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Abstract

This thesis investigates using a closed-loop Retrieval-Augmented Generation
(RAG) system for content-based product recommendations in e-commerce. Tra-
ditional recommendation systems often struggle to capture the nuanced context
of long-form content and the evolving intent of the reader, resulting in generic
suggestions that miss the mark in terms of relevance and engagement. To address
this, we propose an iterative refinement approach that leverages the language
understanding capabilities of Large Language Models (LLMs) and incorporates
feedback from previous retrieval cycles to produce more contextually aligned
product recommendations. The system was evaluated across multiple Swedish
e-commerce platforms using both offline metrics and a user-based interleaving
test study. Results demonstrate consistent performance improvements across
iterations and a significant advantage over baseline methods. These results high-
light the potential of iterative RAG for recommendation tasks and suggest broad
applicabi]ity beyond e-commerce.

Keywords: Retrieva]—Augmented Generation (RAG), Closed—Loop, Recommendations,
Prompt Engineering, Iterative Query Refinement, Iterative Retrieval, Large Language
Models (LLMs)
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Chapter 1

Introduction

Within the context of e-commerce, effective product recommendations increasingly depend
on more than just keyword matching or user browsing history. Traditional recommenda-
tion systems primarily rely on static embeddings of product information and predefined
user profiles, which cannot easily adapt to rapidly changing user interests or highly context-
specific information. As a result, they frequently produce generic or misaligned sugges-
tions—negatively impacting user satisfaction and conversion rates. This is because they fail
to adapt to nuanced contextual content such as blog posts, editorial picks, or user-generated
reviews, where the relevance of recommendations depends on the evolving preferences of the
reader.

To address this, this thesis proposes a closed-loop RAG system to enhance the preci-
sion and relevance of content-based recommendations in e-commerce. Unlike conventional
approaches, which retrieve once and recommend based on pre-computed embeddings, our
system introduces an iterative refinement process. Each cycle enhances both retrieval and
generation by dynamicaﬂy adjusting search queries and their embeddings based on previ-
ous iterations. This allows for product recommendations that evolve with the context of the
inspirational content, leading to more precise, intent-aligned advertisements.

To realise this adaptive loop in practice, this approach relies on Large Language Models
(LLMs)—models that have recently gained significant attention for their ability to generate
coherent, context-aware text. Stand-alone LLMs, however, face challenges in domains that
demand up-to-date or highly specialised knowledge because they rely on static, pre-trained
embeddings. Retrieval-Augmented Generation (RAG) overcomes this limitation by coupling
an LLM with a live retrieval module, enabling the model to inject external knowledge at
inference time and to reformulate queries on the ﬂy (1.

By iteratively refining search queries and embeddings in response to contextual cues
and user engagement, the closed-loop RAG system produces recommendations that remain
meaningfully aligned with evolving reader intent. This leads to more personalized, rele-
vant, and engaging product suggestions, ultimately enhancing user experience and conversion
rates.




1. INTRODUCTION

This research will be conducted in collaboration with Theca Systems AB and Lund Uni-
versity, leveraging a design science approach to ensure a systematic cycle of design, imple-
mentation, and evaluation of the iterative RAG models [2,3] in an e-commerce setting.

E-commerce Context

Modern e-commerce platforms do not only rely on search queries and product fileers — they
increasing]y use inspimtional content to engage Users and drive product discovery. This content
includes e.g., blog posts, guides, and editorial picks. Such articles are typically authored by
editorial teams and embedded throughout the website to promote specific themes or prod-
ucts.

Complementing this content, sites often displays a set of curated product recommenda-
tions a]ongside or embedded within the inspirationa] content. These product lists are usua]]y
assembled by human curators who manually selects items that fit the theme, target audience,
or intent of the content.

These platforms maintain a large product database, each entry describing a unique prod-
uct and its aceributes. Recommendation systems aim to rank or retrieve relevant products
from this database given some form of input (e.g., search query, content page, or user profile).

In traditional systems, this process is either:

« Manual (human-curated, as described above)
+ Static (relying on keyword search or fixed rules)

+ Or non-contextual (showing the same product regardless of the specific article con-
tent)

This thesis focuses on automating and improving this recommendation process using
Retrieval-Augmented Generation (RAG), where a large language model (LLM) refines prod-
uct queries based on inspirational content. Our goal is to create a system that can understand
the context and intent of long-form articles and retrieve relevant products from a large cat-
alogue - iteratively improving results until alignment is achieved.




Chapter 2
Background

In this chapter, we introduce key concepts, terminology, and foundational technologies that
are essential for the work presented in this thesis. These include embeddings, Large Language
Models (LLMs), Retrieval-Augmented Generation (RAG), and Prompt Engineering. The aim
is to establish a foundational understanding that supports the design and evaluation of our
proposed system.

2.1 Embeddings

Embeddings are a fundamental component in modern natural language processing systems,
enabling words, phrases, or entire documents to be represented as numerical vectors. These
vectors capture semantic relationships in a high-dimensional space, allowing for efficient
similarity comparisons between textual inputs.

The core idea behind embeddings is rooted in distributional semantics — that is, words
that appear in similar contexts tend to have similar meanings. Early methods like Word2Vec
and GloVe [4] introduced vector representations for individual words based on co-occurrence
statistics, enabling simple word-level similarity tasks. However, these static embeddings as-
sign the same vector to a word regardless of context, which limits their expressiveness.

This limitation was addressed by contextual embedding models, such as BERT [5], which
generate representations dynamically based on surrounding text. These models enable far
more nuanced representations, particularly for longer units of text, such as sentences or para-
graphs.

Building on this idea, Sentence-BERT (SBERT) [6] maintains the same transformer archi-
tecture as BERT, but fine-tunes it as a bi-encoder on a large collection of retrieval-style sen-
tence pairs (for example: query vs clicked product). During training, contrastive loss pulls
the embeddings of cach positive pair together while pushing randomly sampled negatives
apart. Thus, with this fine-tuning step, each sentence can be encoded independently, and the
resulting sentence embedding can be compared using simple cosine similarity, making SBERT

9



2. BACKGROUND

particularly suitable for large-scale retrieval applications.

In the context of Retrieval-Augmented Generation (RAG), embeddings are crucial for
both encoding the query and indexing the candidate products or documents. By transforming
both into the same embedding space, a retrieval module can retrieve items based on semantic
similarity (typically using cosine similarity), rather than simple keyword overlap. The module
containing all of these embeddings is called a vector-database or vector-store.

In the recommendation system introduced in Section embeddings were generated
using a Swedish BERT-based sentence transformcrﬂ enabling nuanced comparisons across
long-form blog content and product descriptions. Later in the project, we also experimented
with hierarchical embeddings, combining product-level vectors with category-level summaries
to introduce structural context into the search process (see Section .

2.2 Large Language Models (LLMs)

A Large Language Model (LLM) is a type of program that excels at generating human-like text
by using vast amounts of written data to train itself. To do this, it utilizes the concept of a
decoder-only transformer. The basis for this technique is the transformer.

Transformers

The transformer architecture is a concept introduced by Vaswani et al. [7] in 2017. Transform-
ers utilize embeddings (detailed in Section to handle sequential data through a concept
called self-attention. Utilizing self-attention means that each token in a sequence is processed
by assessing the impact of all other tokens upon it. This makes transformers suitable for han-
dling text since the semantic meaning of a word depends heavily on contextual clues from
surrounding text. The original transformer uses an encoder-decoder structure: the encoder
processes and contextualizes the input, and the decoder generates the output based on both
the encoder’s output and previously generated tokens.

Encoder-only Models: BERT Family

One of the first transformer models that gained widespread recognition for its groundbreak-
ing language understanding capabilities was the Bidirectional Encoder Representations from
Transformers (BERT) model [5]. BERT is an encoder-only transformer, meaning it is designed
to deeply understand input text by generating contextual embeddings.

Decoder-only Models: GPT Family

Around the same time that encoder-only models like BERT gained popularity, Generative
Pretrained Transformer-1 (GPT-1) emerged as the first major decoder-only transformer [8]. A
decoder-only transformer bypasses the need for a separate encoder by using its own masked
self-attention mechanism to both process input and generate output. In encoder models like
BERT, embeddings are generated by considering both earlier and later words in the sequence

"https://huggingface.co/KBLab/sentence-bert-swedish-cased
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2.3 RETRIEVAL AUGMENTED GENERATION (RAG)

(i.c., bidirectional context). In contrast, decoder-only models only attend to earlier tokens,
intentionally masking the context that the later words provide. This constraint during train-
ing allows them to learn to generate coherent text by predicting the next token based solely
on preceding context.

Capabilities and Limitations

The decoder-only transformer serves as the basis for most modern LLMs, such as ChatGPT
and Gemini. Scaling this architecture has led to remarkable language generation capabilities;
however, there are some limitations. First, the internal knowledge base of an LLM is static —
meaning it can only reflect information present during its pre-training. This means the model
may provide outdated or incorrect information when asked about events after its knowledge
cut-off or when the information was never included in training [9]. On a small scale, this
can be addressed by manually appending relevant information to each query. However, this
approach does not scale well. That is where Retrieval-Augmented Generation can be of use.

LLM Temperature

One important factor when optimizing the output of a Large Language Model (LLM) is the
temperature setting [10]. Temperature controls the level of randomness in the model’s re-
sponses. When generating text, the LLM assigns probabilities to a range of possible next
words based on the given context. The temperature determines how strictly the model fol-
lows those probabilities.

Alow temperature makes the model more confident and deterministic, favoring the most
likely next word. A high temperature introduces more variation by increasing the chance of
selecting less probable words, often resulting in more diverse or creative outputs. The choice
of temperature can significantly influence the tone, style, and consistency of the response,
making it a crucial parameter when tailoring the model’s behaviour to a specific task [10].

2.3 Retrieval Augmented Generation (RAG)

Retrieval Augmented Generation (RAG) is a hybrid framework that integrates information re-
trieval with LLMs to enhance their ability to generate contextually relevant and up-to-date
responses. Traditional LLMs rely solely on pre-trained embeddings, which — while effective
for general linguistic tasks — suffer from inherent limitations such as knowledge staleness,
hallucinations, and difficulty in handling domain-specific queries [I]. By incorporating an
external retrieval component, RAG mitigates these issues by dynamica”y fetching and incor-
porating relevant knowledge while generating responses, ensuring that the output remains
factually accurate and up-to-date [11].
At its core, RAG systems consist of two key modules:

L. Retriever: Identifies relevant documents or "knowledge snippets” from an external

knowledge base.

2. Generator: After retrieving the most relevant information, the LLM conditions its
output on both the input query and the retrieved context before producing a response.

11



2. BACKGROUND

The standard RAG approach uses a single retrieval-generation cycle [1, but our pro-
posed system extends this capability by introducing iterative refinement. In this process,
we continuously adjust retrieval based on previous outputs, refining search queries and their
embeddings in multiple cycles until some iteration stopping criteria are met. Our approach
builds on the idea that retrieval should not be static, but rather an evolving process where
cach step informs the next. Similarly to the iterative retrieval strategies explored by Lee et

al.  [12], our system continuously refines search queries based on prior retrievals, allowing

b

product recommendations to become increasing]y precise and contextually aligned with the
inspirational content.

2.4 Prompt Engineering

The term prompt engineering refers to the practice of‘prompting an LLM in the Optima] way
to get the sought after response. The quality and relevance of an answer given by an LLM
largely depends on how the user formulates the question (or prompt) to the LLM, this has
given rise to the field of prompr engineering.

Manual Prompt Engineering

In its simplest form, prompt engineering involves a human manually refining prompts to
improve model outputs. In this area, there are several promising techniques that have been
shown to improve responses [10]:

+ Zero-shot prompting: The simplest form of prompting, where a query is posed without
providing any examples or prior context.

+ One-shot prompting: Involves providing a single example in the prompt to guide the
model’s response.

+ Few-shot prompting: Extends the one-shot approach by including multiple examples
to better illustrate the desired output format or behaviour,

+ System prompting;: Specifies high-level instructions, such as expected output structure
or behavioural traits (e.g. tone, style, personality), before presenting the actual query.

+ Role prompting: Assigns the model a role to simulate (e.g. expert chemist, software
engineer), allowing it to adopt a perspective that guides its response.

+ Chain-of-thought prompting: Encourages the model to reason step by step before pro-
ducing a final answer.

These techniques can be applied individually or in combination to significantly enhance
prompt effectiveness [10].

12



2.5 HYPERPARAMETERS

Automatic Prompt Engineering

Beyond manual prompt design, there have emerged promising ways to automate this pro-
cess by uti]izing the LLMs themselves [13]. Given their high—]evel language comprehension,
LLMs can be used to generate prompts for themselves through self-prompting techniques.
To optimize this process, different strategies can be employed:

+ Positive examples: The model is given several input-output pairs and tasked with iden-
tifying the underlying prompt that would generate those outpues [13).

+ Negative examples: The model is provided with suboptimal prompts and their cor-
responding outputs, then asked to suggest a better prompt to improve the responses
[14].

« Iterative improvement: The model is used to refine its own prompts through an iter-
ative process of self-improvement [15]. This involves analysing prompt failures, gen-
erating feedback, and proposing refined prompts in multiple steps.

These techniques have been shown to achieve similar or superior results compared to
human-crafted prompt engineering [13-15].

2.5 Hyperparameters

The term hyperparameters refers to configurable values in a program that significantly affect its
performance. Identifying the optimal hyperparameters is a challenging problem in machine
learning and software engineering as a whole [16].

One of the most Wide]y used methods for hyperparameter optimization is called grid
search. The first stage of a grid search involves selecting a set of promising values for each
individual hyperparameter; this forms the grid that will be searched. The next stage con-
sists of testing the different combinations of hyperparameter values. This can be done either
exhaustively — testing every possible combination — or in stages, keeping some parameters
constant while adjusting others. An exhaustive search is guaranteed to find the optimal com-
bination within the defined grid, but it can be very computationally expensive. In contrast,
a staged grid search is not guaranteed to find the best combination. However, it requires less
compute, and with a good strategy for which parameters to adjust when, a satisfactory result
can often be found.

13
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Chapter 3
Methodology

This section outlines the approach used for the design, implementation, and evaluation phases
of the thesis. We adopt a Design Science Research (DSR) approach [2} 3] to iteratively develop
and refine an artifact — namely a closed-loop RAG system for e-commerce product recom-
mendations, guided by the techno]ogical rule: To achieve improved product recommendations
accuracy and relevance in inspirational content, apply a closed-loop RAG approach that iteratively
refined retrieval — and evaluate how well it addresses identified challenges in accuracy, scala-

bility, and reliability.

Technological Rule
"To achieve improved product
77777777777777777777777 recommendation accuracy and relevance in
Problem Domain inspirational content, apply a closed-loop Solution Domain
RAG approach that iteratively refines
retrieval.”

Solution

Evaluation &
Validation

Problem Conceptualization Artifact Instantiation

Figure 3.1: The Design Science Research (DSR) process applied in
this thesis, adapted from Runeson et al [2, 3]. The model is centered
around our key technological rule, and the problem and solution
domains are explicitly separated, with corresponding constructs and
activities grounded in the e-commerce context.

This research follows the DSR cycle as depicted in figure In our application of the

15



3. METHODOLOGY

DSR paradigm, the problem domain concerns static, non-adaptive recommendation systems
commonly found in e-commerce platforms, where product suggestions are manual or lack
contextual awareness. This is conceptualized through domain-specific problem constructs
(see Section [4.1).

Our solution domain involves a closed-loop Retrieval-Augmented Generation (RAG)
system tailored to inspirational content in the e-commerce domain. Key design constructs
include an LLM-based query rewriter, a vector-based retrieval module, and a stopping crite-
rion for iterative refinement (see Section[5.1).

3.1 Design Science Research Paradigm

The Design Science Research (DSR) paradigm focuses on the construction and evaluation
of artifacts intended to solve identified problems (3 [17]. In this thesis, we apply the DSR
paradigm to iteratively develop and refine a closed-loop RAG system tailored for e-commerce
product recommendations.

As illustrated in Figurc adapted from Runeson et al. [3], DSR proceeds through iter-
ative cycles of:

1. Problem Conceptualization: We analyze real-world problem instances in e-commerce
— speciﬁca”y the limitations of static, non—adaptive recommendation systems. Through
literature review and empirical observations, we abstract these into problem constructs,
such as the need for dynamic retrieval and iterative refinement.

2. Solution Design: Based on the problem constructs, we propose and develop a design
construct — a closed-loop RAG system — guided by a technological rule: “Iteratively
refine retrieval queries to improve recommendation relevance.” The artifact integrates
prompt engineering, iterative query generation, stopping criteria, and evaluation mod-

ules.

3. Artifact Instantiation: The designed artifact is instantiated in practice by applying
it to real-world datasets (e-commerce products and inspirational content) to create
a solution instance. This instance can be abstracted and its atcributes can be com-
municated as guidelines and principles for future iterative RAG system development
beyond the e-commerce domain.

4. Evaluation & Validation: We conduct empirical validation through both quantitative
relevance scoring and qualitative analysis of system outputs, assessing how well the
system addresses the original problem constructs. Insights from empirical validation
are generalized into a refined technological rule and abstracted to design knowledge.

By grounding our solution in DSR, incorporating both theory-based inquiry (prompt en-
gineering, stopping criteria) and applied experimentation, we align practical implementation
with systematic knowledge creation. This ensures our final artifact is both functionally ro-
bust for the immediate problem domain (i.c., e-commerce recommendations) and broadly
instructive for future RAG-based systems.

16



3.2 PROBLEM CONCEPTUALIZATION

3.2 Problem Conceptualization

The first stage involved Conceptua]izing the cha]lenges associated with content-based prod—
uct recommendation in e-commerce. Traditional single-pass systems often fail to align closely
with evolving or nuanced user contexts. This motivated the need for a retrieval-centred,
closed-loop system capable of iteratively refining outputs.

We conducted a targeted literature review on Retrieval—Augmented Generation, prompt
engineering, and stopping criteria design to identify gaps and opportunities, forming the
foundation for our design constructs. These constructs are instantiated in our system, as
detailed in the next section.

3.3 Solution Design

To manage complexity and ensure systematic refinement, we structure the project into dis-
tince, yet interconnected phases:

+ Initial Prototype (Proof of Concept): A minimal implementation demonstrated fea-
sibility using limited data. This prototype laid the groundwork for testing basic RAG
functionality (retrieval & generation), allowing us to explore key libraries and LLM
APIs early on.

+ Data Collection & Preprocessing: The gathering of product catalogues and associ-
ated inspirational content from multiple e-commerce platforms. This data was pre-
processed to standardize and structure it.

+ Closed-Loop Implementation: Involves integrating the iterative feedback loop, which
includes writing custom query-building algorichms, refined prompts, and implement-
ing iterative logic for each step (retrieve — generate — refine).

. Optimization & Enhancements: Exp]ores additional techniques and optimizations to
enhance system efficiency and accuracy.

+ Validation & Refinement: Employs both qualitative and quantitative methods to evalu-
ate recommendation relevance, the feedback from which directly informs subsequent
adjustments to prompts, retrieval parameters, stopping criteria, etc.

Reflecting DSR principles, each of these phases produces data and insights that feed inco
the next cycle of iteration [2, 3]. E.g., the system is first implemented, then evaluated, and
results are used to refine either the retrieval logic, LLM prompting strategy, or the stopping
criteria. Throughout the project we document how design decisions affect recommendation
quality and generalizability, hoping to gradually extract broader guidelines for iterative RAG
systems.

Through following this structured approach, we seck not only to deliver an effective rec-
ommendation system, but also to articulate design constructs (see Section that can be
transferred to other contexts where iterative retrieval and generation strategies are benefi-
cial. Through multiple cycles of empirical validation, we plan to refine prompts, improve
retrieval quality, and establish robust stopping conditions. The outcome of this work is a

17



3. METHODOLOGY

closed-loop RAG artifact that addresses real-world e-commerce needs while contributing a
genera]izable temp]ate for iterative LLM-based recommendations.

3.4 Evaluation & Validation

In the Design Science Research (DSR) paradigm, the purpose of validation is to determine
whether the developed artifact addresses the problem constructs defined in Section In
our case, this means evaluating whether the closed-loop RAG system generates more contex-
tua]]y aligned, relevant, and accurate product recommendations as compared to non-iterative
alternatives.

Evaluation throughout this project was not limited to a final validation phase, but was
rather conducted throughout the design process. As design constructs (see Section were
instantiated, we used empirical insights to refine e.g., prompting strategies, retrieval logic,
and stopping conditions. This continuous feedback loop supports the DSR cycle of design
— evaluation — refinement.

To guide this process, we define clear evaluation criteria and introduce benchmarks against
which the performance of the system is measured. These are detailed in the next section.

3.4.1 Evaluation Criteria and Benchmarks

To evaluate whether our design constructs (see Section [5.1) effectively addresses the problem
domain, we define what characterizes a “good” solution in this context. A successful closed-

1oop RAG system should:

+ Generate product recommendations that are contextually relevant to inspirational
content.

« Adaptively refine its recommendations through iteration, improving performance over
time.

+ Outperform static baselines (e.g., single-pass retrieval or keyword search) across mul-
tiple evaluation metrics.

« Exhibit robustness across product domains (e.g., outdoor gear vs. home renovation).

These criteria reflect the dual nature of our evaluation: (1) assessing the absolute quality
of the recommendations, and (2) assessing whether the closed-loop design improves perfor-
mance over baseline strategies.

To operationalize these criteria, we define and use several benchmarks throughout the
thesis. These include:

+ Human-curated product lists, embedded within the inspirational content on e-commerce
sites —- used as a form of reference ground truth for offline evaluation.

+ A non-iterative prototype baseline, which uses static embedding-based search with no
refinement or feedback.

18



3.4 EVALUATION & VALIDATION

« User preference signals collected through an interleaving test —- used to evaluate real-
world recommendation effectiveness.

Together, these benchmarks allow us to triangulate system performance using both ref-
erence labels and end-user feedback, in line with DSR’s emphasis on multi-perspective vali-

dation[18].
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Chapter 4

Problem Conceptualization

Modern e-commerce platforms increasingly rely on inspirational content — blog posts, style
guides, and long-form editorials — to position products in a narrative that resonates with
shoppers. While this approach boosts user engagement, the product recommendations pro-
cess that accompany such content is predominantly manual, which introduces e.g., subjec-
tivity, inconsistent recommendations, and lack of scalability. Consequently, users are regu-
larly presented with generic or misaligned suggestions, leading to lower click-through rates
and lost revenue opportunities since user intent within the world of e-commerce is highly
context-dependent and rapidly shifting.

We conducted a targeted literature review of Retrieval-Augmented Generation (RAG),
prompt engineering, and stopping criteria to identify current limitations and motivate our
system design. This review highlighted that RAG mitigates factual drift by injecting external
knowledge into LLM prompts [11]. However, most RAG pipelines terminate after a single
retrieval-generation pass [12], forfeiting the opportunity to refine results. To address these
limitations, we propose a shift in architecture. Speciﬁca]ly, we outline a closed—]oop system,
where outputs from each retrieval-generation cycle inform the next iteration. This allows the
system to iteratively adjust and align retrieval with contextual intent.

Furthermore, empirical gaps remain in how to systematically guide such iterative refine-
ment. Literature on prompt engineering highlights the significant impact of prompt struc-
ture on LLM behaviour, yet best practices for multi-iteration scenarios are underexplored.
Similarly, while scopping criteria have been discussed in algorithmic contexts (e.g., conver-
gence metrics in optimization), their role in iterative generation-and-retrieval loops within
RAG systems lacks formalization.

The findings from this review informed the design construct in Section[5.1}and the eval-
uation criteria defined in Section
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4. PROBLEM CONCEPTUALIZATION

4.1 Problem Constructs for Closed-Loop RAG
in E-commerce Recommendations

Based on our empirical observations of existing recommendation pipelines (see Section
2), and the targeted literature review (see Section ) we identified the problem constructs
defined below. These define recurring barriers to content-based product recommendations
and motive our design work within the Design Science Research Framework.

+ PC1 - Manual, non-repeatable curation: Current practice depends on human editors,
leading to inconsistency and limited scalability.

+ PC2 - Static, non-adaptive Retrieval: Traditional RAG approaches perform a single
round of retrieval based on the initial query. This fails to incorporate feedback from
previously retrieved results, even when they are partially relevant or clearly misaligned.

+ PC3 - Context misalignment: Existing systems frequently miss the nuanced context
embedded in long-form content. For example, a blog post about "eco-friendly home
renovation” may lead to generic home improvement suggestions instead of focusing on
sustainable or locally sourced materials, unless the system is able to iteratively align
with the full scope of the content.

+ PC4 - Prompt Sensitivity and Instability: The performance of the retrieval process
is highly sensitive to how the prompt is phrased [19], particularly in single-pass sys-
tems. Minor changes to phrasing or focus often produce widely divergent results, even
when the core intent remains the same. This creates instability and undermines repro-
ducibility—especially when moving from one content domain to another.

In response, we conceptualize a closed-loop Retrieval-Augmented Generation (RAG)
system that iterative]y refines its recommendations based on both the original content and
the results of previous iterations. This approach transforms the retrieval process from a one-
time action into an evolving feedback loop, where each cycle informs the next. The problem
construct guiding this thesis can be summarized as:

“How can we design a retrieval-centered, closed-loop recommendation system that dynamically
adapts to evolving context and improves product relevance in long-form, inspirational e-commerce
content?”

To answer this overarching question, we address three interrelated design cha]]enges:

1. Prompt Engineering: How to systematica]ly generate and refine queries that a]ign with
nuanced content and retrieved product attributes.

2. Iterative Refinement Mechanism: How to structure the system so that feedback from
previous iterations improves both search and generation quality.

3. Stopping Criteria: How to determine, with measurable confidence, when the iterative
process has reached a satisfactory level of recommendation alignment.

These challenges define the design requirements for the artifact and guide the subsequent
phases of system development, evaluation, and refinement. By framing the problem through
DSR constructs, we ensure alignment with both the practical needs of e-commerce platforms

and the methodological rigor of the Design Science Research Paradigm (2} 3].
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Chapter 5

Solution Design

Following the DSR cycle outlined in Scction this section specifies the design construct —
a closed-loop RAG artifact — instantiates it, and justifies design decisions guided by the key
technologica] rule "to achieve improved product recommendation accuracy and relevance in
inspirational content, apply a closed-loop RAG approach that iteratively refines retrieval.”

5.1 Design Constructs

Guided by the technological rule stated above, we translate the problem constructs in Sec-
tion 4.1 into mutually reinforcing design constructs. Each construct represents a purposeful
choice about what the artefact must contain so that later subsections can focus on how those
choices are instantiated and empirically refined.

+ DC1 - Closed-Loop RAG Architecture.
The core artefact involves an iterative pipeline where outputs from each retrieval-
generation cycle inform subsequent iterations, progressively aligning results with con-
textual nuances.

« DC2 - Product Relevance Score
The retrieved products are given a score based on how relevant they are to the text
from which they were recommended.

« DC3 - Query Rewriter.
A component that stores rationales and retrieval statistics from previous iterations and
uses them to generate refined queries.

+ DC4 - Stopping Criteria.

[teration halts when further refinement no longer yields material gains.
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5. SOLUTION DESIGN

+ DC5 - Data Foundation & Embedding Store.
A preprocessed, embedded product database enables semantic similarity search across
descriptive fields and keywords.

« DC6 - Evaluation Instrumentation.
Tools that collect metrics for each iteration, used to feed evidence into subsequent

design loops and lay the groundwork for Section
Each construct will be revisited after its initial implementation based on empirical evi-
dence that will either confirm the current design choice or trigger refinement in the subse-

quent design loop, closing the DSR cycle with every design loop

5.2 Initial Prototype: Validating the Prob-
lem Space

To assess the feasibility of applying Retrieval-Augmented Generation (RAG) to content-
based product recommendation, we developed a minimal viable prototype implementing a
single-pass RAG system. This initial instantiation did not include any iterative refinement
logic and used basic prompts without tuning. The purpose of this prototype was not to
optimize recommendation quality, but rather to validate the core assumptions underlying
our problem constructs.

| i I"pt.l"t S‘cgrcct: t 2. Initial Query Generation: 3. Product Retrieval: 4. Evaluate Retrieval Output: Final output:
s n;zgap'cc:(: 932:: otc) via Prompt Engineering from Vector Database (Stopping Criteria Check) Product List

Figure 5.1: Basic overview of the initial prototype pipeline

As illustrated in Figure this prototype took inspirational content — such as blog posts
—and used an LLM to generate a single retrieval query, which was then executed over a hasti]y
assembled embedded product database. Retrieved products were returned directly without
feedback or re-querying. While primitive by design, this implementation highlighted several
key insights:

+ Static retrieval frequently misaligned with the nuanced intent expressed in the inspi-
rational content.

+ Prompt quality had significant impact on retrieval outcomes, even in single-pass setup.

« Partial relevance in many outputs suggested that incorporating feedback across itera-
tions could help significantly improve retrieval outcomes.

These observations provided early empirical support for the problem constructs identi-
fied in Section This validated the need for a Ciosed—ioop architecture that could iterative]y
refine queries and recommendations.

Thus, while limited in scope, the initial prototype served as a proof of concept that con-
firmed the viability of our proposed direction and justified investment in more advanced,
feedback-driven iterations. The insights gathered here directly informed the design con-
structs introduced in Section [5.1]and guided the subsequent phases of system development
under the DSR paradigm.
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5.3 DATA COLLECTION & PREPROCESSING

5.3 Data Collection & Preprocessing

Before instantiating the initial closed-loop RAG system, we collected data from a diverse
set of major Swedish e-commerce platforms that differ significantly in both product range
and target audience. Our goal was to construct a representative testbed for exploring recom-
mendation relevance across varied domains, and to ensure sufficient contextual richness for
iterative refinement.

We targeted two primary data sources:

« Product ]istings: Structured product information such as names, descriptions and cat-
egories.

. Inspirationa] content: B]og posts, editorials, or guides authored by the p]atform them-
selves, each associated with hand-picked product suggestions by a site administrator.

This pairing of narrative content and curated recommendations enabled system testing
and evaluation: inspirational content served as input to our RAG system, while the associated
hand-picked products offered a benchmark for assessing output quality.

5.3.1 Data Acquisition

To collect data on products and their associated inspirational content, we developed custom
web-crawlers EI for each platform to automartically extract structured daca. The web-crawling
process involved iteratively traversing each site’s URLs, parsing relevant HTML sections, and
storing the output in a unified format across domains. Table [5.1] summarizes the volume of
content that was retrieved from each site.

Platform Product Count  Blog Posts
Naturkompaniet 7,568 188

Rusta 2,896 82
Apoteket 33,090 210
Bygghemma 114,410 1,063

Table 5.1: Lists different e-commerce platforms and the their total
product- and blog (inspirational content) count. The product count
does not include variations of the same product (e.g., size or colour).

5.3.2 Data Preprocessing

Given significant structural differences across platforms, a standardization and enrichment
process was required to make the collected data suitable for semantic recrieval and prompt

A web-crawler essentially simulates the action of a real user on the web, loading and parsing HTML content
so that relevant information can be extracted.
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5. SOLUTION DESIGN

generation. This preprocessing phase was essential to operationalizing DC5 (Data Founda-

tion & Embedding Store) and ensuring downstream tasks — like vector search and query

formulation — could operate over a uniform, high-quality corpus.

Key preprocessing steps included:

Category Extraction: We identified relevant categories either from the product URLs
(e.g., using regex patterns on URLs ’heeps://www.site.com/category-1/category-2/...") or
from specific metadata embedded within the HTML that we extracted with our crawlers.
This step ensured products could be grouped by their main- or sub-category, which im-
proved our ability to generate accurate search and recommendation queries later on.

Deduplication: Only a single version of each product was preserved — removing varia-
tions of the same product (e.g., size or colour). Thereby simplifying subsequent index-
ing and retrieval tasks.

Keyword extraction: For each product, an LLM extracted 5-10 key terms (brand, use
case, features). These served as an auxiliary embedding input, allowing us to later
compare retrieval based on full descriptions versus attribute-based representations.

Length Normalization: For products whose description were too short, we used an
LLM to expand the text, thereby adding useful contexcual details that could help im-
prove retrieval. Conversely, if the product description exceeded the limit for the vec-
tor store we used (512 tokensE[), a LLM was tasked with summarizing it to preserve
key information while reducing its length. Exceeding the limit would loose potentially
important information since the model would only use the first 512 tokens in the text.

Enriching Descriptions: As the project evolved, we observed that many product de-
scriptions — regardless of length — lacked product-specific focus. They often included
comparisons, marketing language, or general category context that diluted the seman-
tic representation of the actual product. In response, we introduced a second-stage
preprocessing step in which all descriptions were rewritten using a prompt—guided
LLM. This prompt instructed the model to:

Focus solely on the product in question.

Discard comparative or contextual references to other items.

Empbhasize key attributes (e.g., use case, materials, brand, distinctive features).

Limit the output to a target token range that would not exceed our embedding
model’s limit (512 tokens).

This universal rewriting approach helped ensure that resulting embeddings captured
descriptive, product-level semantics, thereby improving retrieval precision. This shift
— from length-based normalization to universal semantic enrichment — represents a
refinement in our data design, informed by empirical observations and aligned with
the DSR principle of iterative artifact improvement.

2As a basic guideline 1 word = 1.33 tokens.
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5.4 CLOSED-LOOP IMPLEMENTATION

After this standardization and enrichment process, each product record was embedded
using a Swedish sentence-transformer model [2() based on BERT [5]. We stored the vector
representations for both the main product descriptions and the extracted keywords sepa-
rately, maintaining consistent product indices in a unified database. This setup supports
more granular retrieval since the search engine can query the product description vectors
and keyword vectors independently, or in combination, to produce refined matches.

However, as retrieval scenarios became more complex, we observed that semantic over-
lap across products in separate, yet similar, categories could dilute result diversity or lead to
unintended generalization. To address this, we later extended the embedding scheme by in-
troducing another representation: hierarchical category embeddings. In this approach every
category was embedded separately (e.g., Clothes, Jackets), and each product was tagged with a
hierarchical category path (e.g., Home — Clothes — Jackets). The final embedding was then
a weighted mean between the category embedding(s) and the standard product embedding.

This hierarchical embedding structure allows the retrieval module to consider not only
fine-grained product semantics but also higher-level category alignment—supporting more
context-aware and diverse recommendation outputs. It reflects a key DSR iteration: early
design decisions (flat embeddings) were empirically revised to better align with complex
recommendation requirements.

5.4 Closed-Loop Implementation

The core idea behind our c]osed—]oop RAG system is to iterate between retrieval and genera-
tion until a sufficiently relevant set of product recommendations emerges. This is in contrast
to the traditional single-pass RAG approach, where the input text is used to perform a single
retrieval of a static set of documents which the LLM uses to generate its answer. By repeat-
edly refining the search query in several passes, our system aims to yield more accurate results
that Closely a]ign with the user intent.

This design directly instantiates DC1-DC4 and was guided by early observations that
single-pass systems fail to capture nuanced user intent or adjusts based on partially relevant
retrievals.

5.4.1 System Architecture

As a high-level overview, our implementation follows the pipeline illustrated in figure
L. Input: The inspirational user-facing content is fed into the system.

2. Initial Query Generation: The LLM is prompted to generate an initial product search
query based on the text.

3. Product Retrieval: A retrieval module performs a vector-based search over a product
database.

4. Relevance Scoring: The system evaluates the retrieved products based on their con-
textual relevance.

Shttps://huggingface.co/KBLab/sentence-bert-swedish-cased
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1. Input:
Inspirational Content
(e.g., blog posts, guides, etc.)
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DC1 \ 4
DC5 DC2
3. Product Retrieval: . 4. Relevance Scoring:
| 3 via Retrieval Module ~ via Prompt Engineering
DC3 S J S
7. Query Refinement:
via LLM v
/DC4 R (
I Stop = No 6. Evaluate Retrieval Output:| o 5. Reranker:
(Stopping Criteria Check) | Reranks Retrieved Products
= J .
AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA SIOP.ZYES .
\ 4
Final output:

Product List

Figure 5.2: Basic overview of the closed-loop pipeline, with the cor-
responding Design Constructs

5. Reranker: The relevance scores are used to choose the most relevant subset of the

retrieved products. This is detailed in Section

6. Evaluate Retrieval Output: Evaluates the retrieved products, includes checking the
iteration stopping criteria.

7. Query Refinement: The text, previous search query, and scored products are fed back
into the LLM to generate a refined, improved search query. This is detailed in Section
5.4.2)

The system then repeats steps 3-7 in a loop until the stopping criteria (see Section|5.4.5) are
met. This iterative refinement enables the system to gradually converge on products that best
align both with the tone of the original content and with insights gained from earlier cycles.

5.4.2 Query Refinement
During each iteration, the LLM performs two key steps:

1. Contextual Integration: The text from the previous step — comprising the blog post,
the current list of scored candidate products, and system-generated context (such as a
short rationales for product ratings) — is passed to the model as input.

2. Query Refinement: The LLM outputs a refined search query based on the newly pro-
vided context. This query is later fed into a retrieval engine.
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5.4 CLOSED-LOOP IMPLEMENTATION

By incorporating both the original context and the data from previous iterations, the system
continuously improves on its previous outputs. When the LLM receives its data from the
previous iterations, it can use the information provided by the product ratings to generate
a better search query. If a product has received a low score, then the search query should
be changed so that the retrieval process no longer yields that product in its search. If, on
the other hand, a product has received a high score, the LLM should try to make sure that
the improved search query would still find that same product in the retrieval process of the
next iteration. This iterative refinement will then continue until some stopping criteria (see
Section[5.4.5) are met.

This behaviour embodies the iterative refinement mechanism central to our artifact de-
sign and echoes best practices in interactive information retrieval.

Feedback and Refinement. Each iteration also records short explanations — of-
ten referred to as "rationales” or "justification” — for why each product might be relevant.
These rationales serve two purposes: (a) they are appended to the prompt in the next itera-
tions, helping the LLM learn from prior retrievals; and (b) they give developers and end-users
insights into how the system arrived at its recommendations, improving transparency. This
aligns with design-science guidelines that emphasize iterative development and evaluation
in research arcifacts [2].

5.4.3 Product Retrieval:

The retrieval engine forms the core of the system’s iterative search capability, see Sectionm
for more details. Initially, we implemented a dual-embedding scheme where each product
was represented with two separate embeddings — one based on its description and another
based on extracted keywords. These were stored in a vector database and queried either
independently or in combination using a weighted mean.

However, empirical testing revealed limitations in this structure. In particular, non-
product specific semantics cluttered many product descriptions which in many cases led to
very different products having very similar embeddings — which is why we transitioned to a
hierarchical embedding model instead.

This modular, adaptive retrieval pipeline operationalizes DC1 (Closed-Loop Architec-
ture) and DC5 (Embedding Store), while illustrating a clear instance of artifact evolution —-
where design changes were driven by observed limitations and refined through iteration in
line with DSR methodology.

5.4.4 Reranker

When the retrieval engine has been used to retrieve the best matching products, based on
embedding distance, we need a way to determine which of these products are most relevant
to recommend to a potential customer. To do this we consider each product separately and
give it a relevance score — a process described in detail later in this section. After all products
have been scored we rank them according to their relevance and select the top-performing
ones to use as our final recommendations for that iteration.
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Product Ratings Obraining accurate relevance scores for the different products rec-
ommended by our system is a crucial part of our RAG implementation. However, assessing
the relevance of a certain product in relation to a text is inherently complex. It requires not
only an understanding of the text’s surface content, but also its underlying themes and the
perspective of a potential customer engaging with it.

Simply comparing the text embeddings with the product embeddings often fails to cap-
ture this nuance. High embedding similarity does not necessarily equate true contextual
relevance and can even lead to very poor recommendations. For instance, consider that you
are reading a text discussing how to properly wash waterproof clothing items. Simply com-
paring the embeddings would likely result in all different types of detergent getting a high
relevance score, due to shared terminology. However, this misses the critical nuance that only
certain detergents are suitable for waterproof garments — others may degrade the fabric and
thus be inappropriate to recommend.

To address this challenge, we introduce a design construct for rating product relevance
that supports context-aware evaluation and that can account for the complex themes present
in natural language. To generate accurate scores, we use an LLM, guided through carefully
designed prompt engineering techniques as described in the next Section.

Automatic Prompt Engineering: To receive an accurate relevance score for
a product, we propose that an LLM can be employed as long as a sufficiently satisfactory
prompt is used to guide it. The works of Ye et al. [15] acted as a rough template in our efforts
to find this prompt.

We adopted an iterative method to determine the optimal prompt, beginning with a
manually crafted one designed to clearly communicate the criteria for relevance scoring to the
model. This initial prompt was tested by sending it, along with different texts and products
to another model for it to determine the relevancy of the different products. The resulting
relevance scores were then compared with our own relevance assessments to judge how well
the prompt performed.

The products that had the biggest discrepancy in relevance scoring were then identified
and returned back to the original model along with their corresponding text and the original
prompt. Using this feedback, the model then tried to refine the original prompt by addressing
the shortcomings displayed by the example given.

For each input prompt the model gave three different refined prompts for which the pro-
cess described above was repeated. The three best-performing prompts (including prompts
from previous iterations), determined by the lowest mean squared error compared to our
relevance assessments, were selected to act as the base input prompts for the subsequent it-
eration. This process was repeated until a satisfactory prompt was found.

5.4.5 Stopping Criteria

Since we are using an iterative RAG process, it is crucial to determine the right point at which
to terminate the loop. For each blog post, the process should terminate when we determine
that the product suggestions are sufficiently relevant to the text. To do this we are using the
rating system described in Section When all products that are being recommended get
a relevance score that is above a certain threshold the product recommendation is deemed to
be of sufficient quality and the process terminates.
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5.4.6 Benefits of the Closed-Loop Approach

The chief'advantage of adopting a closed-loop design is its reactivity: the system does not rely
on one-time retrieval, but rather adjusts its queries as it uncovers partia] evidence of what
is or is not relevant in the set of recommended products. This iterative refinement can be
especially useful in an e-commerce setting, where blog posts often contain complex, nuanced
descriptions of user preferences. By treating the LLM-generated query as an evolving entity,
the system becomes better equipped to capture diverse or ambiguous user requirements.

5.5 Optimization & Enhancements

We explored several different optimization approaches.

5.5.1 Fine Tuning

As part of our effort to optimize retrieval and recommendation precision, we experimented
with fine-tuning a language model to enhance the system’s ability to assess product relevance
in relation to long-form inspirational content. The goal was to improve our prompt-based
scoring of product relevance using a task-specific fine-tuned model from OpenAl.

Method: We builta fine-tuning dataset from our collection of blog posts and their as-
sociated product recommendations. For each blog:

+ Positive examples consisted of products that were manually recommended in the blog
post.

+ Negative examples were randomly selected from our product database.

However, we observed that random negative sampling could produce false negatives —
i.e., products that were not listed but were nonetheless relevant. To mitigate this, we im-
plemented a rudimentary category overlap scoring heuristic where products with the same
or closely related categories to positive examp]es were given a higher score. Each training
example thus included the blog post text, a product description, and a label in the incerval
[0, 1] indicating relevance (0 = not relevant, 1 = relevant).

Results: Despite initial promise, the fine-tuned model underperformed compared to our
solely prompt-based scoring system. As a result, we chose not to incorporate the fine-tuned
model into the final artifact. This negative result reinforces the viability of prompt-based
approaches for context-heavy tasks.

5.5.2 Maximal Marginal Relevance

As an attempt to improve the rcranking step in our process we tried to take measures not to
recommend products that were similar to poorly ranked products from previous iterations.
With our base reranking approach, we simply chose some predefined number of products,
based on how close those product embeddings were to our search query embedding. Those
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candidates were then scored for relevance, and the top-ranked products were recommended
in that iteration.

To prevent the model from recommending products that had already been processed and
deemed irrelevant we maintained a record of the worst rated product recommendations from
cach iteration. In subsequent iterations, we used this set of negatively rated products to
influence reranking by applying the Maximal Marginal Relevance (MMR) criterion [21]:

MMR(p;) = A - sim(pi,q) = (1 = ) - max sim(p;, p;) (5.1)
Pj€

Where:

d; | acandidate product

q | the search query embedding

S | the set of previously low-rated products
sim(a, b) | cosine similarity between embeddings a and b

A | a trade-off parameter between relevance and dissimilarity

MMR is designed to balance two competing goals: recommending products that are rele-
vant to the current query (high similarity with g) while avoiding products that are too similar
to known poor candidates (low similaricy with any p; € S). By adjusting the trade-off param-
cter A, we can control the degree to which the system favours avoidance over raw relevance.

Our first retrieval step — selecting the most query-relevant product embeddings — re-
mained unchanged. However, we increased the number of initial candidates and applied
MMR to rerank them, penalizing embeddings similar to previously rejected ones.
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Chapter 6

Evaluation & Validation

As defined in Section and further formalized in Section a successful implementation
of our closed-loop RAG system in this context must generate contextually relevant product
recommendations, demonstrate improvement over iterations, and outperform non-iterative
baselines across mu]tip]e evaluation criteria.

This chapter presents the concrete evaluation strategies used to assess whether our system
meets these criteria. These include both offline and user-based methods, designed to cover
different aspects of performance: semantic similarity to curated references, categorical and
exact-match accuracy, user-perceived relevance, and convergence across iterations.

The strategies used Correspond to the Following evaluation goa]s:

+ Contextual Relevance: Measured using LLM-based relevance scoring and embedding

similarity metrics.

. [mprovement over Iterations: ASSﬁSSﬁd by tracking metric progression over repeated

RAG cycles.

« Comparison to Baselines: Fvaluated through controlled offline benchmarks and user
np g
preference via interleaving tests.

« Robustness across Domains: Measured by comparing results across multiple e-commerce
'y paring p
platforms with distinct content and product characteristics.

Together, these evaluation strategies allow us to validate the system against the criteria

established in Section ensuring both rigor and relevance in our findings.

6.1 Precision, Recall and F1-Score

As a foundational evaluation method we compute the precision, recall and f1-score [22] of the
product recommendations by comparing them to the human-curated ones on the website.
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+ Precision is defined as the percentage of the model recommendations that were also a
part of the website recommendations. This tests to see the correctness of the model
recommendations.

+ Recall measures the percentage of the website recommended products that were also
recommended by our model. This tests whether our model can recover the relevant
products that should be recommended for the text.

+ Fl-score is the harmonic mean of precision and recall. This provides a balanced metric
that take both factors into account. This score gives us an indication of how effectively
the model can replicate the recommendations made by humans.

Drawbacks of Precision, Recall and F1l-score: A key limitation of this
evaluation method is that it assumes the human-curated recommendations are exhaustive,
that they cover all possible relevant products. As a result, a product is only counted as a true
positive for precision if it appears in the curated list, and similarly, only products in thac list
can contribute to recall — even if other relevant products exist but were not included.

6.2 Categorical Precision, Recall and F1-Score

To address the limitations of exact product matching, we introduced category-based evalua-
tion. In this approach, precision, recall, and Fl-score are computed as before, but a product
is considered a true positive it it belongs to the same category as a product in the opposing
recommendation set, rather than requiring an exact match.

This helped to mitigate the problem with using exact product matching, but it did not
resolve it entirely. Products that can be considered relevant for a text do not necessarily share
a category with other relevant products. This can either be because some categories are very
niche and only contain a few number of highly specialized products, or it can be because the
text is very broad and can reasonably be used to promote very different kinds of products.

6.3 Embedding-Based Evaluation

To further address the limitations of exact and category—based matching, we introduce a
custom embedding-based evaluation approach inspired by traditional precision and recall.
Instead of requiring discrete matches, this method compares the semantic similarity between
product embeddings from our model’s recommendations and those from the human-curated
lists.

While the genera] structure resembles precision and recall, there are key differences. Tra-
ditional precision and recall assign a binary score to each product: it either matches (score of
1) or it does not (score of 0). In contrast, our custom embedding-based method produces a
continuous similarity score based on vector closeness. We define two complementary metrics:
precision distance and recall distance.

Precision Distance is calculated by comparing each product recommended by our model
to all products in the human-curated list. For each model-recommended product, we com-
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pute the similarity to the closest human-curated product and take the average over all model
outputs:

1
Precision distance = N max sim(7,,, ) (6.1)
T

Tm

where r,, are products recommended by the model, 7,, are products from the curated list,
and sim(-, -) is a similarity function in embedding space. This metric reflects the semantic
closeness of the model’s output to human recommendations, analogous to standard precision.

Recall Distance inverts this relationship. Here, each product from the curated list is
compared to the closest match in the model’s recommendations:

1
Recall distance = N max sim(7,,, 7') (6.2)

This mirrors recall by measuring how well the model captures the semantics of the human-
curated set. Together, these metrics provide a more flexible and gradient-based alternative
to exact matching, making relevant evaluation possible even when do direct matches exist.

This method is the best metric we have for comparing our model recommendations with
the human-curated ones. However, there are still issues with it.

Drawbacks of Embedding-Based Evaluation: The main limitation of our
embedding—based approach mirrors the broader Challenge ofobjective]y scoring product rel-
evance based solely on the text. Two product embeddings can be very close to each other,
even if one product is highly relevant to a text and the other one is not.

Consider, once again, the example of a text containing information about washing wa-
terproof clothing items. In the human-curated list there would most likely be a recommen-
dation for a detergent specifically formulated for waterproof materials. The embeddings for
that product would likely be very similar to the embeddings for a detergent that did not share
that specific functionality. As a result, our evaluation metric would give that product a high
score.

This misalignment undermines the objective of relevance scoring. In this case, recom-
mending a non-specialized detergent is not only irrelevant but potentially harmful to the
garments and, by extension, detrimental to the credibility of the recommending system.

6.4 Relevance Scoring Metric

One other evaluation metric we used — that was independent of the human-curated recom-
mendations — was the relevance score generated by the LLM during the RAG iteration loop.
By using the technique of simply prompting the LLM in the optimal way we have been able
to establish that a highly accurate relevance score can be computed. We can use this relevance
score to accurately determine whether a final product recommendation is relevant or not.

Drawback of the Relevance Scoring Metric: The main issue with this
approach is that it introduces an inherent evaluation bias. Since the same relevance score is
used both to guide the RAG loop and to assess its performance, there is a risk of circular
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reasoning. The RAG process is designed to terminate once the relevance scores surpass a
predefined threshold, meaning that later iterations are, by design, optimized to yield higher
scores. As a result, even if the scoring mechanism is flawed or misaligned with true user
relevance, the evaluation metric will likely still report favorable outcomes. This makes it
difficult to detect or diagnose weaknesses in the relevance scoring itself.

6.5 Overall Evaluation Strategy

We assess the effectiveness of our product recommendation method based on two core cri-
teria: Overall Relevance Score and Improvement Over Iterations. These dimensions enable us to
evaluate both the absolute quality of the final recommendations and the value of the iterative

RAG process itself.

Overall Relevance Score: To determine whether the final set of recommended
products is relevant to the source text, we aggregate insights from the multiple different
evaluation metrics discussed in previous sections. Since some of these metrics are comple-
mentary, we consider strong performance across all of them to be a reliable sign of high

relevance.

Improvement Over lterations: A core feature of our system is its iterative RAG
loop, which is designed to progressively refine the recommended products. For this design to
be justified, we expect the relevance score to improve across iterations. The recommendations
from later iterations — particularly the terminating one — should perform better than those
from carlier stages.

To evaluate this, we track the selected evaluation metrics at each iteration and zmalyse
their progression over time. If our system is effective, that would result in a general upward
trend in these scores, which would indicate that the model is learning from previous iterations
and is converging towards proper, contextually relevant recommendations.

However, if the relevance of the products remains flat or declines across iterations, that
would suggest that the iterative process is unnecessary. As such, this dimension of evaluation
is not only a measure of performance but also a validation of our system architecture.

By combining both the final recommendation quality and the trajectory of improvement,
our evaluation strategy supports a nuanced understanding of the system’s strengths, weak-
nesses, and potential areas for refinement.

6.6 User-Based Evaluation via Interleaving
Test

To complement our offline evaluation strategies and mitigate the limitations associated with
relying solely on human-curated recommendation lists or automated scoring metrics, we im-
plemented a user-based evaluation method in the form of an interleaving test [23]. This approach
introduces real users into the evaluation loop and enables us to directly compare two or more
recommendation strategies based on user preferences.
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Interleaving Methodology: We adopted a variation of team draft interleaving, a
commonly used method in information retrieval to compare two ranked lists of recommen-
dations [24]. In our case, users were presented with the original heml-webpage of the inspi-
rational content but with the products in the recommendations replaced with a product list
with products from two recommendation strategies interleaved (baseline, closed-loop RAG,

website curations).

Data Collection Platform: To enable user participation, we developed a simple
lightweight Flask-based web applicatiorﬂ The system:

+ Randomly selects inspirational content and their corresponding product sets

« Interleaves products from two different strategies

« Collects user relevance ratings (0 or 1) and metadata

« Associates all ratings with a user identifier

This setup allows us to collect human-centred feedback over time. It also ensures dis-

tributed and randomized exposure of different recommendation strategies, reducing system-
atic biases and providing empirical evidence for model preference.

Benefits and Limitations: This method addresses key drawbacks of previously

mentioned metrics:
« It provides direct evidence of user satisfaction

« It accounts for subjective relevance, which cannot always be inferred from embedding

similarity or category overlap.

« It enables side-by-side evaluation of alternative system configurations in a natural set-

ting
However, new challenges are also introduced:
+ Ratings can vary due to subjective interpretation and user inconsistency.
« Sample size and rater engagement levels influence statistical robustness.
Despite these challenges, the interleaving test represents a crucial evaluation layer. It
strengthens the empirical foundation for system refinement and supports our broader design

science research goals by directly validation how well the closed-loop RAG system aligns with

real-world user intent [2].

"Flask is a micro web framework written in Python

37



6. EVALUATION & VALIDATION

6.6.1 Evaluation Metrics and Statistics

To analyze the results of our user-based interleaving tests, we adopt and adape the team
draft interleaving evaluation framework proposed by Kharitonovl et al. [24] to accommodate
comparisons between more than two recommendation systems.

We treat a good binary rating like a click, a bad rating like "no click":

re) = 1 if the user marked the product as good ©3)
0 otherwise
We define the team indicator
() = +1  product belongs to team Y (6.4)
—1  product belongs to team X

A single session is defined as one user-facing page and its interleaved product recommen-
dations. The win count for strategy Y over strategy X for session g is the familiar binary win
count:

(@) = ) r(OT() (6.5)

ceq

Across N sessions the average advantage of Y over X is:

| &
Axy = N Z Sxy(q) (6.6)

g=1

The variance of the session scores is:
| &
var[Sxy] = o1 ;(SXY(Q) — Axy)? (6.7)

The resulting non-stratified z-score is calculated with:

A
Zyy = ——a (6.8)

Vvar[Sxyl/N

This z-score allows us to interpret statistical significance which follows from the standard
normal table, e.g., |Z| > 1.96 — 95% confidence.

Because we compare multiple system pairs (i.c., baseline vs RAG, and RAG vs website),
muitipie hypothesis testing is necessary. Conducting cach test independentiy increases the
chance of Type I errors (false positives). To address this, we apply the Holm-Bonferroni
correction [25] to control the family-wise error rate (FWER).

The procedure is as follows:

1. For each comparison, compute the two-sided p-value:
pxy = 2(1 = ¢(|Zxy])

where ¢ is the cumulative distribution function of the standard normal distribution.
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2. Rank the C = ([2() p-values in ascending order:
Py =P < - =P

3. For eachrank k = 1, .., C compare py, with @/(C —k + 1)

« If pg is larger than this threshold, stop testing and accept the remaining null
hypothesis.

« Otherwise reject Hy (the null) and proceed to the next.

This method guarantees FWER < @ while being uniformly more powerful than tradi-
tional Bonferroni correction.

For every pairwise comparison, we report:

+ Mean user preference score Ayy (sign shows the preferred system)
« Corresponding z-score Zyy

+ Holm-Bonferroni corrected p-value

« Sample-size target for 95% confidence:

1.96\/var[SXY])

Nosq, > ( Ayl
Xy

This evaluation pipeline, adapted from Kharitonov et al. [24] provides a stable framework

for analysing user preferences, enabling fair and statistically sound comparisons between
competing recommendation strategies.
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Chapter 7

Experimental Evaluation

In this chapter, we validate the performance of the closed-loop RAG system through a se-
ries of experiments conducted on real-world e-commerce data. Following the methodology
outlined in Scction we evaluate how well our system aligns with the original design objec-
tives, namely improving the relevance, adaprtability, and semantic precision of content-based
product recommendations.

We begin by detailing the experimental setup, including datasets, evaluation metrics, and
baseline configurations. We then present the results of hyperparameter tuning, which was
used to determine optimal system configurations for each e-commerce platform. The core
of this section focuses on the outcomes of our offline evaluation, with both aggregate and
per-site analysis that examine semantic, categorical, and exact-match performance. We also
analyse the behaviour of the system across iterations to assess whether the closed-loop design
leads to a convergence for the different blogs. The final subsection presents results from our
user-based evaluation, offering additional insights into how the system’s recommendations
are perceived in practice.

Together, these results provide a comprehensive understanding of both the strengths and
limitations of the closed-loop architecture in supporting context-aware product recommen-
dations.

7.1 Experiment Setup

Here we outline the evaluation datasets, recommendation strategies, and the metrics used to
validate the perfbrmance of our Closed—loop RAG system.

Datasets: We used blog posts and product catalogues collected from four Swedish e-
commerce platforms (see section . For this evaluation, we focus on two platforms —
Naturkompaniet & Bygghemma — due to their contrasting product catalogues and sizes.
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7. EXPERIMENTAL EVALUATION

Recommendation Strategies: Each site was evaluated using one or more of the
following;

« A closed-loop RAG model using the optimal hyperparameters found in
+ A non-iterative baseline that uses basic vector search.

+ Human curated recommendations (used as ground truth in offline evaluation)

Metrics: We employ a variety of evaluation methods to assess recommendation quality

(see Chaprter :
« Precision, Recall, Fl-score (exact product match)
« Categorical Precision/Recall/F1-score (inexact product match)
+ Embedding similarity (precision/recall distance)
« LLM-generated relevance scores
+ Convergence behaviour over iterations
« User study — interleaving test

Results were tracked across multiple iterations to determine both absolute performance
and trends over time.

7.2 Tuning Hyperparameters

To identify the best set of hyperparameters for our model, we conducted a staged grid search.
Rather than exhaustively testing every possible combination of parameters — which would be
both computationally expensive and time-consuming — we adopted an incremental approach
to narrow the search space efficiently.

In the initial stage, we kept a subset of the hyperparameters fixed while systematically
varying the others. This allowed us to identify poor]y perfbrming Conﬁgurations early on.
Based on these results, we were able to eliminate underperforming values for specific param-
eters.

In subsequent stages, we focused only on the more promising parameter values identi-
tied in the previous rounds. By progressively reﬁning the search space in this manner, we
reduced the computational cost while still exploring a diverse range of potentially optimal
configurations.

This staged approach to grid search enabled us to balance efficiency with thorough-
ness, ensuring that we could find high-performing hyperparameter settings without the pro-
hibitive overhead of a full combinatorial search.

Table shows the hyperparameters that were identified as essential for tuning our
model’s performance:
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Parameter Description

emb The type of embedding and preprocessing used during re-
trieval. ss denotes standard embeddings with minimally pro-
cessed descriptions, hs uses hierarchical embeddings with
minimal preprocessing, sf uses standard embeddings with
fully preprocessed descriptions, and hf combines hierarchi-
cal embeddings with fully preprocessed descriptions.

nr Number of products retrieved in the initial retrieval stage.

rr Number of products selected for final recommendation after
reranking,

temp Temperature setting used in the LLM for both product rating

and query rewriting,.

sc Stopping criterion: the minimum rating that the lowest-
ranked product must achieve for the loop to terminate.

lam Controls the influence of negative examples in subsequent re-
trievals. It takes a value between 0 and 1 where 4 = 1 means
negative products have no effect and a value of 0 means the
search query has no effect.

mi Maximum number of iterations allowed before forced termi-
nation of the recommendation loop.

Table 7.1: Hyperparameters used in the staged grid search

7.2.1 Grid Search

In the first stage of our search, we aimed to isolate the effects of a few key parameters by
fixing the others to reasonable baseline values. Specifically, we setnr = 10, rr = 5, mi = 5
and sc = 0.8. We also noted from a smaller previous grid search that using hierarchical
embeddings led to significantly better performance than using standard embeddings. As a
result, we only considered hierarchical embeddings at this stage.

With these fixed, we varied the remaining parameters across a range of values. This al-
lowed us to quickly filter out ineffective combinations and focus subsequent stages of the
grid search on the most promising areas of the hyperparameter space. The results of this are
depicted in Table

From this set of results, we were able to identify some hyperparameter configurations that
consistently led to lower performance. As a result, these were deemed not to require further
investigation. In particular, fully preprocessing the products always resulted in a higher score
than not doing so. Furthermore, we found that varying the model temperature did not affect
the performance in any statistically significant way. Consequently, we set the temperature
value at temp = 0.8 in subsequent stages.

Beyond these findings, the impact of the hyperparameters appeared to be very website-
specific. No consistent patterns emerged among the optimal hyperparameters for the dif-
ferent sites, which is why we chose to do the subsequent stages of the grid search for each
website separately. The results of this are detailed in the next section.
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Parameter Values | Precision Distance

Recall Distance

Average Rating

F1 Score

Category F1 Score

emb: hs
lam: 0.65
temp: 0.5

0.9379

0.9053

0.9193

0.2017

0.5309

emb: hs
lam: 0.65
temp: 0.8

0.9453

0.9097

0.9210

0.2191

0.5493

emb: hs
lam: 0.65
temp: 1.0

0.9350

0.8990

0.9160

0.2147

0.5467

emb: hs
lam: 0.8
temp: 0.5

0.9426

0.9046

0.9221

0.2117

0.5545

emb: hs
lam: 0.8
temp: 0.8

0.9429

0.9069

0.9224

0.2168

0.5778

emb: hs
lam: 0.8
temp: 1.0

0.9391

0.9077

0.9238

0.2031

0.5383

emb: hs
lam: 1.0
temp: 0.5

0.9392

0.9029

0.9074

0.2057

0.5633

emb: hs
lam: 1.0
temp: 0.8

0.9428

0.9070

0.9193

0.2178

0.5677

emb: hs
lam: 1.0
temp: 1.0

0.9367

0.8990

0.9066

0.2070

0.5306

emb: hf’
lam: 0.65
temp: 0.5

0.9508

0.9209

0.9340

0.2206

0.5735

emb: hf’
lam: 0.65
temp: 0.8

0.9504

0.9160

0.9381

0.2084

0.6037

emb: hf
lam: 0.65
temp: 1.0

0.9477

0.9157

0.9241

0.2108

0.5675

emb: hf
lam: 0.8
temp: 0.5

0.9473

0.9163

0.9200

0.2106

0.5807

emb: hf
lam: 0.8
temp: 0.8

0.9494

0.9165

0.9174

0.2098

0.5919

emb: hf
lam: 0.8
temp: 1.0

0.9488

0.9173

0.9341

0.2043

0.5829

emb: hf
lam: 1.0
temp: 0.5

0.9468

0.9123

0.9039

0.1992

0.5678

emb: hf
lam: 1.0
temp: 0.8

0.9416

0.9120

0.9074

0.2147

0.5799

emb: hf
lam: 1.0
temp: 1.0

0.9494

0.9169

0.9169

0.2140

0.5785

Table 7.2: Effect of type of embedding (emb), model temperature
(temp) and negative product effect (1am) on different metrics with

number of retrieved products (nr = 10), number of recommended

products (rr = 5), maximum iterations (mi
rating (s¢ = 0.8) held constant.

5) and minimum
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7.3 Offline Evaluation

This section presents the results from our offline evaluation strategies outlined in section
For each site, we report performance across multiple metrics using the best-performing
hyperparameter configuration. These configurations were identified through the initial stage
of the grid search (section followed by subsequent website-specific stages.

To assess the effectiveness of our approach, we compared the performance of each site-
specific model to our baseline product recommendation system. The baseline did not in-
corporate any RAG-based components; instead, it relied on a simple vector search using
the blog text and the original product descriptions. This comparison allowed us to evaluate
whether our iterative, RAG-enhanced approach offered any meaningful improvements over
a conventional retrieval setup.

7.3.1 Naturkompaniet

Optimal Hyperparameters

The most promising hyperparameters found in the grid search for Naturkompaniet are pre-
sented in Table Their corresponding results when run on all blogs on Naturkompaniet’s

website are presented in Table

Parameter ‘ Value

emb hf
nr 10
rr 5
temp 0.8
sc 0.9
lam 0.65
mi 10

Table 7.3: Best hyperparameters found in grid search for Naturkom-
paniet.

Metric ‘ Result

Average Rating 0.9676
Precision Distance | 0.9476
Recall Distance 0.8959
F1 Score 0.2190
Category F1 Score | 0.5677

Table 7.4: Results for the best hyperparameters for Naturkompaniet.
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Baseline Results

The results for the baseline performance are presented in Table

Metric ‘ Result

Average Rating 0.7647
Precision Distance | 0.8643
Recall Distance 0.8349
F1 Score 0.1362
Category F1 Score | 0.3968

Table 7.5: Baseline results for Naturkompaniet.

7.3.2 Bygghemma

Optimal Hyperparameters

The inspirational content on Bygghemma is generally diverse and includes broader editorial
content (e.g., home renovation, bathroom guides), and has by far the largest product cata-
logue of the sites we investigated. The best hyperparameters found during grid search are

listed in table

Parameter ‘ Value

emb hf
nr 10
rr 5
temp 0.8
sc 0.9
lam 0.65
mi 10

Table 7.6: Best hyperparameters found in grid search for Byg-

ghemma.

Running with the best hyperparameters identified in Table on a larger volume of
inspirational content yielded the results shown in Table

Baseline Results

The results for the baseline performance are presented in Table

7.3.3 Conclusion

Across all offline metrics, the closed-loop RAG system outperforms the baseline. This sup-
ports are hypothesis that our closed-loop RAG system can be used to improve product rec-
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Metric ‘ Result

Average Rating 0.9737
Precision Distance | 0.9150
Recall Distance 0.8943
F1 Score 0.1146
Category F1 Score | 0.6747

Table 7.7: Results from using the best hyperparameters identified in

Table

Metric ‘ Result

Average Rating 0.8380
Precision Distance | 0.8968
Recall Distance 0.8830
F1 Score 0.0890
Category F1 Score | 0.5849

Table 7.8: Baseline results for Bygghemma.

ommendations. The performance gains against the baseline are shown in Table

Metric ‘ Improvement Naturkompaniet ‘ Improvement Bygghemma
Average Rating 0.2029 0.1357
Precision Distance 0.0833 0.0182
Recall Distance 0.061 0.0113
F1 Score 0.0828 0.0256
Category F1 Score 0.1709 0.0898

Table 7.9: Improvement over baseline for Naturkompzmiet and Byg-
ghemma.

7.4 lterative Convergence

A key advantage of the closed-loop architecture is its ability to iteratively improve recom-
mendation quality. We tracked system behaviour over multiple iterations and analysed trends
across our different evaluation metrics.

Convergence Behaviour: With the optimal hyperparameters detailed in the pre-
vious sections, Table[7.10]lists the percentage of cases that converged within 1 iteration. These
cases are deemed by our system to be good enough after the first iteration, as according to
the stopping criteria (see , and therefore do not require any iterative improvements.
As a result, these cases are not considered when evaluating the effectiveness of the iterative
convergence.
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Platform %

Naturkompaniet | 53%
Bygghemma 71%

Table 7.10: percentage of cases that converged within 1 iteration us-

ing the hyperparameters detailed in Section &

Trend Analysis: When analysing the cases that needed more than one iteration to con-
verge, several patterns emerged. The metrics that were based on the human-curated product
recommendation lists showed no significant improvement over the iterations. However, the
average rating metric consistently increased from the first to the final iteration. The final
iteration refers to the last iteration before termination. This means that in chat iteration,
cither the stopping criteria were met or the maximum number of iterations were reached.
The results are presented in Table

The upward trend in average ratings supports our hypothesis that feedback loops improve
recommendation qua]ity by discarding irrelevant candidates and reinfbrcing relevant ones.
However, the stability of the other metrics requires further investigation.

Metric ‘ Improvement Naturkompaniet ‘ Improvement Bygghemma
Average Rating 0.1223 0.0552
Precision Distance 0.0001 0.0014
Recall Distance -0.0081 -0.0003
F1 Score 0.0127 0.0089
Category F1 Score 0.0019 0.0129

Table 7.11: Average improvement from first to last iteration for dif-
ferent metrics.

Figures and illustrate how key evaluation metrics evolve throughout the
refinement process. Each line in the plots groups the cases that concluded after the same
total number of iterations. For instance, the line with five data points represents cases that
stopped after five iterations, with cach point showing the average score at that stage. The label
"N =..!"next to each iteration count indicates how many cases terminated after that number
of iterations. This structure allows us to observe how performance trends vary depending
on how many refinement steps were completed. See Section [8.1] for interpretation of these
results.

Figures & [7.5[ show an average rating regression trendline for Naturkompaniet and
Bygghemma.
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Precision Distance Progression Over lterations
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Figure 7.1: Precision distance progression over iterations for

Naturkompaniet.
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Figure 7.2: Precision distance progression over iterations for Byg-
ghemma.
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Average Rating Progression Over lterations
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Figure 7.3: Average rating progression over iterations for Naturkom-

pamet.
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Figure 7.4: Average rating progression over iterations for Byg-
ghemma.
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Average Ratings vs. Iteration Count
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Figure 7.5: Regression trendline over the average ratings for

Naturkompaniet.
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Figure 7.6: Regression trendline over the average ratings for Byg-
ghemma.
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7.5 User Study — Interleaving Test Results

To complement our offline evaluation metrics and better capture real-world user preferences,
we performed a team-draft interleaving user study comparing the closed-loop RAG system
against a non-iterative baseline and the product recommendations curated by the website.
Participants for the study were mainly friends and family.

Metric ‘ RAG vs Baseline ‘ RAG vs Website

A 0.441 -0.082
zZ—-score | 2.256 -0.176
p-value | 0.0241 0.8600

Table 7.12: Team draft interleaving results of the three systems base-
line, closed-loop RAG, and website.

Table presents the results from this test. Recall that we defined a session as a user-
facing page (i.c., one url and its interleaved products). The mean per-session advantage for
RAG wvs baseline of A = 0.441 indicates that, on average, the RAG system obtained roughly
halfa click (or positive interactions) more than the baseline system in each session. A two-tailed
z-test yielded z = 2.256, corresponding to p = 0.0241. Hence, at the conventional @ = 0.05
level we can reject the null hypothesis that the two ranking systems are equally effective; our
RAG variant exhibits a statistically significant advantage over the baseline.

Similarly, RAG vs website yielded A = —0.082 with a corresponding p-value of p =
0.8600, meaning that although the website curated products received more clicks as com-
pared to the RAG system, the advantage is not statistically significant.

These results validate the core premise of the closed-loop architecture: that incorporating
feedback and refining queries across iterations yields recommendations better aligned with
user expectations. Furthermore, the interleaving test offers an important counterbalance to
offline metrics by incorporating subjective human judgments, which are particularly relevant
in the context—heavy domain of‘inspirational e-commerce content.
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Chapter 8

Discussion

This chapter critically reflects on the key outcomes of our work, assessing how well the de-
veloped system addresses the original problem constructs and contributes to the broader re-
search landscape. Throughout the thesis, we have adhered to the principles of the Design Sci-
ence Research (DSR) paradigm, iteratively building and refining an artifact — a closed-loop
RAG system — aimed at improving the contextual alignment and relevance of content-based
recommendations.

In line with the DSR process, we evaluate the artifact across both quantitative and qual-
itative metrics: offline metrics, iterative convergence behaviour, and user-based assessments.
This chapter revisits the main findings, examines the effectiveness of our design constructs,
analyses system sensitivities and limitations, and highlights broader implications for both
research and practical deployment. Finally, we outline promising directions for future work.

8.1 Interpretation of Results

The overall findings of this thesis is that our closed-loop RAG system has been successful
in improving automatic product recommendations. When we consider the offline methods
that we used to evaluate the performance of our system, we saw an improvement over the
baseline vector search system across every single metric. Furthermore, our interleaving test
user study shows that our system recommendations are preferred to the ones made by the
baseline vector search model, and that there is no statistically significant difference between
our recommendations and the website’s. This reinforces our hypothesis that our closed-loop
RAG system can be used to improve product recommendations.

Limitations of Human-Curated Benchmarks

Although these results show promise, the findings raise important questions about the con-
tinued usefulness of some of our evaluation metrics. Many of the offline metrics assess perfor-
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mance by comparing our recommendations to the products manually curated by the websites.
This is a reasonable metric to use at first, but it becomes less relevant when our system con-
sistently achieves the same level of relevance as the websites themselves. There is a natural
upper bound: if the system suggests equally relevant but different items, it will never achieve
a perfect match score. This suggests that such overlap-based metrics may not fully capture
true recommendation quality.

Iterative Improvement

A central feature of the closed-loop RAG system is its iterative feedback mechanism, which
is designed to refine recommendations over multiple cycles. Ideally, the relevance of the rec-
ommended products should improve with each successive pass. Our results support this for
the average rating metric, where we observe a clear upward trend across iterations, indicating
that the system effectively learns from its previous outputs.

However, this pattern is not reflected in the other offline metrics that rely on overlap with
the human-curated product sets. These metrics show little to no improvement across itera-
tions. As discussed earlier, we think this can be attributed to the diminishing relevance of the
human-curated benchmarks once a sufficient level of relevance has been achieved. When the
system proposes high-quality alternatives that differ from the original selections, improve-
ment in overlap-based metrics becomes both statistically constrained and conceptually less
meaningful. In this light, the steady rise in internally assessed relevance (via the rating metric)
is a more reliable indicator of iterative improvement.

8.2 Reflection on Design Constructs

In this section, we revisit the design constructs that were set up in Section [5.1}and evaluate
their effectiveness in practice. For each construct, we assess whether it achieved its intended
purpose and whether the implementation aligned with our original design goals.

DC1 - Closed-Loop RAG Architecture

The closed-loop RAG architecture was developed to address not only the limitations of ba-
sic product retrieval using vector-search, but also the shortcomings of the single-pass RAG
architecture. The goal was to utilize feedback from previous iterations to improve product
recommendations dynamically, until a satisfactory recommendation set was achieved.

In practice, the architecture fulfilled its goal. The system’s iterative nature enabled it
to capture contextual nuances in the input texts and improve recommendation quality over
successive iterations.

While this process was not universally necessary — for instance, some cases converged
after the first iteration — it did improve performance overall. As such, we consider DC1 a
successful design construct that effectively addressed several of the key problem constructs
identified in the conceptualization phase.
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DC2 - Product Relevance Score

The product relevance score is a central component of our closed-loop RAG system. It un-
derpins key processes such as the reranking, the stopping criteria, and parts of the evaluation
framework.

As discussed in Section evaluating the success of the relevance score by rating the final
recommendations with the same relevance score introduces bias. However, the consistent
improvement of all other independent performance metrics - compared to the baseline -
leads us to consider the relevance scoring implementation to be successful and DC2 to be

valid.

DC3 - Query Rewriter

The query rewriter is the primary way in which the system incorporates feedback across
iterations. It is responsible for refining the search query based on the results from previous
iterations.

The only other part of the program that takes user feedback from prior iterations into
account is the Maximal Marginal Relevance (MMR) construct. That system penalizes candi-
dates that are embedding—wise similar to previous low-rated products. However, we can see
from the results that even with lam = 1 - which means that negative products have no effect
- the performance is still improving. That means that our query rewriter alone is improving
performance and that DC3 can be considered impactful.

DC4 - Stopping Criteria

The stopping criteria for our RAG system consisted of measuring whether all products in
the recommended product set received a relevance score that was above a certain threshold
(0.9 for both Naturkompaniet and Bygghemma). There was also an additional safeguard
that prevented the system from doing more than a preset number of iterations to prevent
unnecessary computational overhead.

A significant percentage of cases (53% for Naturkompaniet and 71% for Bygghemma) ter-
minated after a single iteration. This indicates that the stopping criteria were not overly
conservative. In more complex cases, where our system determined that more than one it-
eration was necessary, we can see that, at least on average, the performance improved. This
shows that the stopping criteria were not too permissive.

Overall, these outcomes demonstrate that the stopping criteria worked as intended, and
at least in most cases, this led to an improvement. We therefore consider DC4 to be a suc-
cessful design construct.

DC5 - Data Preprocessing and Embeddings

Preprocessing and embedding strategies were crucial for ensuring meaningful semantic sim-
ilarity during retrieval. Our initial use of unmodified product descriptions proved insuffi-
cient, as many of these were overly marketing-focused or lacked detail. Through LLM-guided
rewriting, we restructured product descriptions to emphasize core attributes and use cases,

which significantly improved embedding quality.
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The addition of hierarchical category embeddings further enhanced retrieval precision,
especia]]y n 1arge and semantica]ly overlapping product Catalogues as is the case with Byg—
ghemma. Empirical findings confirmed that fully preprocessed and hierarchically embedded

representations consistently outperformed simpler baselines across key evaluation metrics.

DC6 - Evaluation Instrumentation

The inclusion of multiple evaluation methods — including embedding distance metrics, over-
lap with human curations, and user-based interleaving — enabled a robust validation of the
system.

Importantly, these evaluations were not only post-hoc, but also informed iterative re-
finement loops. For example, convergence tracking across iterations helped us confirm the
utility of the closed-loop mechanism itself. In that sense, DC6 served both evaluative and
generative role within the broader DSR cycle.

8.3 Hyperparameter Sensitivity

A central component in refining the closed-loop RAG system was identifying and tuning
hyperparameters that influence performance across both retrieval and iteration behaviour.
The grid search we perfbrmed in Section revealed that the system is sensitive to several
parameters — particularly those governing embedding structure — while others exhibited less
impact.

Embedding configuration (emb) was shown to be one of the most influential
parameters. Across all sites, configurations that used fully preprocessed product descriptions
consistently outperformed their minimally preprocessed counterparts. Similarly, hierarchical
embeddings (which combined product-description embeddings with category embeddings)
produces better results in all product spaces. These findings confirm that representation
quality — both in content and structure — plays a central role in recrieval accuracy.

The influence on A (Iam) which govern the weight of negative feedback in subse-
quent iterations, was also substantial. Lower values of A (i.e., heavier penalization of poorly
rated products) tended to improve convergence and final recommendation quality. This sug-
gests that the system benefited from actively learning to avoid certain types of products —
reinforcing the value of incorporating prior iteration history into reranking logic.

Model temperature (temp) had a relatively minor impact. Alchough small dif-
ferences were observed across tasks, there was no consistent pattern linking temperature to
any metric. As such, we settled on a mid-range value (0.8) for most configurations without
observing degradation in output quality.

Stopping criteria (sc) and maximum iteration count (mi) governed
the loop dynamics. While a high scopping threshold ensured that only highly relevant recom-
mendations were accepted, it also increased the number iterations needed for convergence —
while increasing the number of cases where convergence was never reached. We found that a
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threshold of 0.9 balanced convergence speed with recommendation quality effectively across
sites. Likewise, a higher maximum iteration value prevented premature termination in more

difficult cases while keeping the computation bounded.

Overall, while some hyperparameters (like temperature) showed little sensitivity, others —
especially embedding configuration, feedback penalization, and stopping criteria — signifi-
cantly shaped system performance. These findings underscore the importance of site-specific
tuning in RAG systems and suggest that genera]ization across domains may require adaptive
or learned hyperparameter strategies.

8.4 Threats to Validity

As with any empirical study, our work is subject to several Threats to Validicy (TTV) factors
that may influence the interpretation and generalizability of the results. Recent studies have
pointed out that TTVs in software engineering are often treated as an afterchought [26]. To
avoid this pitfall and ensure a more rigorous analysis, we adopt the taxonomy proposed by
Lago et al. [27], which categorizes threats into internal, construct, external, and conclusion
validity. For each category, we describe the threat and suggest possible mitigation strategies.

Internal Validity

Internal validity describes how confidently causal conclusions can be attributed to the study [27].
Because the closed-loop system contains several interacting modules, there is a possibility
that observed improvements arise from undocumented implementation choices rather than
the closed-loop logic itself. Moreover, using LLM-generated product rewrites introduces an
uncontrolled source of variance, which can make it difficult to determine whether changes
in final qua]ity are caused by the retrieval strategy or the rewrites themselves. Condueting
careful ablation studies would help isolate these effects and improve transparency.

Construct Validity

Construct Va]idity refers to the extent to which the metrics aecurate]y capture the theoret-
ical concepts they are intended to measure [27]. A primary threat to construct validity in
our study arises from evaluation bias. Specifically, the same relevance-scoring mechanism is
used both to guide the iterative RAG loop and to assess its final output. This dual role risks
inflating perceived performance gains, as the system is effectively optimized against its own
evaluation function. In addition, both prompt tuning and embedding configurations were
optimized on the same dataset used for evaluation. While this improves performance within
the current domain, it may lead to an overly narrow operationalization of the concept of “rel-
evance,” limiting the generality of our construct beyond the evaluation corpus. To enhance
construct validity in future work, we recommend decoupling the optimization and evaluation
pipelines, and incorporating triangulation through human judgment or alternative external
benchmarks.
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External Validity

External validity addresses the generalizability of the study’s findings beyond the specific
context in which the research was conducted [27]. Our system was evaluated using data from
a limited number of Swedish e-commerce platforms, which may not represent the diversity
of platforms or user behaviours in other markets. The prompts used also rely on Swedish-
centric linguistic cues, further limiting transfer. Extending the evaluation to multilingual
catalogues or to non-retail recommendation tasks (e.g., news or academic papers) is required
before broader claims can be made.

Conclusion (statistical) Validity

Conclusion validity relates to the reliability and significance of the study’s conclusions [27].
The statistical analyses employed in our evaluation may be susceptible to Type I or Type II
errors, ie., a false positive or negative, especially given the sample size and potential mea-
surement noise. Moreover, the iterative nature of our system introduces complexities in in-
terpreting perfbrmance metrics over time. To strengthen conclusion Va]idity, future studies
should employ robust statistical methods, ensure adequate sample sizes, and consider longi-
tudinal analyses to capture the system’s performance dynamics accurately.

Summary of Key Limitations

To conclude this section, we summarize the most practically impactfu] limitations identified
across the four validity categories above. These are presented here as a quick reference for
readers and to highlight areas of concern for future work.

« Evaluation Bias: The same relevance scoring mechanism was used both for guiding the
RAG loop and evaluating performance, risking positive bias.

« Prompt Bias: Prompts were optimized for the evaluated datasets, their effectiveness
in new domains or languages remain untested.

« Dataset Bias: Data was collected from a small set of Swedish e-commerce sites, which
may limit generalizability to other markets, languages, or content types.

+ Subjectivity in Ground Truth: Human-curated product recommendations are not ex-
haustive nor objective — making offline metrics potentially under-represent true rele-

vance.

+ Dependence on Embeddings: System relies heavily on high-quality embeddings. Per-

formance may degrade quickly with noisy, sparse, or less semantically rich data.

« User Study Scale: For statistica]ly signiﬁcant results the scale of the user study would
need to be expanded.
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8.5 Implications for Future Research and Prac-
tice

This work has both theoretical and practical implications for the development of automatic
recommendation systems, not only in the immediate e-commerce setting in which our closed-
loop RAG system was evaluated. Because the architecture separates retrieval, reranking, and
relevance-scoring into loosely coupled components, the same framework can be applied to
other domains without requiring a complete overhaul. The closed-loop refinement mecha-
nism, in particular, shows promise for app]ications that are context—heavy and where user
intent evolves over time. By iteratively adjusting retrieval based on context and feedback,
the system is able to better align recommendations with content, which may translate to
increased user engagement and conversion rates in domains such as news recommendation,
education, or healthcare.

Our results also highlight the potential of using LLMs not only for query reformulation,
but also as agents for data preprocessing. The use of prompt-guided rewriting to enhance
product descriptions demonstrated measurable improvements in retrieval quality. This sug-
gests that similar LLM-assisted preprocessing strategies could be employed in other domains
to improve semantic representations, especially when dealing with sparse, noisy, or inconsis-
tently structured data.

From a research perspective, this work contributes to the developing literature on the use
of Retrieval-Augmented Generation beyond the scope of "simple” question and answering.
By framing RAG as a feedback-driven recommendation engine, we extend its applicability
and present a use case that demands iterative, context-sensitive refinement. This opens the
door to a broader set of research questions regarding how RAG systems can be optimized for
other tasks such as legal precedent retrieval or multimedia recommendations.

Additionally, our mixed-method evaluation strategy — combining offline benchmarks, it-
erative performance tracking, and user-based interleaving tests — illustrates a balanced frame-
work for judging future RAG variants in both quantitative and qualitative dimensions.

In summary, the architecture, techniques, and evaluation methodologies developed in
this work offer a foundation for both academic exploration and practical innovation. As
LLMs continue to evolve, integrating them into interactive, retrieval-centric systems will
likely remain a rich and impactful area of future research.

8.6 Further Work

While the Closed—]oop RAG system developed in this thesis shows promising results, several
avenues remain open for future exploration and improvement.

First, one important direction is the refinement of prompt engineering through dynamic
or automated approaches. Alcthough our system relied on manually designed prompts that
were iteratively refined, future work could extend this scope to investigate methods such as
reinforcement learning to adapt prompts automatically based on e.g., performance feedback.
Such approaches could make the system more adaptive to different domains and less reliant
on manual trial-and-error.

A second promising area is the development of adaptive stopping criteria. In this thesis,
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we used fixed thresholds to determine when the iterative loop should terminate. However,
more flexible alternatives — such as confidence-based or entropy-based thresholds — could
improve convergence decisions and reduce unnecessary computation without sacriﬁcing rel-
evance.

Third, enriching vector space with multimodal embeddings — e.g., incorporating product
images in the embedding space — to aid in cases where product information is sparse could
help improve retrieval, especially in visually-driven domains such as fashion. Recent cross-
modal encoders make it feasible to index visual and textual cues side-by-side, allowing the
reranker to preference items whose look and feel match the inspirational narrative.

In addition, future work may extend the objective beyond contextual relevance. The
system could be modified to encompass various business metrics such as profit margins, sus-
tainability, or stock availability. Re-framing the recommendations to a multi-objective opti-
mization task would allow the system to balance commercial goals with user satisfaction.

Finally, integrating real-time implicit user feedback presents an exciting opportunity.
Metrics such as click-through rates, dwell time, or scroll behaviour could provide dynamic
signals to inform retrieval and reranking during live deployments. Incorporating such feed-
back would help the system adapt over time, personalizing recommendations based on actual
user behaviour rather than re]ying sole]y on static content.

Together, these directions offer meaningful opportunities to enhance the flexibility, per-
formance, and applicability of closed-loop RAG systems. Pursuing them could lead to more
intelligent, context-aware, and commercially viable recommendation engines across domains.
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Chapter 9

Conclusion

This thesis set out to design, implement, and evaluate a closed-loop Retrieval-Augmented
Generation (RAG) system for content-based product recommendations in e-commerce. Through
iterative refinement, the system aimed to improve recommendation quality by adapting to
the contextual nuances of inspirational content.

Principal Findings

The central finding of this thesis is that the proposed closed-loop Retrieval-Augmented Gen-
eration (RAG) system outperforms the non-iterative baseline across all evaluated metrics.
Through iterative refinement, the system was able to generate product recommendations
that were better a]igned with the contextual intent of\inspirational content.

Across offline evaluations and user studies, the RAG system consistently demonstrated:

+ Offline Evaluation: Across both Naturkompaniet and Bygghemma, the closed-loop
RAG system achieved higher precision-/recall distances, F1-scores, and ratings as com-
pared to the non-iterative baseline. For instance, the average relevance rating for
Naturkompaniet increased from 0.79 to 0.96 when using the closed-loop system. Simi-
lar patterns were observed across other sites, indicating robustness across diverse prod-
uct and content spaces.

« Iterative Improvement: When examining cases that required mu]tip]e iterations, we
observed a consistent upward trend or stability across all evaluated metrics. None of
the metrics deteriorated over successive iterations — each either improved or exhibited
no notable change, see Section Notably, all platforms saw a notable increase in
the average product rating by the final iteration. This result validates the underlying
premise of the closed-loop approach: that incorporating feedback and refining queries
leads to more contextually relevant recommendations.
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+ User Study: The interleaving test further confirmed the system’s effectiveness in real-
world scenarios. With a mean user preference advantage of A = 0.441 and a statisti-
cally significant p-value of (p = 0.0241), participants showed a clear preference for
products recommended by the closed-loop system over those from the non-iterative
baseline. Confirming that the system delivers value even in subjective, real-world con-
texecs.

Together, these results validate the technological rule proposed in Chapter "to achicve
improved product recommendation accuracy and relevance in inspirational content, apply a closed-
loop RAG approach that iteratively refines retrieval.. Le., product recommendations demonstra-
bly benefit from iterative refinement when applied to nuanced, context-rich content. This
closed-loop design enables the system to course-correct based on prior retrievals, leading to
higher precision and thus ultimately produces recommendations that better align with user
expectations.
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Smartare produktrekommendationer
med hjalp av generativ Al

POPULARVETENSKAPLIG SAMMANFATTNING Eric Martell, Axel Prellner

Kan man anvanda ChatGPT for att gora en bra produktrekommendation? Det har vi
undersokt i vart examensarbete, dar vi har utvecklat ett system som ska ge traffsikra
produktforslag genom att lasa och forstd texter sdsom blogginlagg eller guider.

Att rekommendera relevanta produkter till en text
pa internet kriver vanligtvis bade d&mneskunskap
och en djup forstaelse for innehallet. Automatiska
system misslyckas ofta med det senare, vilket gor
att det ofta kravs en manuell process for att fa pas-
sande produktforslag. Detta kraver dock mycket
resurser och darfor &r intresset for ett automatiskt
system - som faktiskt fungerar - stort.

For att 16sa detta problem har vi utvecklat ett
system som anvinder sig av sprakférméagan hos
sa kallade Large Language Models (LLMs), sasom
ChatGPT, for att férst& den underliggande menin-
gen i en given text. Dar ett traditionellt system
bara skulle underséka den semantiska likheten
mellan texten och produkterna kan vart system
istallet analysera innehéallet fran ett marknads-
foringsperspektiv och utifran det generera rele-
vanta produktrekommendationer. Det kan sedan
iterativt forbattra sina forslag genom att anvinda
sig av information fran tidigare rekommenderade
produkter. Sittet detta fungerar pa kan illustr-
eras med en text som handlar om fjallvandring.
Ett tradionellt system rekommenderar ofta fjall-
vandringsguider eller bécker, medan vart system
istallet forstar att ldsaren troligen &r ute efter
utrustning till vandringen.

Figuren visar hur vart system fungerar i prak-
tiken. Forst laser systemet in en text, dérefter
anvander den sin sprakforstaelse for att lista ut
vilka typer av produkter som kan vara relevanta
och soker efter dessa i en databas. Systemet kan
forbéattra sina forslag genom att analysera tidi-
gare rekommendationer och justera sokningarna
tills resultatet bedéms vara bra nog.

1. Input:
Inspirational Content
(e.g., blog posts, guides, etc.)

A4

2. Initial Query Generation:
via Prompt Engineering

A 4

3. Product Retrieval:
via Retrieval Module

4. Relevance Scoring:
via Prompt Engineering

7. Query Refinement:
via LLM v

Stop = No 6.

\4

Y

5. Reranker:
Reranks Retrieved Products

Retrieval Output:
(Stopping Criteria Check)

A

Stop = Yes
A 4

Final output:
Product List

Systemet testades pa data fran olika svenska
nétbutiker och visade tydliga férbéttringar jam-
fort med traditionella, automatiska, rekommen-
dationssystem. Detta kunde ses genom att vara
rekommendationer var mer lika de manuellt rek-
ommenderade produkterna som anvands pa nét-
butikernas officiella hemsidor. Det kunde ocksa
bekréiftas med en studie dar anvindare konsekvent
féredrog vart system.

Detta arbete visar pa att var anvianding av
LLMs kan forbéttra produktrekommendationer.
Utover det ser vi dven att det kan anvéndas
inom andra omraden déir kontextuellt innehall ska
matchas med relevanta forslag, som till exempel
nyheter eller videorekommendationer.
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