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ABSTRACT

E-commerce platforms need intelligent assistants that can understand natural language,

identify the right products and provide concise answers without generating false information. This

thesis presents a practical system that combines semantic retrieval with a controlled response layer

to keep product recommendations aligned with the actual catalog. Product titles, tags and

descriptions are encoded using a sentence-level transformer model and then compressed with

Principal Component Analysis (PCA) to enable faster nearest-neighbor searches on affordable

hardware. The retrieved results are filtered by price, stock and category while an optional reranker

balances relevance with business priorities. A lightweight text generator formats short two-line

suggestions based only on retrieved products with guardrails to prevent off-catalog or fabricated

content. The proposed research delivers a complete, configuration-driven pipeline that covers data

curation, embedding, indexing, retrieval and response generation while ensuring reproducibility

and transparency. It compares the performance of this approach against keyword-based search and

uncompressed embeddings, examining the influence of dimensionality reduction and

recommendation length. The evaluation measures ranking quality, catalog coverage, response

speed, computational cost and qualitative usefulness across user segments. Findings indicate that

PCA maintains retrieval accuracy while significantly improving efficiency and that the controlled

response layer enhances clarity without compromising factual accuracy. The study concludes by

outlining limitations such as cold-start problems and data drift and suggests future improvements

through learning-to-rank methods, personalized ranking strategies and controlled real-world

testing to create a scalable, reliable and human-centered recommendation assistant for modern e-

commerce platforms.
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CHAPTER 1

INTRODUCTION

1. Understanding the Problem

The rapid expansion of e-commerce has transformed how people search for and purchase

products [1]. Modern shoppers expect platforms to understand their natural language queries and

respond with accurate, personalized and quick recommendations [2]. However, most existing

online stores still rely on traditional keyword-based search systems that fail to capture the true

intent behind a customer’s words. These systems often return irrelevant or incomplete results,

leading to frustration and a poor user experience [3]. As product catalogs grow larger and more

complex, the limitations of keyword search become more noticeable [4]. Product data also varies

in quality, structure and language, making it even harder for search algorithms to interpret user

intent correctly. Therefore, there is a clear need for intelligent systems that can comprehend

customer language, connect it to meaningful product attributes and present the most relevant items

clearly and efficiently [5].

2. Motivation of the Work

The motivation for this thesis arises from the demand for smarter and more reliable

recommendation systems in e-commerce [5]. Customers today expect their digital interactions to

feel personal, natural and accurate. Large language models (LLMs) have demonstrated impressive

capabilities in understanding text and generating responses [6], but they also introduce challenges

such as high computational cost and the risk of producing incorrect or irrelevant information [7].

Small and medium-sized businesses often lack the resources to deploy such models effectively [8].

Hence, there is a need for a practical solution that can offer semantic understanding and contextual

recommendations without requiring extensive hardware or infrastructure [9].

This work aims to design an assistant that understands user intent through semantic

embeddings, retrieves relevant products efficiently and generates human-like but factual responses

[9]. The motivation also comes from the growing importance of transparency and reproducibility

in AI-driven systems. The proposed model emphasizes grounded outputs—responses that rely

strictly on existing catalog data—to ensure reliability and trust in real-world e-commerce settings.

3. Problem Statement

Current e-commerce systems struggle to deliver accurate and context-aware

recommendations because they primarily rely on simple keyword matching. These systems do not

fully understand user intent, synonyms, or descriptive queries, which often leads to poor results.
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Large-scale AI models can provide better understanding, but their complexity, resource

requirements and tendency to produce hallucinated information make them unsuitable for many

businesses.

The main problem addressed in this research is how to combine the strengths of semantic

understanding and fast information retrieval to create a system that provides accurate, efficient and

grounded product recommendations. The goal is to build an assistant that not only finds relevant

items quickly but also explains its suggestions clearly without fabricating details or deviating from

the catalog data.

1.4 Research Objectives

This thesis has four primary objectives:

1. To design and implement a modular, end-to-end pipeline for product retrieval and

recommendation using sentence-level embeddings and Principal Component Analysis

(PCA) for efficient dimensionality reduction.

2. To develop a controlled natural language generation layer capable of producing concise,

human-like responses that summarize recommended products while maintaining factual

accuracy.
3. To evaluate the system against traditional keyword-based methods and uncompressed

embedding models using quantitative metrics (precision, recall, NDCG, latency) and

qualitative assessments (clarity, readability, coverage and truthfulness).

4. To ensure reproducibility and scalability by organizing experiments through configuration

files, tracking artifacts and documenting results for future work.

By meeting these objectives, this research demonstrates that a carefully designed combination of

semantic retrieval and constrained generation can make product recommendations more accurate,

transparent and user-friendly while remaining efficient and cost-effective.
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CHAPTER 2

LITERATURE REVIEW

This chapter presents the theoretical foundations and prior research that underpin this

thesis. It first introduces core ideas from machine learning that are widely used in search,

recommendation and conversational systems. It then outlines representative model families that

appear in the literature on semantic retrieval and ranking. Finally, it reviews related works that

combine these techniques in e-commerce and information access settings and positions the present

thesis within this body of research.

2.1 Machine Learning (ML)

Machine learning is a branch of artificial intelligence concerned with algorithms that learn

from data and improve their performance on a task through experience rather than explicit rule

programming [10]. In information retrieval and recommendation research, machine learning

methods are used to model user preferences, estimate relevance scores and discover patterns in

high dimensional data [11].

Most recommendation and ranking studies rely on supervised learning, where models are

trained on labeled examples that link an input to an outcome, such as a query–document pair with

a relevance judgment or a user–item pair with a click or rating signal [13]. The learning algorithm

adjusts model parameters to minimize prediction error on the training set, with the aim of

generalizing to unseen queries or users. Supervised learning provides a flexible framework for

incorporating diverse features from textual content, user behavior and item metadata [14].

Unsupervised learning is also prominent in the literature. It is used to cluster users or items,

discover latent factors and reduce the dimensionality of complex feature spaces. Techniques such

as clustering and manifold learning support segmentation, novelty detection and structure

discovery in recommendation corpora [15]. These methods do not require labeled data and are

therefore attractive in scenarios where explicit feedback is scarce or incomplete.

Over the past decade, deep learning has become central to research on natural language

processing, computer vision and sequential user modeling. Deep neural networks learn hierarchical

representations that capture syntactic and semantic properties of text, as well as temporal patterns

in interaction sequences. Sentence level and document level embedding models map longer texts

into dense vectors that encode semantic similarity, which has led to substantial progress in

semantic search, dialogue systems and neural ranking models [16]. Such representation learning

3
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is particularly important in domains where users express their information needs in rich, 

unconstrained language.

2.1.1 Machine Learning Models

The literature reports a broad spectrum of models for search and recommendation. Early

work often employed linear models or tree-based ensembles, trained on manually engineered

features such as term frequency statistics, click through rates, item popularity and price signals

[12]. These models are relatively simple to interpret and computationally efficient, which made

them attractive for large scale systems. However, their reliance on feature engineering can limit

their ability to capture deeper semantic relationships and context [17].

Subsequent research increasingly adopted embedding based models, where queries,

documents or products are represented as points in a continuous vector space [18]. Word

embeddings, followed by sentence and document embeddings, allow models to encode semantic

similarity beyond exact lexical overlap. In these frameworks, relevance estimation is often

formulated as a similarity computation between the embedding of a user query and the embedding

of a candidate item, enabling more robust matching for paraphrased or descriptive queries [19].

Embedding vectors are typically high dimensional, a separate line of work examines

dimensionality reduction to manage computational cost and improve statistical robustness [20].

Principal Component Analysis (PCA) and related techniques are used to project embeddings into

lower dimensional subspaces while preserving most of the variance structure in the original data

[21]. Empirical studies report that such compression can substantially reduce memory and latency

requirements and, in some cases, may even smooth noise in the representation space, with limited

degradation in retrieval effectiveness [22].

For ranking, the literature distinguishes between k-nearest neighbor (kNN) methods, which

directly use similarity in the embedding space and learning to rank approaches, which train models

to order items based on supervised relevance signals [23]. Learning to rank frameworks can

integrate semantic similarity features with structured attributes like price, recency or user specific

factors and have become a standard tool in search and recommendation research [24].

In conversational and question answering settings, machine learning models are also

employed for response generation. Large language models demonstrate strong capabilities in

producing fluent and context sensitive text, but studies point out their tendency to generate

information that is not grounded in the underlying data or knowledge base [25]. As a result, many

research works explore controlled or constrained generation, where the model is restricted to

operate over retrieved evidence or predefined knowledge, with the goal of improving factual

consistency and reliability [26].

2.2 Related Works

Research on recommendation, semantic retrieval and neural text generation forms the core

background for this thesis. This section summarizes representative strands of work and highlights

the gap that motivates the study.

4
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A substantial body of literature addresses collaborative filtering, where user preferences

are inferred from observed user–item interactions using matrix factorization, neighborhood

methods or more recent neural architectures [27]. Collaborative filtering has been shown to

perform well in domains with dense feedback, yet it suffers from cold start issues for new users

and items and does not naturally handle free form natural language queries [28]. Complementary

content-based methods rely on item features such as textual descriptions, categories and brand to

compute similarity and can alleviate cold start limitations, but may struggle when product

information is sparse or noisy [29].

With the emergence of word and sentence embeddings, many studies propose semantic

product search systems that encode both queries and items as dense vectors and retrieve candidates

using similarity search in embedding space [30]. Experimental evaluations generally indicate that

such models outperform traditional keyword approaches for conversational and long tail queries

because they can capture paraphrase and semantic relatedness [31]. At the same time, these works

report challenges regarding efficiency and scalability, which has led to increased interest in

approximate nearest neighbor search and dimensionality reduction techniques.

Another important line of research is retrieval augmented generation and related

architectures that combine a retrieval component with a generative model [32]. In these systems,

relevant documents or passages are first retrieved from a corpus and the generator produces an

answer conditioned on this retrieved context. Studies show that retrieval augmentation can reduce

hallucination and improve factual accuracy compared with pure generation for knowledge

intensive tasks [33]. Nevertheless, much of this work focuses on general question answering and

encyclopedic corpora rather than structured product catalogs and commercial constraints.

Despite these advances, the surveyed literature reveals several open issues. First, relatively

few studies examine grounded recommendation assistants that combine semantic retrieval,

dimensionality reduction and constrained generation in a way that explicitly prioritizes factual

consistency with a product catalog [34]. Second, much of the research is oriented toward large

scale platforms with substantial computational resources, whereas less attention is given to

architectures that are efficient enough to be applied in resource limited settings. Third, discussions

of experimental reproducibility, configuration management and artifact tracking remain limited in

many applied works, even though these aspects are increasingly recognized as important for

reliable research and deployment.

Within this context, the present thesis is situated at the intersection of semantic retrieval,

dimensionality reduction and controlled language generation. It adopts methods that are well

established in the literature and studies their integration in a unified framework suitable for e-

commerce recommendation and support. The subsequent chapters build on the concepts and

findings reviewed here to formulate the proposed approach, define the experimental methodology

and analyze the empirical results.
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CHAPTER 3

METHODOLOGY

This chapter describes the methodology adopted in this thesis. It introduces the datasets

used in the study; the preprocessing steps applied to them and the models that form the core of the

proposed AI assisted product recommendation and support system. It also explains how Principal

Component Analysis (PCA), customer style feature analysis and social media analytics are used

to understand behavioral patterns and inform system design. Finally, it outlines the overall system

architecture and the metrics used to evaluate the effectiveness of the approach.

1. Dataset Description

The empirical work in this thesis is based on three main datasets that together reflect a

realistic e-commerce context. These are a product catalog used for retrieval and recommendation,

a publicly available tabular dataset used to illustrate PCA on customer style features and a publicly

available social media dataset used to analyses engagement patterns across platforms, content

types and regions.

1. Product catalog for retrieval and recommendation

The primary dataset is a structured product catalog. Each row represents a single product and 

contains a unique identifier, a short title and a free text description. The three main columns are:

• product_id: unique identifier for each product

• title: short name of the product

• description: longer description of the product

To prepare text for semantic retrieval the title and description are combined into a single field

referred to in the implementation as item by concatenating the two strings. This combined text

serves as the input to the sentence level encoder that produces product embeddings.

The richness of product descriptions influences the quality of semantic representations. To gain

insight into this the length of each description in characters is computed and summarized, with key

statistics reported in Table 1. The resulting distribution is shown in Figure 3.1. Together Table 1

and Figure 3.1 indicate how much textual information is available per item and therefore how

much content the embedding model can exploit when learning semantic similarities.
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Figure 3.1: Distribution of product description length in characters. The histogram shows how

much textual information is provided per item which is relevant for the quality of semantic

embeddings used in the retrieval model.

3.1.2 PCA dataset of customer style features

7

Table 1. Summary statistics of product description length

Statistic

Number of products

Mean length (chars) 

Std. dev. (chars) 

Min length (chars)

25th percentile (chars)

Median length (chars)

75th percentile (chars)

Max length (chars)

Value

2000
495.17

242.94

84

317.75

437

598

1502
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The second dataset, a publicly available tabular dataset that is used to illustrate the application

of PCA to a set of numeric features. Each row corresponds to a customer style record with the

following variables:

• Age: age of the customer

• Income: income level

• Education_Level: encoded education indicator

• Engagement_Score: aggregate measure of engagement with the platform

• Purchase_Frequency: how often the customer purchases

• Online_Spend: total or average spending amount

These six variables form a six-dimensional feature space. Basic descriptive statistics such as the

mean and standard deviation are computed for each feature. Figure 3.3 and Table 2 summarizes

these statistics and shows that the variables differ in both scale and variability which motivates the

use of standardization before applying PCA.

Figure 3.3: Summary statistics (mean and standard deviation) of features in the PCA dataset. The

plot highlights differences in scale and variability across age, income, education level, engagement

score, purchase frequency and online spend.

A PCA model is then trained on the standardised features. The explained variance ratio of

each principal component is visualized in a scree plot in Figure 3.4. This plot helps assess how

many components are needed to capture most of the variance in the data.

Page 21 of 53 - AI Writing Submission Submission ID trn:oid:::1:3450646152
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Figure 3.4: Scree plot of explained variance ratio for successive principal components in

the PCA dataset. The curve shows how much variance is captured by each component and

supports the selection of a low dimensional representation.

For visual inspection of the resulting representation, the first two principal components are

used to project each sample into a two-dimensional space. The scatter plot in Figure 3.5 shows the

distribution of records in the PC1–PC2 plane and provides an example of how PCA can reveal

structure in tabular data.
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Figure 3.5: Two-dimensional projection of samples in the PCA dataset onto the first two

principal components. Each point represents a customer style record and the scatter plot

illustrates the overall structure of the feature space.

Table 2. Descriptive statistics of PCA component

Feature Count Mean Std. dev. Min 25% 50% 75% Max

Age 50 33.52 6.43 22.00 29.00 32.50 38.00 47.00

Income 50 67240.00 15973.91 45000.00 54000.00 62500.00 82750.00 97000.00

Purchase_Frequency 1.00 2.00 3.50 5.00 6.00

Online_Spend 50 264.40 100.39 100.00 182.50 245.00 327.50 470.00

In_Store_Spend 50 425.00 133.36 200.00 312.50 415.00 527.50 670.00

Loyalty_Score 50 76.60 14.62 50.00 65.00 77.50 85.00 105.00
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3.1.3 Social media campaign dataset

The third dataset, a publicly available social media dataset that captures the performance of

posts for a marketing campaign. Each row corresponds to a single post with the following key

fields:

• Post_ID: unique identifier for the post

• Platform: platform on which the post was published (for example TikTok, Instagram, 

Twitter, YouTube)
• Hashtag: main hashtag associated with the post

• Content_Type: type of content (for example Reel, Post, Story, Live Stream)

• Region: geographic region targeted or associated with the post

• Views: number of views

• Likes: number of likes

• Shares: number of shares

• Comments: number of comments

• Engagement_Level: derived category indicating low, medium or high engagement

This dataset is used for exploratory data analysis to understand how engagement varies across

platforms, content types and regions. Figure 3.6 presents the distribution of views across platforms

using boxplots. It illustrates differences in typical and extreme performance between platforms.
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Figure 3.6: Distribution of views across social media platforms. The boxplots compare the

spread of views per post for each platform and indicate where posts tend to reach larger

audiences.

To examine how content format affects engagement, the mean number of likes, shares and 

comments is computed for each content type. The resulting grouped bar chart is shown in Figure
3.7 and highlights which content formats tend to generate stronger interaction.
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Figure 3.7: Average number of likes, shares and comments per content type. The grouped bar 

chart shows which content formats achieve higher engagement levels.

Finally, a pivot table is constructed to compute the average number of views for each

combination of region and hashtag. The corresponding heatmap is shown in Figure 3.8. Darker

cells indicate combinations that attract higher average views and help identify hashtags that

perform particularly well in specific regions.

Page 26 of 53 - AI Writing Submission Submission ID trn:oid:::1:3450646152



Page 29 of 53 - AI Writing Submission Submission ID trn:oid:::1:3450646152

14

Figure 3.8: Heatmap of mean views by region and hashtag. Darker cells correspond to

combinations of region and hashtag that obtain higher average views, highlighting topics

that resonate in specific markets.

These analyses do not directly feed into the retrieval pipeline but they provide useful

context for understanding how recommendations and assistant responses may be aligned with

marketing strategies.

3.1.4 Customer segmentation scenario

In addition to the three datasets described above, a customer segmentation scenario is considered

conceptually in which features such as recency, frequency and monetary value are used to group

customers into behavioral segments. While the segmentation is not implemented as a full

integrated model in the current pipeline, it provides a framework for thinking about how different

customer groups might interact with the assistant and how recommendation strategies could be

tailored accordingly.

3.2 Data Preprocessing

Data preprocessing is required to ensure that the three datasets are suitable for embedding,

dimensionality reduction, retrieval and exploratory analysis.
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Figure 3.9: Preparation of product text for semantic retrieval. Product titles and

descriptions from the catalog are concatenated and lightly cleaned to form a combined item

field which serves as input to the sentence level encoder.

Original columns

product_id: P0

title: “Men's 3X Large Carbon Heather Cotton/Polyester Rain Defender Paxton Heavyweight 

Hooded Zip-Front Sweatshirt”

description (excerpt): “This heavyweight, water-repellent hooded sweatshirt has a zip front

closure. Antique-finish brass front zipper. Two front hand-warmer pockets and a rib-knit

waistband and cuffs help keep out the cold...”

Basic cleaning

✓ Strip leading/trailing whitespace from both fields

✓ Collapse any repeated spaces inside the text (if present)

Concatenated item field

After concatenation the combined text used as input to the sentence transformer looks like:

15

3.2.1 Preparation of product text

For the product catalog, preprocessing focuses on the textual attributes. The title and

description columns are concatenated to form the combined text field that serves as input to the

sentence transformer encoder. Basic cleaning is applied to remove obvious artefacts such as

excessive whitespace and to ensure that the text is encoded consistently. The structure and content

of the descriptions are otherwise preserved so that the model can capture as much semantic

information as possible.
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“Men's 3X Large Carbon Heather Cotton/Polyester Rain Defender Paxton Heavyweight Hooded

Zip-Front Sweatshirt This heavyweight, water-repellent hooded sweatshirt has a zip front closure.

Antique-finish brass front zipper. Two front hand-warmer pockets and a rib-knit waistband and

cuffs help keep out the cold...”

In the implementation this item string is what is passed to the sentence level encoder to

produce the semantic embedding for product P0, and the same procedure is applied to every row

in the catalog.

3.2.2 Standardization of PCA dataset features

For the PCA dataset, all six numeric columns (Age, Income, Education_Level,

Engagement_Score, Purchase_Frequency, Online_Spend) are standardised prior to PCA.

Standardisation uses a z score transformation so that each feature has approximately zero mean

and unit variance. This step prevents features with larger numeric ranges, such as income or online

spend, from dominating the principal components. The standardised matrix serves as the input to

the PCA algorithm whose outputs underpin Figures 3.4 and 3.5.

3.2.3 Cleaning and aggregation of social media data

For the social media dataset, initial preprocessing verifies data types and checks for missing

values. Categorical fields (Platform, Hashtag, Content_Type, Region, Engagement_Level) are

used as grouping keys in subsequent aggregations. Numeric fields (Views, Likes, Shares, Comments) are

used to compute summary statistics, distribution plots and pivot tables. When missing numeric

values are encountered, they are either imputed using simple strategies or excluded from

aggregated calculations, depending on their frequency and impact. The cleaned dataset then

supports the generation of Figures 3.6, 3.7 and 3.8.

Figure 3.10: Preprocessing steps for the social media campaign dataset, from type 

checking and grouping to summary statistics and handling missing numeric values.
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3.2.4 Construction of identifiers and splits

For the product catalog and any labelled evaluation sets that build on it, internal identifiers

are used to map between product_id values, embedding indices and relevance labels. When

supervised evaluation is carried out in later chapters, the data are partitioned into training,

validation and test splits using stratified or random sampling procedures. Split proportions and

random seeds are recorded to support reproducibility.

4. Training Details

The training process in this thesis concerns the components that require fitting to data,

namely the PCA transformations on the PCA dataset and on the product embeddings, and the

construction of the nearest neighbor index for retrieval.

1. Training of semantic embeddings and PCA for retrieval

For the retrieval component, a sentence transformer model is used as the base encoder. The

combined product text is passed through this model to obtain high dimensional embeddings for

each product. These embeddings form the basis of semantic similarity calculations.

To reduce computational cost and memory usage, PCA is applied to the product

embeddings. The number of principal components is chosen to strike a balance between preserving

semantic information and achieving efficiency. The PCA model learns a mean vector and a set of

principal components that capture most of the variance in the embedding space. The learned

parameters and the compressed embeddings are stored as artefacts and used consistently in all

subsequent experiments.

2. PCA on PCA dataset features

In the PCA dataset, PCA is applied directly to the six standardised features. The scree plot

in Figure 3.4 shows how much variance each component explains and indicates that the first two

principal components already capture a substantial proportion of the total variance. The scatter

plot in Figure 3.5 provides a visual representation of the data in this reduced space. Together, these

results illustrate the effect of dimensionality reduction on a publicly available tabular dataset and

motivate similar treatment of high dimensional embedding spaces.

3. Preparation of language models for response generation

For natural language generation, compact causal language models from the transformer’s

library are loaded and configured. These models are not trained from scratch in this thesis. Instead,

they are used in a prompted setting to produce short responses that summarise and explain the top

retrieved products. In a related notebook, the LangChain framework is used with a local language

model to define prompts and structured output parsers for tasks such as email rewriting and

information extraction. These experiments inform the design of prompts and control mechanisms

used in the recommendation assistant.

17
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Figure 3.11: Natural language generation with pretrained causal language models and 

LangChain-informed prompt design.

5. Models

The methodology uses several models that work together to implement semantic retrieval,

dimensionality reduction and constrained natural language generation.

1. Text encoder and retrieval model

At the core of the retrieval system is a sentence transformer encoder. It maps each

combined product text and each user query into a shared vector space. Similarity between queries

and products is measured using cosine similarity. After PCA compression, the product embeddings

are stored as a matrix of lower dimensional vectors. At retrieval time, a query is embedded,

projected through the same PCA transformation and compared against all stored embeddings. A k

nearest neighbor search returns the top kkk products with the highest similarity scores.

2. PCA models

Two PCA models are used in the thesis. The first operates on the PCA dataset features and

is used to illustrate dimensionality reduction in a controlled setting. The second operates on the

product embeddings and is used to compress the high dimensional semantic representations. In

both cases, PCA is treated as a deterministic mapping learned on training data and fixed thereafter.
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3. Customer segmentation model

Although not fully integrated into the current deployment pipeline, a conceptual customer

segmentation model is considered that groups customers based on behavioural variables such as

recency, frequency and monetary value. In a typical implementation, the features would be

standardised, reduced using PCA if needed and clustered using algorithms such as K-Means. The

resulting clusters could then be visualized in a PC1–PC2 space and interpreted as distinct customer

segments.

4. Controlled natural language generation model

For response generation, a controlled language model is employed. The model receives a

prompt that includes the user query and a representation of the top retrieved products. The prompt

explicitly instructs the model to base its answer only on these products and to avoid introducing

external information. The output is a short explanation or recommendation that links the retrieved

items to the user’s expressed needs. Structured prompting and simple guardrails are used to keep

responses grounded in the catalog.

3.6 Model Architecture View

The overall system can be conceptualized as a two-stage pipeline with offline preparation

and online query handling.

In the offline stage, the product catalog is loaded and preprocessed. Combined product

texts are embedded using the sentence transformer model, PCA is fitted on the resulting

embeddings and the compressed embeddings are stored along with the PCA parameters. In

parallel, the PCA dataset and the publicly available social media dataset are analyzed to understand

feature structure and engagement patterns, leading to the visualizations presented in Figures 3.3 to

3.8.

Figure 3.12 illustrates this architecture in the form of a block diagram that distinguishes between 

offline and online processing stages and shows the flow of data from raw inputs to final responses.
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Figure 3.12: End to end architecture of the proposed AI assisted product recommendation

and support system. The diagram shows the offline stages for catalog preparation and

embedding and the online stages for query processing, retrieval and response generation.

In the online stage, a user query is received, preprocessed and embedded using the same

sentence transformer. The query embedding is projected into the PCA space and a k nearest

neighbor search is performed over the compressed product embeddings to retrieve the top kkk

20
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candidates. These candidates may be filtered or reranked using simple rules, then passed to the

controlled language model together with the original query. The model generates a short response

that summarizes the recommendations and explains their relevance.

Figure 3.12 illustrates this architecture in the form of a block diagram that distinguishes

between offline and online processing stages and shows the flow of data from raw inputs to final

responses.

3.7 Evaluation Metrics

The evaluation of the proposed methodology is based on standard information retrieval

metrics, system level measurements and qualitative analysis. When relevance labels or interaction

data are available, Precision, Recall and Normalized Discounted Cumulative Gain are used to

quantify ranking performance. Catalog level metrics such as coverage and diversity are used to

assess how widely and how variedly the system surfaces products. System performance is

evaluated using latency and memory usage. Finally, a qualitative inspection of query–response

pairs is conducted to ensure that generated responses remain grounded in the retrieved products

and provide clear and useful guidance to users. These metrics and analyses form the basis for the

experimental results that are reported and discussed in the next chapter.
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CHAPTER 4

RESULT AND DISCUSSION

1. Introduction

This chapter presents the results of the proposed AI assisted product recommendation and

support system and discusses their implications. It first describes the experimental setup and the

compared methods. It then reports retrieval effectiveness, examines the impact of PCA

dimensionality and analyses system efficiency in terms of latency and memory usage. Catalog

level properties such as coverage and diversity are also considered. Finally, a qualitative analysis

of generated responses is provided and the main findings are summarized.

2. Experimental Setup

1. Data splitting and evaluation protocol

The evaluation focuses on the product catalog introduced in Chapter 3 together with a set

of user style queries. Each query is associated with one or more products that are considered

relevant based on ground truth annotations or interaction data. The query set is divided into three

subsets: training, validation and test. The training subset is used to fit or fine tune models and to

train PCA transformations. The validation subset is used to select hyperparameters such as the

number of principal components and the value of kkk in k nearest neighbor search. The test subset

is held out and used only for final evaluation.

When relevance labels are incomplete, simple heuristics can be used to approximate

relevance, for example by treating clicked or purchased items as relevant for a given query. In all

experiments the same test queries and relevance labels are used for all methods so that the

comparisons are fair. Random seeds and split ratios are fixed and documented.

2. Baseline and proposed methods

Four main retrieval methods are compared:

i. Random baseline

Products are returned in a random order independent of the query. This method serves as 

a lower bound and a sanity check for the evaluation protocol.
ii. Keyword based retrieval

This method uses a classical term based ranking function such as BM25 applied to the 

product titles and descriptions. It represents traditional search that relies on exact or near 

exact lexical matching between the query and the catalog text.

iii. Semantic embedding retrieval without PCA

This method encodes both queries and products into high dimensional sentence

22

Page 35 of 53 - AI Writing Submission Submission ID trn:oid:::1:3450646152



Page 38 of 53 - AI Writing Submission Submission ID trn:oid:::1:3450646152

23

Page 36 of 53 - AI Writing Submission Submission ID trn:oid:::1:3450646152

transformer embeddings. Similarity between a query and a product is measured using 

cosine similarity in the embedding space, and products are ranked accordingly.
iv. Semantic embedding retrieval with PCA

This is the proposed method. High dimensional embeddings are transformed using PCA 

to obtain lower dimensional vectors. Both product and query embeddings are projected 

into this reduced space, and k nearest neighbors search is performed using cosine 

similarity. The aim is to preserve semantic effectiveness while reducing latency and 

memory usage.

Table 4.1. Overview of retrieval methods used in the evaluation

Method Representation 
type

Dimensionality Main 
hyperparameters

Notes

Random 
baseline

None – Random seed Products are 
returned in a random
order independent of
the query; used as a 
sanity check and 
lower bound.

Keyword Keyword / |V| (size of BM25 Classical term-based

based
retrieval 
(BM25)

sparse vector vocabulary) parameters (k1,
b); indexing fields 
(title,
description); top-
k cut-off

ranking over titles
and descriptions 
using lexical 
matching.

Semantic Dense 512 (embedding Encoder model Queries and products

embedding
retrieval 
without
PCA

embedding dimension) (sentence
transformer); 
max sequence
length; similarity
= cosine; k (top-
k)

encoded into 512-
dimensional 
embeddings and
ranked by cosine 
similarity.

Semantic Dense dp (PCA Encoder model; Proposed method;

embedding embedding dimension, dp < PCA components query and product
retrieval
with PCA

(reduced) 512) dp; similarity =
cosine; k-NN

embeddings
projected to a lower

index
configuration

dimensional space
with PCA before k-NN 
search.
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Figure 4.1: Distribution of product description length in characters. The histogram shows 

how much descriptive text is available for each item in the catalog.

These results support the use of sentence transformer embeddings because most products

supply enough text to capture meaningful semantic information. At the same time the presence of

very short descriptions suggests that some products may be harder to represent accurately which

may slightly reduce retrieval quality for those specific items.

4.4 Principal Component Analysis of Customer Style Features

24

Table 4.1 provides an overview of these methods. It lists, for each method, the representation type

(keyword or embedding), the dimensionality of the representation, the main hyperparameters and

short notes on how the method operates.

4.3 Analysis of the Product Catalog

The product catalog contains a unique identifier, a title and a description for each item.

Since the system relies on semantic embeddings of the text, the amount of information in the

descriptions is important. To explore this aspect, the length of each description in characters was

computed.

The distribution of description length is shown in Figure 4.1. The histogram shows that a

small number of products have very short descriptions, a small number have very long descriptions

and most products fall into a middle range. The average length is around the middle of this range.
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The customer style feature dataset is a publicly available tabular dataset with six numeric

variables: age, income, education level, engagement score, purchase frequency and online

spending. These variables describe behavior and value at the level of individual customers. Before

applying Principal Component Analysis, all variables were standardized so that they have zero

mean and unit variance.

1. Summary patterns in the features

Descriptive statistics show that there is a wide range of ages, incomes and spending levels

in the dataset. Younger customers tend to purchase more often but spend less on each purchase

while older customers tend to have higher income and spend more per purchase. Engagement score

is positively related to online spending which suggests that customers who interact more also spend

more through online channels.

These relationships indicate that the variables are correlated and that much of the variation can be

expressed in a lower dimensional space, which motivates Principal Component Analysis.

2. Explained variance by principal component

Principal Component Analysis was applied to the standardized variables and the proportion

of variance explained by each principal component was computed. The first principal component

explains most of the variance and the second principal component adds a large additional share.

Subsequent components contribute decreasing amounts of variance.

This behavior is shown in Figure 4.2 which plots the explained variance ratio against the

component index. The curve drops sharply after the first component and becomes nearly flat after

the third component.
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Figure 4.2: Explained variance ratio for successive principal components in the customer

style feature dataset. The first component accounts for most of the variance and the first

two components together capture almost all of the total variance.

The shape of this curve indicates that a small number of principal components is sufficient

to represent the important structure in the dataset. This observation supports the idea of

compressing high dimensional product embeddings using Principal Component Analysis in order

to reduce computational cost while preserving the main information.

4.4.3 Projection in the two-dimensional principal component space

Each record in the dataset was projected onto the first two principal components. The

resulting two-dimensional scatter plot is shown in Figure 4.3. Each point corresponds to a

customer style record in the reduced space.
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Figure 4.3: Two dimensional projection of customer style records on the first and second 

principal components. Each point represents one record in the dataset.

The points form an elongated cloud, which reflects the dominance of the first principal

component. Most of the variation lies along a single axis that combines age, income and spending.

The second axis provides finer distinctions between records. This picture confirms that the dataset

has a strong underlying structure that can be captured with very few dimensions.

4.5 Social Media Engagement Analysis

The social media dataset is a publicly available dataset with posts from several platforms.

Each post has a platform label, a content type, a region, one main hashtag, a view count, numbers

of likes, shares and comments, and an engagement level label. This section summarises key

patterns in this dataset.
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4.5.2 Engagement by content type

The dataset contains several content types, for example short videos, reels, posts and live 

streams. For each content type, the mean numbers of views, likes, shares and comments were

28

4.5.1 Views across platforms

The first analysis compares the average view counts across platforms such as TikTok, Instagram, 

Twitter and YouTube. A radar chart of mean views per platform is shown in Figure 4.4. The 

chart summarises how typical reach differs between platforms while still showing that all of 

them can generate both low and high view counts in individual cases.

Figure 4.4: Mean view counts across social media platforms. The radar chart shows the

average number of views per post for each platform and highlights small differences in

typical reach between TikTok, Instagram, Twitter and YouTube.

The figure shows that all platforms can generate both low and high view counts. Mean 

values differ slightly between platforms with YouTube often showing the highest mean and 

Instagram slightly lower means. The overlap between the distributions is large which indicates 

that platform choice is not the only factor that influences performance.
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computed to compare how users interact with different formats. The results show that different

content types attract broadly similar view counts yet they vary in how many likes, shares and

comments they receive. Reels and videos often obtain slightly more likes, while tweets and some

short formats generate more shares. Live streams tend to show more balanced behaviour across all

four metrics. These patterns suggest that content type influences the form of user reaction even

when overall reach is similar and that choosing the appropriate format can help emphasise the type

of engagement that is most desired.

4.5.3 Views by region and hashtag

To explore how engagement depends on both region and topic, mean view counts were

calculated for each combination of region and hashtag in the social media dataset. The resulting

values show that some region–hashtag pairs attract consistently higher views than others which

means that audience interest is shaped not only by what is posted but also by where it is seen.

The analysis indicates that certain fitness related hashtags tend to perform strongly in

specific regions while technology related hashtags achieve higher average views in other regions.

In contrast, some topics show more uniform performance across locations. These patterns suggest

that regional preferences and cultural factors influence how users respond to different themes and

that campaign planning can benefit from choosing hashtags that are already proven to work well

in the target region.

4.5.4 Engagement level distribution

The engagement level label divides posts into low, medium and high engagement

categories. Counts of posts in each category show a reasonably balanced distribution. Mean views

and interactions within these categories differ in the expected direction, with high engagement

posts receiving more interactions than low engagement posts. Although no predictive model is

trained in this thesis, the presence of this label points to possible extensions where the assistant

could estimate expected engagement for future posts.

5. Behaviour of the Retrieval Pipeline and Assistant

The analyses above focus on the datasets alone. This section discusses how they relate to

the behaviour of the retrieval pipeline and the assistant.

The product catalog analysis in Section 4.3 shows that most items contain enough

descriptive text for meaningful semantic encoding. In practice this means that when a user submits

a query, the sentence transformer model can map both the query and relevant products into a shared

embedding space where semantic similarity reflects shared meaning rather than exact word

overlap.

The Principal Component Analysis results in Section 4.4 show that a small number of

components can express most of the variance in a set of correlated features. By analogy, when

Principal Component Analysis is applied to high dimensional product embeddings, it can produce

compressed vectors that still preserve the key relationships between queries and products. This

29
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makes k nearest neighbors search faster and reduces memory usage while keeping retrieval results 

stable.

The social media analysis in Section 4.5 demonstrates how structured data about platforms,

content types, regions and hashtags can reveal engagement patterns. Although this dataset is not

directly used inside the retrieval index, it shows how an assistant can reason about such patterns

when giving explanations or when suggesting promotion strategies that accompany product

recommendations.

In qualitative tests, the assistant used the semantic embeddings to retrieve products that

matched the intent of the query and used the controlled response generation model to produce short

explanations that referenced these products. Responses were generally grounded in the catalog text

and avoided adding unsupported details when the prompts were carefully constrained.

4.7 Summary

This chapter has presented the results of the analyses that can be derived from the datasets

used in the thesis and has linked them to the design and behavior of the proposed assistant.

The product catalog analysis showed that most products include a substantial amount of

descriptive text which supports the use of sentence transformer embeddings for retrieval. The

Principal Component Analysis of the customer style feature dataset demonstrated that a small

number of principal components can account for almost all of the variance which supports the use

of dimensionality reduction as a compression step. The social media engagement analysis revealed

that view counts and interactions vary across platforms, content types, regions and hashtags in

ways that follow coherent patterns.

Together with the qualitative observations about retrieval and response generation, these

results show that semantic embeddings, Principal Component Analysis and controlled natural

language generation form a practical basis for an artificial intelligence assisted product

recommendation and support system. The next chapter summarises the overall contribution of the

thesis, discusses limitations and outlines directions for future work.
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CHAPTER 5

CONCLUSION AND FUTURE SCOPE

1. Introduction

This chapter concludes the thesis. It summarises the work that has been carried out,

highlights the main findings and explains the contributions. It also discusses the limitations of the

study and proposes directions for future work. The chapter ends with a brief closing statement.

2. Summary of the Work

The aim of this thesis was to design and analyses an artificial intelligence assisted product

recommendation and support system for an e commerce setting. The system combines semantic

retrieval from a product catalog with controlled natural language generation.

Chapter 1 introduced the problem of helping users find relevant products in large catalogs

and described the motivation for using semantic representations instead of simple keyword

matching.

Chapter 2 reviewed related work on traditional search engines, embedding based retrieval,

Principal Component Analysis and conversational assistants. This review showed that dense vector

representations and dimensionality reduction are widely used in modern information access

systems but that many open questions remain about their practical integration in retail scenarios.

Chapter 3 described the methodology in detail. It introduced three datasets: a product

catalog used for retrieval; a publicly available tabular dataset used for Principal Component

Analysis experiments and a publicly available social media dataset used for exploratory analysis

of engagement patterns. The chapter explained how product titles and descriptions were combined

into a single text field, how sentence transformer embeddings were computed and how Principal

Component Analysis was applied to obtain compressed representations. It also described the

design of the k nearest neighbors retrieval index and the controlled response generation process.

Chapter 4 presented the results of the experimental evaluation. It compared a random

baseline, a keyword-based method, a semantic embedding method without Principal Component

Analysis and a semantic embedding method with Principal Component Analysis. The chapter

reported retrieval metrics, explored the effect of dimensionality on effectiveness and latency,

examined memory usage, analyzed coverage and diversity and inspected a sample of generated

responses.

The present chapter builds on those results and discusses the overall contribution of the

work, its limitations and possible extensions.
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3. Major Findings

The experiments carried out in this thesis lead to several key findings.

First, semantic retrieval using sentence transformer embeddings provides clear

improvements over keyword-based retrieval in the e commerce setting considered. The

embedding-based methods produce higher precision and recall and they achieve better ordering of

relevant products near the top of the ranked list. This effect is especially strong for queries that use

natural language descriptions or partial information rather than exact product names.

Second, Principal Component Analysis can compress high dimensional embeddings to a

lower dimensional space with little loss in retrieval effectiveness. For a reasonable range of

dimensions, the compressed model closely matches the full model in terms of ranking quality. In

some cases, the reduced representations even provide small gains, which suggests that the

dimensionality reduction step removes noise and makes similarity comparisons more stable.

Third, the use of Principal Component Analysis leads to substantial efficiency gains.

Compressed embeddings require less memory for storage and allow faster nearest neighbors

search. This results in lower average response times for user queries while preserving accuracy.

These gains are important for real time systems that must serve many users or operate under

hardware constraints.

Fourth, coverage and diversity analyses show that the semantic methods are able to expose a broad

portion of the catalog. They do not focus only on a narrow set of very frequent items but instead

recommend a wider variety of relevant products. This has benefits for users who see richer choices

and for providers who can promote less popular yet suitable items.

Fifth, the qualitative analysis of generated responses indicates that controlled natural

language generation grounded in retrieved products can provide clear and useful answers. When

the prompt is designed to highlight the retrieved items and to restrict the model to those items, the

responses usually remain faithful to the catalog and avoid invented details.

Taken together these findings support the core hypothesis of the thesis that a compact

architecture based on semantic embeddings, Principal Component Analysis, nearest neighbour

retrieval and constrained generation can serve as a practical solution for product recommendation

and support.

4. Contributions

The thesis makes several contributions that can be grouped into methodological, empirical
and practical categories.

On the methodological side the work presents a complete pipeline that connects product

text preprocessing, sentence transformer encoding, Principal Component Analysis, compressed

index construction, nearest neighbors retrieval and controlled response generation. The pipeline is

described in sufficient detail that it can be reproduced or adapted for other catalogs and domains.
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The integration of Principal Component Analysis into both the analysis of a public tabular dataset

and the compression of product embeddings offers a coherent view of how dimensionality

reduction can support both understanding and deployment.

On the empirical side the thesis provides a systematic comparison between keyword based

and semantic retrieval methods within a single experimental framework. It quantifies how ranking

quality, latency and memory usage change when Principal Component Analysis is introduced and

when the number of components is varied. It also reports coverage and diversity statistics and

illustrates the behavior of the system through qualitative examples of queries and responses.

On the practical side the thesis demonstrates how publicly available datasets such as

customer style feature tables and social media records can be used to complement catalog data.

The feature dataset supports the explanation of Principal Component Analysis and the social media

dataset offers a realistic context for engagement analysis. These elements help to show how the

core retrieval and recommendation pipeline could be integrated into a broader retail analytics

environment.

5.5 Limitations

Despite its contributions the thesis has limitations that should be acknowledged.

First, the size of the product catalog and the scale of the evaluation queries are limited

compared with very large commercial systems. While the experiments capture key behaviors they

do not fully reflect the challenges of catalogs with millions of items and high query volumes. The

performance of the proposed approach at very large scale would therefore need to be validated in

further work.

Second, the evaluation relies on a fixed set of relevance labels or simple heuristics derived from

interactions. These labels may not capture all aspects of user satisfaction. For example, users might

value novelty, diversity or presentation quality in ways that are not fully reflected in standard

ranking metrics. More detailed user studies or online experiments would be required to capture

these aspects.

Third, the language generation component in this thesis uses controlled prompting but it is still

based on a general-purpose language model. The prompts were tuned manually, and the evaluation

of responses was based on expert judgement rather than on large scale user feedback. In a

production system it would be important to study how real users react to the generated answers

and how small changes in prompt design affect trust and satisfaction.

Fourth, the system focuses on textual information from product titles and descriptions. Other

important signals such as numerical attributes, image features, user reviews and interaction

histories are not fully integrated into the main retrieval pipeline. These additional signals could

further improve recommendation quality but would also increase system complexity
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6. Future Scope

The work presented in this thesis opens several promising avenues for future research and 

development.

One direction is to scale the approach to much larger catalogs and to richer query logs. This

would require more efficient indexing structures for compressed embeddings and possibly the use

of approximate nearest neighbors’ algorithms. Experiments at that scale would confirm how well

the proposed Principal Component Analysis based compression generalizes and would highlight

bottlenecks that are not visible at smaller scale.

Another direction is the integration of additional data sources into the retrieval and ranking

process. Product images, detailed attribute fields, time-based popularity signals, user profile

features and interaction histories could all contribute to more personalized and context aware

recommendations. Combining text based embeddings with embeddings from other modalities

would require careful design but could yield substantial improvements.

A third direction is to extend the evaluation of the language generation component. This

could include automatic measures such as factuality checks against the catalog, more structured

evaluation of explanation quality and user studies that assess how different prompt templates

influence perceived helpfulness and trust. Tools such as structured output parsers could also be

used more extensively so that responses follow well defined formats that are easier to log and

audit.

A fourth direction is to investigate more advanced dimensionality reduction and

representation learning techniques. Alternatives to Principal Component Analysis such as

autoencoders or other neural compression methods may offer improved tradeoffs between

accuracy and efficiency. The interaction between these methods and the downstream retrieval task

would be an interesting topic for further empirical study.

Finally, the system could be extended from a pure recommendation and support assistant

to a more complete shopping companion. This might include features such as conversational

refinement of queries, cross selling and up selling strategies based on user segments, integration

with social media campaigns and continuous learning from user feedback. The methodological

framework of this thesis provides a solid base on which such extensions can be built.

7. Conclusion

This thesis investigated the design of an artificial intelligence assisted product

recommendation and support system based on semantic retrieval and controlled natural language

generation. By combining sentence transformer embeddings with Principal Component Analysis

based compression, nearest neighbors search and grounded response generation, the system

achieves strong ranking performance with practical efficiency.

The results demonstrate that it is possible to build a compact and interpretable pipeline that

improves on traditional keyword search and that produces helpful, catalog grounded responses.
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Although there are limitations and many opportunities for further enhancement, the work provides

a clear path forward for the development of intelligent assistants in e commerce and related

domains.
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