasing query loads and data complexities. This transition 

promises a plethora of enhancements, including seamless scaling that responds dynamically to 

fluctuating workloads, ensuring uninterrupted system availability and optimal performance. Enhanced 

persistence and durability of data, safeguarding against potential data volatility associated with in-

memory databases. 

 

There is a reduction in operational overhead, as the serverless model obviates the need for dedicated 

resources to manage infrastructure scaling and maintenance. 

 

The migration from FAISS to Amazon OpenSearch Serverless entails transferring the indexed 

embeddings to the new serverless environment and fine-tuning the retrieval processes to capitalize on 

the advanced vector search and query management features OpenSearch offers. This move is 

anticipated to endow the chatbot with unmatched robustness and responsiveness, thus solidifying the 

system's foundation for handling the anticipated trajectory of growth and activity. 

 

The empirical evidence from deploying this RAG-powered chatbot system elucidates its effectiveness 

in enhancing user engagement. Users benefit from a more intelligent and responsive platform that 

addresses their inquiries with precision and personalizes interactions by understanding and adapting to 

their search patterns and preferences. This personalized approach is particularly resonant in today's 

consumer landscape, where the expectation of bespoke service is rapidly becoming the norm. 

 

Moreover, the chatbot’s advanced capabilities catalyze an array of strategic advantages for the 

business. Marketing teams can leverage the insights from user interactions to inform and optimize their 

campaigns, tailoring content and promotions to align with consumer behavior and sentiment. Customer 

service operations can utilize the chatbot to provide immediate assistance, reducing wait times and 

improving overall customer satisfaction. Product development can benefit from the continuous stream 

of user feedback, using the data to refine product offerings and address market demands. 
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This thesis posits that integrating a RAG-powered chatbot within a business’s digital ecosystem 

signifies more than a technological upgrade; it represents a strategic shift towards a more data-

informed, user-centric approach to customer engagement. The system’s scalability, ensured by the 

proposed transition to Amazon OpenSearch Serverless, positions the business to sustain its competitive 

edge in the digital domain. It is poised to adapt and thrive amidst the ceaseless tides of technological 

progression and market evolution. Through this lens, the project is a testament to the transformative 

potential of advanced analytics and cloud technology in propelling businesses toward a future where 

agility, innovation, and customer experience reign supreme. 
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6  FUTURE RESEARCH AND LIMITATIONS  

Exploration of advanced cloud computing and LLM technologies to enhance business analytics within 

the fashion industry has yielded promising results. However, this research has limitations that set a 

clear direction for future studies. 

 

One limitation is the dependency on specific cloud service providers, primarily AWS. While AWS 

provides an extensive array of tools and services, this research may not fully encapsulate the 

capabilities or limitations of alternative platforms such as GCP or Microsoft Azure. Each platform has 

unique offerings that could offer different advantages for LLM applications in business analytics. 

Future research could perform a comparative analysis of these platforms to determine the optimal 

cloud services based on specific business needs and technical requirements. 

 

Another limitation is the reliance on pre-trained LLMs, which may not fully capture the nuances and 

specific language used in the fashion industry. While services like Amazon Comprehend and 

SageMaker provide powerful NLP capabilities, they are general-purpose tools that may not always 

align perfectly with industry-specific jargon and consumer language patterns. Future research should 

consider the development and training of domain-specific models that can better understand and 

process the unique textual data found in fashion product descriptions and customer reviews. 

 

Additionally, the current study's focus on textual data presents another limitation. The fashion industry 

is heavily visual, and incorporating image and video data into the analysis could offer a more holistic 

view of consumer behavior and preferences. Future research could expand the analytical framework to 

include computer vision techniques and multimodal analysis that combines text, images, and other data 

types. 

 

Scalability has also been a focal point in this study, with the transition to Amazon OpenSearch 

Serverless being proposed as a solution for future growth. While this suggests a path forward, it 

remains theoretical. Subsequent research should implement this transition and assess the practical 

implications of scaling up the chatbot service, monitoring its performance, and cost implications in 

real-world scenarios. 
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Furthermore, this study’s practical application was demonstrated through an RAG engine within a 

chatbot interface. Although successful, user interactions were limited to structured queries. Future 

iterations of the project could explore more sophisticated dialogue systems capable of engaging in 

open-ended conversations, providing users a more natural and human-like interaction experience. 

 

Finally, ethical considerations and data privacy are increasingly important in AI and machine learning 

applications. Future research should delve into the moral implications of deploying LLMs in consumer 

analytics, addressing issues such as data bias, transparency of AI decision-making processes, and the 

impact of predictive modeling on consumer privacy. 

 

While this research has taken significant strides in applying cloud computing and LLMs to the fashion 

industry, it also opens the door to numerous opportunities for further exploration. Future studies may 

broaden the scope of cloud platforms used, enhance the specificity of language models, integrate 

multimodal data, empirically test proposed scalability solutions, refine user interaction capabilities, 

and tackle the pressing ethical issues surrounding AI in business analytics. 
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