
Insight generation using language
models in enterprise settings

From retrieval to recursion: a comparative enterprise case
study

Master’s thesis in Computer science and engineering

Filip Appelblad
Ludvig Nordberg

Department of Computer Science and Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
UNIVERSITY OF GOTHENBURG
Gothenburg, Sweden 2026





Master’s thesis 2026

Insight generation using language
models in enterprise settings

From retrieval to recursion: a comparative enterprise case study

Filip Appelblad
Ludvig Nordberg

Department of Computer Science and Engineering
Chalmers University of Technology

University of Gothenburg
Gothenburg, Sweden 2026



Insight generation using language models in enterprise settings
From retrieval to recursion: a comparative enterprise case study
Filip Appelblad
Ludvig Nordberg

© FILIP APPELBLAD, 2026.
© LUDVIG NORDBERG, 2026.

Supervisor: Shirin Tavara, CSE
Advisor: Ernan Bektic, Essity
Examiner: Peter Damaschke, CSE

Master’s Thesis 2026
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Typeset in LATEX
Gothenburg, Sweden 2026

iv



Insight generation using language models in enterprise settings
From retrieval to recursion: a comparative enterprise case study
Filip Appelblad
Ludvig Nordberg
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
Recent improvements in generative AI, in particular Large Language Models (LLM)
have created a desire for organizations to utilize the technology to drive value cre-
ation. One promising application of the technology is insight generation from inter-
nal enterprise data. Despite rapid technological advancements, organizations face
substantial technical, organizational, and environmental challenges when trying to
implement such systems. The purpose of this thesis is to investigate insight gener-
ation in enterprise settings, and which key aspects and challenges that influence a
successful implementation.

The study is conducted as a single-case design research project within a large enter-
prise environment. Based on exploratory findings and requirement analysis, two lan-
guage model based pipelines are designed, implemented, and evaluated: a Retrieval-
Augmented Generation (RAG) pipeline with Chain-of-Thought prompting, and a
Recursive Language Model (RLM) inspired pipeline, using iterative reasoning and
content retrieval. Both pipelines are integrated into a chat-based prototype that al-
lows users to query a large internal corpus, retrieving results with clear provenance.

The pipelines are evaluated using a combination of automated metrics and qual-
itative expert assessments. The results indicate that while both approaches are
capable of generating insights from internal enterprise data, the RLM pipeline con-
sistently produces more relevant, and insightful responses, while also being more
trustworthy. However, this increased performance comes at the cost of increased
computational overhead in the form of latency and token usage. Beyond model
accuracy, the findings suggest that successful enterprise adoption depends equally
on non-technical factors, including trust, transparency, organizational constraints,
and organizational readiness. These factors have to be addressed as requirements
and implemented into the solutions artifact to ensure a successful insight generation
system.

Keywords: Large Language Models (LLMs), Recursive Language Models (RLM),
Retrieval-augmented generation (RAG), AI Assistant, Insight Generation, Genera-
tive AI, Enterprise AI.
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1
Introduction

1.1 Research Context and Motivation
Organizations across major industries are investing heavily in artificial intelligence
(AI) to extract value from internal data and generate business insights. Despite
these initiatives, many companies struggle to translate AI investments into measur-
able business value. A survey by Boston Consulting Group (BCG) from fall 2024
indicated that nearly three-quarters of organizations had yet to demonstrate sub-
stantial value from their AI projects [1]. A more recent BCG survey from early 2026
suggests that the picture is changing: corporations expect to double AI spending in
2026, and four out of five CEOs are more optimistic about the return on investment
of AI initiatives than a year earlier [2]. Simultaneously, the pressure to convert
investments into measurable value has increased, about half of CEOs in the survey
stated that their own job security depends on AI initiative outcomes [2]. Therefore,
the gap between ambition and realized value persists as a challenge. Machucho and
Ortiz [3] attribute this gap to both technical and organizational factors, which, in-
dividually and in combination, create a gap between the potential of their data and
the value that the organization is able to realize.

Even when organizations recognize the potential of their internal data, they face
obstacles originating from data heterogeneity and quality issues. Enterprise envi-
ronments usually contain diverse data sources, including structured databases, un-
structured text documents, and internal repositories such as SharePoint. A large
majority of this information is often unstructured, estimated to be 80-90% of enter-
prise data. These vast, unstructured repositories hold immense potential value if
analyzed effectively [4]. Recent improvements in Large Language Models (LLMs)
have demonstrated strong potential to address some of these challenges. LLMs
are able to interpret and summarize large sets of structured and unstructured text
data. This progress enables insight extraction that was previously difficult or even
impossible to implement [5].

In this thesis, insights refer to actionable knowledge acquired from synthesizing infor-
mation across internal documents. Examples include identifying recurring themes,
surfacing lessons learned that are transferable to new situations, or revealing connec-
tions between work conducted in separate teams or time periods. Such insights often
go beyond what a single source states explicitly. However, applying these models
naively within enterprises in the hope of generating insights remains problematic.

1



1. Introduction

A major limitation arises from context-window constraints, showing degrading per-
formance with lengthy inputs, especially when information is placed in the middle
of long contexts. The limitation prevents the LLMs from processing all organiza-
tional data at once [6]. This has led to the development of strategies for efficient
information grounding, where the model is provided with relevant pieces of internal
knowledge [7]. Another limitation arises from reasoning shortcomings. Even LLMs
grounded with relevant information struggle with multi-step reasoning. This ability
is essential for uncovering deeper insights and answering complex questions, which
are common in real use cases [8]. To illustrate the shortcomings, an individual
seeking to understand how reporting requirements have evolved over time would
need a model to process a large set of reports simultaneously, exceeding typical con-
text limits. Similarly, identifying recurring failure patterns across reporting would
require a model to retrieve information from one document, connect it with another,
and draw an intermediate conclusion, a form of multi-step reasoning that standard
LLM-prompting does not reliably support.

A wide range of methods has been developed to mitigate these shortcomings. One
of the most widely deployed approaches is Retrieval-Augmented Generation (RAG),
which enables the model to retrieve relevant internal documents before producing an
answer [9]. To enhance reasoning, different techniques that guide models through
structured intermediate steps have been developed. One major category of methods
is Chain-of-Thought (CoT) prompting. These methods work by encouraging the
model to break down complex problems into smaller reasoning steps [10]. CoT-
style approaches have been shown to improve accuracy on multi-step tasks and help
models with multi step information retrieval [8]. Recently, different fundamental
approaches have been developed as a complement and alternative to classic solu-
tions. One of these frameworks is the Recursive Language Model (RLM) [11],
which addresses information grounding and reasoning in a different way, allowing
iterative retrieval and reading. These hybrid techniques represent strategies to un-
lock deeper insights from data. They remain relatively unexplored in organizational
settings, but since their design suggests they might offer advantages for enterprise
insight-generation tasks, they represent an emerging direction of high relevance for
organizations seeking more capable AI systems.

1.2 Problem Statement

Enterprises need a way to generate insights from large collections of internal docu-
ments and data in a way that is performance-wise consistent, trusted, and opera-
tionally robust. The core challenge is enabling language models to utilize internal
knowledge, despite context size limits, to reason around, and synthesize information
for users. Another core challenge is ensuring the solution is viable in a real enterprise
context, and is accepted by stakeholders.

2



1. Introduction

1.3 Aim and Research Questions
The aim of this thesis is to explore how organizations can successfully extract valu-
able insights from internal data using language model-based methods, by addressing
both the technical challenges and the organizational considerations involved. In par-
ticular, the project aims at developing different model pipelines that address the
fundamental challenges of naive language model approaches, notably limited con-
text and reasoning ability, and on assessing how these solutions can fit within an
enterprise setting in an effective manner.

Concretized, the thesis project involves designing and implementing two different
models, one incorporating RAG and CoT prompting, and the other a Recursive
Language Model, and comparing their performance in insight generation from in-
ternal documents. Two forms of evaluation will be employed: an expert qualitative
evaluation and an automated quantitative evaluation. The study also seeks to iden-
tify transferable insights about the enabling factors and conditions that influence
the successful application of similar AI methods across different enterprise settings.
These factors include how to address ethical and governance issues.

To clarify the scope and objectives, the following research questions (RQs) are posed:

• Main RQ: How can enterprise organizations leverage language model tech-
niques to generate insights from internal data, and what key technical aspects
and organizational challenges are essential for the successful implementation
of such a system?

• RQ1: What model architecture yields the most accurate and insightful re-
sults on the internal unstructured document corpus? Specifically, how do
Retrieval-Augmented Generation with Chain-of-Thought prompting and Re-
cursive Language Model approaches compare in their ability to answer queries
grounded in the organization’s data?

• RQ2: What are the key factors and challenges for successfully implementing
an insight-generation system in an enterprise environment?

Main RQ: How can enterprise organizations
leverage language model techniques to generate

insights from internal data, and what key
technical and organizational challenges are

essential for successful implementation?

RQ1: What model architecture
yields the most accurate and

insightful results on the internal
unstructured document corpus?

RQ2: What are the key
factors and challenges for

successfully implementing an
insight-generation system in
an enterprise environment?

Figure 1.1: Visualization of the research questions and its relations.
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For confidentiality, any specific insights or sensitive content from Essity’s data will
not appear in the final report, instead the thesis will document methods, structure,
illustrative non-sensitive examples, and aggregated evaluation results. By focusing
on methodology and lessons learned, the results are intended to be more generaliz-
able.

1.4 Delimitations
No fine-tuning or training of LLMs will be performed on the company data. Fine-
tuning is computationally expensive and introduces compliance concerns. The study
instead relies on pre-existing LLMs and adapts them via prompting and retrieval.
The model chosen is Claude Sonnet 4.5, a frontier model approved for use in this
enterprise setting [12]. The model is a hybrid-reasoning model that enables built-in
CoT reasoning. However, for increased transparency and control over reasoning,
this feature will not be used in the project. The motivation for selecting Sonnet
4.5 over higher capacity alternatives such as Opus is due to practical deployment
trade-offs, with respect to cost and latency. The choice is also motivated by the high
improvement rate in frontier model performance, which suggests that any marginal
performance gap between current top-tier models is likely to become obsolete within
a relatively short time span [13]. The contribution is thereby connected to the overall
system design and not the specific model used.

The second delimitation is that the study will focus on data from a single, specific do-
main. As the scope is limited to a single company, the insights are therefore limited
to what exists within that domain. Findings and best practices may not be directly
transferable to unrelated domains. Evaluation of insight quality is performed with
Essity’s domain experts, which introduces subjectivity and context-specific criteria.

These limitations clarify the boundaries of this thesis. The choices enables a focus
on the core research questions within a feasible scope. Risk is also mitigated by not
venturing into further, nearby areas, such as the fine-tuning of large language models.
Understanding these limitations is important when interpreting the results.

4



2
Background and Analytical

Framework

This chapter presents the theoretical foundations that support the thesis. The chap-
ter starts with a connection to knowledge management literature to build an under-
standing of the concept of insight generation. Then, it reviews the technical compo-
nents: LLMs and their context constraints, RAG, CoT prompting, and RLMs. The
chapter then concludes with the Technology-Organization-Environment framework,
which provides the analytical perspective for examining enterprise implementation
factors.

2.1 Enterprise Insight Generation and Knowledge
Management

The challenge of generating valuable insights from internal data stored in the or-
ganization is connected to knowledge management (KM) literature. Knowledge
management is an important process in organizations that covers the identification,
coordination, and distribution of information. Inadequate KM can lead to increased
costs for an enterprise, as the knowledge seeking process is prolonged, resulting in
opportunity costs when time could have been spent on more valuable tasks [14]. KM
research has long been clear that organizational performance depends not only on
the knowledge that exists within an organization at a given time but also on its
ability to create and apply knowledge in an effective manner [15].

As data volumes have grown rapidly, the field has turned to technological solutions,
and knowledge management may serve as a necessary step between data and decision
making, turning insights into value. AI has been recognized as a central enabler of
a more dynamic knowledge flow, automating information retrieval in addition to
dynamic insight and content generation. Generative AI tools have begun to shift
knowledge processes from static to dynamic capabilities [16].

Despite the clear trend, the transition to LLM-powered insight generation in enter-
prise settings is not straightforward. A systematic literature review by Karakurt &
Akbulut [17], analyzing 63 studies on the integration of RAG and LLM combined
systems for enterprise challenges, found that enterprise adoption remains mostly in
an experimental phase. The review identified a real gap between academic settings

5



2. Background and Analytical Framework

and real-world production-ready deployment. Important metrics such as business
value, user satisfaction, process efficiency, and compliance are often left out. The
finding ties back to the observation that many organizations that invest in AI fail
to deliver measurable returns [1].

Furthermore, Anderson et al. [18] carry forward and argue that while LLMs show
potential for unstructured document analytics, there is often a need for ’sweep and
harvest’ processes in such analyses. A system will both have to sweep through large
corpora and perform operations. They believe that RAG-setups are fundamentally
limited, since it relies on single retrieval passes, and instead propose multi-step query
plans as the solution.

Finally, literature emphasizes that the deployment of AI for enterprise insight gen-
eration is not purely a technical task. Successful integration of AI systems into
knowledge management requires technology choices tailored to the organizational
context, committed leadership that actively supports initiatives, and flexible gover-
nance frameworks capable of adapting to change [16].

2.2 Large Language Models and Context
Constraints

Large Language Models (LLMs) are pretrained on vast corpora and have demon-
strated impressive abilities to interpret queries and generate coherent text. In their
weights, they can both store and recall plenty of knowledge, and fine-tuned LLMs
have achieved excellent results on downstream NLP tasks [9]. This makes them an
attractive choice for insight generation.

However, LLMs face a fundamental limitation, namely, fixed context windows. Each
model can only successfully process input up to a certain length before experiencing
problems. Even though modern LLMs offer lengthy context windows comprising
millions of tokens [19], enterprise data often consists of much more. As a result,
vanilla LLMs cannot simply be fed ’all data’ at once; they will inevitably miss
information unless guided. Furthermore, a phenomenon called ’context rot’, has
been observed, meaning that model performance tends to degrade as input length
grows, even within the maximum context windows [19]. In essence, important details
and information in very long inputs may be forgotten by the LLMs.

The context limitation leads to an information grounding problem: how is it possible
to ensure that the LLM has relevant facts from internal knowledge? It is known that
problems related to relevant context, provenance provision, and updating world
knowledge exist [9]. Furthermore, LLMs are prone to hallucinations, generating
outputs that sound plausible but are not grounded in truth [20].

In summary, while LLMs are powerful, the problem faced is that a naive application
of an LLM to an organization’s data will be limited by context constraints, yielding
untrustworthy answers.
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2.3 Retrieval-Augmented Generation (RAG)

Retrieval-Augmented Generation (RAG) is a framework that directly addresses con-
text limitations [9] by fetching relevant domain documents from a database given
the query and then supplying them as context to the model [21]. The model consists
of the retriever and a generator that conditions on the query and retrieved evidence
to provide an answer [9]. The hybrid architecture combines the model’s paramet-
ric memory with non-parametric memory in the form of external documents. By
conditioning generation on retrieved documents, RAG-models ground their outputs
in factual context, improving the accuracy and transparency of responses [22]. Fur-
thermore, the design is modular, allowing updates to the external knowledge source
without retraining the language model, letting the system stay up-to-date [9]. The
ability to use specialized corpora also enables domain-specific applications [22].

One challenge with RAG-models is choosing the right chunks to retrieve, ensuring
relevant information is passed without overwhelming the model with too much irrele-
vant text. Another challenge is that the answer will only be as good as the retrieved
context, meaning that if something crucial is not retrieved, the model lacks evidence
to produce a grounded answer. Mitigation strategies exist, such as hybrid retrieval
[22], which can enhance factual consistency, but the dependency on a single retrieval
pass remains a structural limitation of the architecture. In conclusion, RAG pro-
vides a scalable way to apply LLMs to large corpora and has been implemented in
many different applications [22].

2.4 Multi-Step Reasoning and Chain-of-Thought
Prompting

Many insights of interest in an enterprise context require multi-step reasoning. Hu-
mans tackle such problems by breaking them down, gathering information from one
source, then another, make intermediate conclusions, formulate sub-questions, and
so on, before reaching a conclusion. Standard LLM-prompting, does not guarantee
that models will perform sequential reasoning. In fact, LLMs often skip straight to
an answer, which can lead to incorrect answers in complex settings [23].

There are a couple of prompting setups that affect multi-step reasoning quality,
allowing LLMs to be guided through prompting without performing any training
updates.

• Zero-shot prompting: instruction only, no examples. Provides the model with
a natural language-type description [24].

• One-shot prompting: the instruction plus a single example that demonstrates
the desired format [24].

• Few-shot prompting: the instruction and a few examples [24].
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2.4.1 Chain-of-Thought Methods

Chain-of-Thought (CoT) prompting is a form of prompting in which the model is
encouraged to generate explicit intermediate steps before concluding with a final
answer. The key idea is to follow the human method and break down the problem
into smaller subproblems. CoT nudges the model to decompose the problem at hand.
Wei et al. [25] show that CoT-prompting can substantially improve performance by
utilizing few-shot prompting, but with examples that include step-by-step reasoning.

The simplest form is called zero-shot CoT, where a simple instruction can trigger
step-by-step reasoning without providing any examples of reasoning. Kojima et
al. [26] report large benefits compared to standard zero-shot prompting with this
approach.

Although zero-shot CoT shows promising results in comparison to simple zero-shot
prompting, even better performance is reported from few-shot CoT, where exam-
ples of step-by-step reasoning are provided to the model [26]. Such demonstrative
examples consist of a question paired with an associated reasoning chain, which is
composed of a rationale detailing the intermediate reasoning steps followed by a
final answer. However, a practical limitation with few-shot CoT is that such demon-
strations must be manually crafted, called Manual-CoT [27]. The manual crafting
is non-trivial in nature, labor-intensive, and task-specific.

Zhang et al. [27] address this problem with Auto-CoT, an automatic method that
partitions a set of queries into clusters via k-means [28] over sentence embeddings.
Then, for each cluster a small set of representative queries is selected guided by
considering them in order of shortest distance to the cluster centroid. Reasoning
chains are generated for these queries using zero-shot CoT until the desired number
of demonstrations is obtained [27]. The clustering step is critical as it produces a
diverse demonstration set without any manual authoring, reducing the risk that a
single erroneous chain dominates the entire setup.

Shum et al. [29] extend the idea of Auto-CoT with Automate-CoT, which adds
a pruning quality gate that removes chains with a final answer that disagree with
ground-truth labels. Subsequently, surviving chains are optimized through a policy-
gradient procedure. The method have achieved gains over both Manual-CoT and
Auto-CoT baselines, but its reliance on a labeled gold data set limits the appli-
cability in domains where ground-truth annotation is expensive, difficult, or even
unattainable.

A related technique that addresses the quality of reasoning chains without requiring
labels is self-consistency, introduced by Wang et al. [30]. Rather than relying
on a single sampled reasoning chain, the method generates multiple independent
reasoning chains for the same query and selects the modal answer. The intuition
behind choosing the most frequent answer is that correct reasoning paths are more
likely to converge on the same answer, making majority agreement a good proxy for
chain quality even in absence of ground-truth labels.
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2.5 Recursive Language Models
Recursive Language Models (RLM) is a framework that allows the model to engage
in iterative retrieval and reasoning, effectively conducting a multi-step dialogue with
the data itself. The central concept of RLM, introduced by Zhang et al. [11], is
to separate the reasoning steps from the context length constraints by treating the
document corpus as an external environment the model is able to query and navigate
programmatically.

RLMs can produce outputs that include instructions for themselves. One example
could be ’Search all documents for information about Project A’, which the system
then executes, retrieves some documents, and feeds those back into the model for
the next round. If the system wants to explore interesting documents more deeply,
it can ’spawn’ sub-instances with a limited scope and specific sub-tasks. This means
that the model recursively calls itself on smaller chunks of data and propagates the
result of the sub-instance to the main iterative loop. The loop continues until the
model determines that it has enough information to answer the query [11]. This
can be seen as similar to how a human researcher would perform iterative research:
asking a broad initial question, finding some results, and asking follow-up questions
about interesting subtopics.

In theory, the RLM approach should offer several advantages for insight generation:

• A dramatic increase in effective context size. Instead of being limited to a fixed
number of tokens at once, the model can use information far beyond that by
utilizing successive steps. Zhang et al. demonstrated RLMs that handled
inputs two orders of magnitude larger than the base model’s context window
with good performance [11].

• Enabling dynamic multi-step reasoning. The model is not forced to use only a
single retrieval pass of some top-k chunks. After retrieving information, it can
decide what additional information is needed [11]. The recursive setup should
allow the model to combine pieces of information in a more sophisticated way
than, for instance, a vanilla RAG-setup that only sees disjoint chunks.

• Provenance benefits that stem from a kind of algorithmic transparency. As
the RLM breaks down problems into subproblems by recursively finding more
information and asking sub-queries, a trace of what operations it performed
is created [11]. The idea is similar to CoT, but at a higher level involving
document retrieval actions as well. The trace can be logged and reviewed,
which is useful both for the model to induce, track, and update its plans and
also for users to understand how insight was generated [31].

However, RLM comes with challenges. It can be more computationally intensive,
with multiple LLM calls and retrieval rounds. Ensuring that the recursion converges
(for instance, no infinite loops) is also a problem, but one solution could be to
limit the maximum depth. Challenges aside, RLMs are promising in the process of
mitigating some of the LLM’s limitations, allowing the model to read and reason
over data of unbounded size in a controlled manner [11].
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2.6 Comparison of Architectures
The two model architectures described in Sections 2.2 to 2.5 address the same un-
derlying problem: limited context and insufficient reasoning. However they differ
fundamentally in their approaches, as shown in Table 2.1.

Table 2.1: Theoretical comparison of RAG with CoT and RLM architectures

Dimension RAG with CoT RLM
Retrieval strategy Single-pass retrieval of top-k

chunks [9]
Iterative retrieval driven by
the model itself [11]

Reasoning approach Structured decomposition
within a single generation
call with CoT-prompting
[25]

Recursive approach where
each step can trigger new re-
trieval and reasoning [11]

Effective context Bounded by chunk size and
number of retrieved chunks
[9]

Extended across recursive
steps, theoretically un-
bounded [11]

Provenance Traced to the fixed set of re-
trieved chunks

Traced through a log of
retrieval actions and sub-
queries

Computational cost Lower: one retrieval pass,
one LLM call

Higher: multiple LLM calls
and retrieval rounds per
query

2.7 Enterprise Context and Implementation Chal-
lenges

Implementing an insight generation system in an enterprise is not only a technical de-
ployment, it also covers a socio-technical change process that must align with the en-
terprise context. A framework used to examine innovation adoption has been widely
used in recent AI adoption studies, namely Technology-Organization-Environment
(TOE) [32]. The framework has been utilized to capture the multi-dimensional na-
ture of enterprise readiness [33]. Following the usage, to break down the dimensions
further, different constructs have been suggested, and two of these are highlighted
below in Table 2.2. Hirtranusi et al. [33] suggests twelve key factors based on a
systematic literature review, while Hughes et al. [34] conducted an empirical study
to find a more focused set of five key factors.

Broadly speaking, the technological context refers to the internal technological capa-
bilities and resources that support AI deployment, such as data quality, infrastruc-
ture, and the availability of AI tools. Organizational context encompasses internal
factors in the organization that affect adoption, such as leadership support, culture,
human competencies, and trust. Environmental context covers the external envi-
ronment, including market and industry pressure, and the regulatory and ethical
environment [33].
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Table 2.2: Two suggested Technology-Organization-Environment constructs

Dimension Hirtranusi et al., 2026 [33] Hughes et al., 2026 [34]
Technology System capability

Data and analytics readiness
Technology usability
Innovation capability

Complexity
Relative advantage

Organization Strategic and managerial sup-
port
Human and structural readiness
Cultural and governance align-
ment
Knowledge and learning

Staff skills
Change capacity

Environment Regulatory and policy context
Market dynamics
Collaborative ecosystem
Social legitimacy and ethics

Regulatory environment
(also labelled regulatory chal-
lenges)

Notably, Hirtranusi et al. [33] emphasize that the TOE framework’s three contexts
are not independent silos but interdependent factors, meaning that the individual
contexts, the following constructs, and the interdependencies should be analyzed.

In this thesis, the TOE framework provides a theoretical lens for examining the
implementation of the insight generation system. It offers a structured way to orga-
nize the organizational findings from the thesis, mapping the empirical observations
to TOE constructs and thereby systematically identifying important factors when
implementing an insight system. The usage also ensures that all relevant influences
are considered rather than focusing narrowly on the technology.
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3
Methods

This chapter describes the research design and the methods that are utilized to
answer the research questions. It begins by discussing the case study context and
the overarching Design Science Research approach. Thereafter, it explains the ex-
ploratory interview study, the use case prioritization process, and the system design
principles. The chapter also addresses the evaluation design and concludes with eth-
ical considerations regarding data handling and reporting throughout the project.

3.1 Case Study Context
This thesis uses a single-case study approach, situated within a specific enterprise.
Yin [35] describes a case study as an inquiry that examines a current phenomenon
in depth within its real-world context. The approach is especially fitting when ’how’
or ’why’ research questions are posed, when the researchers have little control over
events, and when the study focuses on a real-world present-day phenomenon, mean-
ing it is not fully historical. All three conditions apply in this thesis: asking how
language model techniques can generate insights from internal data, the organiza-
tional setting and its constraints cannot be manipulated experimentally, and the
relationship between the system and its enterprise context is itself central to the
study.

A common concern with single-case research is the extent of generalizability of find-
ings. Flyvbjerg [36] addresses the exact concern directly, arguing that the belief
that one cannot generalize from such a study rests on several misunderstandings
of the role case studies play in knowledge production. A single case can serve
as a critical test of theory, generate transferable knowledge, or provide concrete,
context-dependent insight that purely abstract studies cannot offer. In design sci-
ence research, the goal is not statistical generalization from a studied sample to
an entire population, but rather analytical generalization, where the case can be
used to highlight theoretical propositions and design principles [35]. This is in line
with the sought-after contributions, aiming to produce transferable insights about
pipeline architectures and enterprise implementation factors derived from a focused
study within one real setting.

The case organization is Essity, a Swedish global company specializing in hygiene and
health products. Essity operates in around 150 countries, with approximately 36,000
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employees, and develops products across four business areas: Health & Medical,
Personal Care, Consumer Tissue, and Professional Hygiene [37].

The study was performed within the R&D division, responsible for product develop-
ment, material science, packaging innovation, and engineering. The division oper-
ates through teams that span technology areas, laboratory testing, prototyping, and
consumer insight. Over time, such teams generate a substantial amount of internal
documentation, well-suited for a single-case study.

3.2 Design Science Research
This thesis follows a Design Science Research (DSR) approach [38], complemented by
a qualitative organizational analysis. The combination mirrors the research question
setup in this thesis. RQ1 calls for the construction and comparative assessment of
technical artifacts, while RQ2 requires an understanding of the organizational factors
found in the context where those artifacts will operate.

Design science research, as presented by Hevner et al. [38], seeks to extend both
organizational and human capabilities through the creation of novel artifacts. Unlike
natural sciences, which aim to explain or predict natural phenomena, DSR is instead
prescriptive. This paradigm shifts the focus from observing and analyzing an existing
reality to a creative exploration of what could be, thereby enabling the development
of innovations that tackle problems traditional methods may fail to address [38]. In
this paradigm, knowledge is not only generated by observing and theorizing, but also
through the process of building and evaluating a designed solution to an identified
problem. The approach is suited for research that sits in the intersection between
technology, people, and organizations [38], which describes this thesis precisely.

Peffers et al. [39] employed the paradigm in a process model consisting of six ac-
tivities: problem identification and motivation, definition of objectives, design and
development, demonstration, evaluation, and communication. This thesis follows
the first five phases. The sixth, communication, is excluded from the thesis as it
concerns the distribution of findings rather than the production of such findings. In
a thesis context, the report and its defense fulfill this function. The activities did
not proceed strictly in sequence but iterated throughout the project. The activities
are shown in Figure 3.1.

The first two activities, problem identification and objective definition, are addressed
through an exploratory interview study (Section 3.3) and the subsequent use-case
prioritization (Section 3.4). Interviews with stakeholders across the organizations
surfaced concrete needs and important factors to consider.

The design and development activity corresponds to the construction of the two
insight-generation pipelines. Both pipelines were developed iteratively within the
enterprise’s environment, with design choices informed by design methodology (Sec-
tion 3.5).

The demonstration and evaluation activities were performed through the launch of
the system within the enterprise. Furthermore, a comparative study is performed
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where key users test both pipelines against the same query set. That evaluation
combines both quantitative and qualitative measures (Section 3.6).

1. Problem
Identification
& Motivation

2. Definition
of Objectives

3. Design &
Development

4. Demonstration

5. Evaluation

6. Commu-
nication (not

in scope)

Exploratory study &
use case prioritization
(Sections 3.3 & 3.4)

Pipeline design &
development (Section 3.5)

Launch & evaluation
(Section 3.6)

Figure 3.1: DSRM process activities and their mapping to thesis sections.

The organizational analysis that addresses RQ2 is based on the qualitative data
gathered during the exploratory phase together with continuous observations. Find-
ings are interpreted through the TOE [32] framework which provides a structure
for identifying factors affecting implementation of insight-generation systems in en-
terprise settings. The analytical component does not follow the DSR-model, but
contributes as a complementary behavioral perspective, much in line with Hevner et
al.’s [38] observation that design science and behavioral science are both important
to systems research.

3.3 Exploratory Interview Study
The thesis utilizes an exploratory, qualitative study aimed at capturing stakeholder
perceptions about AI opportunities, data availability, and organizational factors. In
terms of the DSR-process, this addresses the two initial activities: problem iden-
tification and definition of objectives. The inquiry also serves a second purpose
of supplying qualitative data. The data acts as a basis for analyzing enterprise
implementation factors through the TOE-framework.

Several authors reinforce the importance of this preparatory work. In a study by
Hofmann et al. [40], the study relates to the ’Preparing’, ’Discovering’, and ’Un-
derstanding’ steps for developing purposeful AI use cases. The steps require a sys-
tematic gathering of domain-specific information about processes, data availability,
security concerns, and organizational challenges. Interviews supply these inputs by
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exploring problems, opportunities, and dependencies for assessing feasibility and fit.
Furthermore, Bodendorf [41] reinforces why this exploratory study is needed. Orga-
nizations typically face barriers such as weak overall AI strategies, unclear returns
on investment, lack of data quality and availability, limited expertise, and lack of
acceptance. A structured, extensive planning step that captures high-value tasks,
data constraints, and stakeholder needs is therefore essential to mitigate risks.

3.3.1 Participant Selection
Twenty-one stakeholders were interviewed, selected to broadly represent many roles
and functional areas within and adjacent to the R&D division. Participants included
product developers, scientists, engineers, laboratory staff, technology area managers,
coordinators, IT specialists, and consumer insight managers. The selection aimed
for diversity rather than statistical representativeness, following the case study logic
[35]. A full list of participants can be found in Appendix A.

3.3.2 Interview Design
The interviews followed a semi-structured format. Semi-structured interviews differ
from standardized survey interviews in that they do not follow a fixed order for
asking questions. Instead, they are guided conversations that follow some thematic
prompts, allowing for a free dialog [42]. They aim to help respondents express
their experiences and observations in their own terms. They are effective because
the flexibility uncovers motivations, beliefs, and insights that rigid, standardized
questions would miss [43]. Questions revolved around five areas: Background and
Role, Data Sources, Current Pain Points, AI Opportunities and Use-cases, and
Additional Input. The full interview guide is shown in Appendix B.

3.3.3 Data Analysis
The interview data are analyzed using thematic analysis following the six-step pro-
cess described by Braun and Clarke [44]: familiarization with the data, generation of
initial codes, search for themes, review of themes, definition and naming of themes,
and production of the report. The analysis was driven by the participants’ own
opinions, allowing themes to surface from the material rather than being forced in
advance. The resulting themes were subsequently investigated through the TOE-
framework, connecting empirical findings to the theoretical structure.

3.4 AI Opportunities: Use Case Prioritization
Following the interview study, a structured transition from exploratory findings to
actual design inputs was needed. The interviews surfaced important findings around
TOE-factors, but also revealed a range of potential AI use cases. The potential cases
were not all equally feasible or valuable, therefore a prioritization step is necessary
to determine what to focus on and to derive requirements for system design.
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Use case prioritization has been addressed by both academic frameworks and leading
companies, with most approaches converging on two-axis scoring models that bal-
ance business value against implementation constraints. Industry examples include
Google Cloud’s value-actionability-feasibility matrix [45], OpenAI’s impact-effort
method [46], and BCG’s finding that leading companies achieve better outcomes by
prioritizing fewer, higher-value use cases [47]. Weber et al. [48], formalize the same
logic academically along two core dimensions: business orientation and implementa-
tion complexity. In this thesis, their framework serves as the primary scoring model.
However, the composite dimensions were broken down differently and adapted to
the specific enterprise constraints for this thesis, as showcased in Table 3.1.

Table 3.1: Prioritization Dimensions and Weightings

Dimension Sub-criterion Weight

Business Orientation (BO)
Strategic Alignment (0–5) 0.40
Value Potential (0–5) 0.40
Reach (0–5) 0.20

Implementation Complexity (IC)
Implementation Feasibility (0–5) 0.40
Data Accessibility (0–5) 0.20
Data Sensitivity (0–5) 0.40

Final Prioritization Score BO vs. IC 0.50/0.50

The scoring model is then based on grading each composite dimension between 0
and 5 and aggregating the scores along the core dimensions, according to predefined
weights. The final prioritization score combined business orientation and implemen-
tation complexity with equal importance, reflecting that neither dimension should
dominate the selection as a use case must be both valuable and feasible.

3.5 System Design
In this thesis, two different insight generation systems are designed and constructed,
which relate to the third activity in the DSR-process: design and development.
Hevner et al. [38] characterizes this activity as inherently iterative, following a
generate-test cycle in which designs are produced, evaluated, and later refined. This
principle guided the development throughout. Rather than producing a fully spec-
ified system and then implementing it, each pipeline was developed incrementally
and revised based on stakeholder feedback.

A related concern is that design science methods often focus excessively on technical
factors at the expense of organizational context. Sein et al. [49] argue that IT
artifacts are formed by organizational settings both during development and during
use. They claim that building, organizational intervention, and evaluation should be
interwoven rather than sequential activities. This perspective informed the approach
in this thesis: the pipelines were not designed in isolation and then shipped off for
testing. Instead, development was performed in close collaboration with domain
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stakeholders and was based on ongoing insight on what constitutes a valuable on
design, output formats, and constraints to respect.

The design drew on the established theoretical foundations. The first pipeline builds
on architecture proposed by Lewis et al. [9], with a reasoning layer built on tech-
niques by Wei et al. [25], Kojima et al. [26], and Zhang et al. [27]. The second
pipeline builds on the Recursive Language Model framework introduced by Zhang
et al. [11].

Since the system was designed for use by real stakeholders, the user interface should
follow some user-centric approach. Sharp et al. [50] argue that a user-centered
approach within interaction design should be grounded in understanding who the
users are, what they are trying to achieve, and where the interaction takes place,
while using iterative cycles of prototyping and evaluation involving actual users
throughout the process. Norman [51] emphasizes the importance of designing around
the users conceptual models or mental models rather than internal system logic. The
resulting system interface should communicate its functionality in a way that aligns
with how people naturally think and act. These principles guided the design through
collaboration with a user-centric design coach within the organization, whose role is
to assist in developing intuitive and accessible interfaces prior to application launch.

3.6 Evaluation Design
To ensure rigor in the evaluation strategy that aligns technical performance with
business utility, while adhering to the DSR-paradigm, this project will employ the
Framework for Evaluation in Design Science (FEDS) [52].

The FEDS framework is designed to guide researchers in planning and implementing
the evaluation of solution artifacts within DSR. The framework proposes a four step
method to create the evaluation design. These steps consist of analyzing the require-
ments for the evaluation, mapping requirements to evaluation strategies, selecting
an appropriate evaluation method, and designing the evaluation in detail [52].

3.6.1 Analyzing Requirements for Evaluation
The first step of FEDS involves defining the overarching objectives of the evaluation.
This is to ensure they align with the research’s constraints and purpose. According
to Venable et al. [52], this requires identifying, analyzing, and prioritizing all the
goals and requirements for the evaluation. This includes determining evaluands, the
nature of the evaluands, constraints, and the required rigor of the evaluation [52].

In this project, the RAG and RLM are identified as the primary evaluands. The
requirements are derived from the overarching goal of the project and were decided
to be categorized into three core areas:

• Technical Rigor: Given the stakes of the data, the system has a low tolerance
for hallucinations and factual inaccuracies. The evaluation should thereby
prove that insights are derived strictly from the provided context.
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• Socio-Technical Fit: As the project aims to explore how these systems fit
within an enterprise setting, the evaluation should measure how effectively the
models bridge the gap between technical ability and user utility.

• Contextual constraints: Due to data sensitivity, the evaluation has to be
performed in a controlled, company approved environment.

How the three requirements are met is explained in detail in the subsequent sections.

3.6.2 Mapping Requirements to Evaluation Strategies
In this step, the required contextual factors from step 1 are mapped to a specific
strategy in the DSR evaluation strategy framework. This process involves matching
the projects specific goals, artifact properties, and resource constraints against two
criteria dimensions defined by Venable et al. [52].

Venable et al. explain that the selection of an appropriate strategy is made with the
help of a two-dimensional framework that relates strategies to the dimensions of ex
ante vs ex post and artificial vs naturalistic.

• Ex Ante vs. Ex Post: This dimension distinguishes between evaluations
performed prior to or during the artifact’s construction (Ex Ante) and those
performed after the artifact has been created (Ex Post).

• Artificial vs. Naturalistic: This dimension refers to the evaluation envi-
ronment, distinguishing between controlled settings (Artificial) and real-world
contexts (Naturalistic).

By relating the contextual factors to criteria for these dimensions, the framework
provides a map to four quadrants, where each quadrant contains a set of suitable
strategies. Venable et al. also note that many different strategies can be chosen,
and a project does not need to be limited to only one quadrant [52].

This study adopts a hybrid evaluation strategy, including both the Artificial Ex
Post and Naturalistic Ex Post quadrants. This is to enable controlled technical
benchmarking with real-world organizational feedback.

The Artificial Ex Post strategy will act as a technical verification gate. This is to
baseline the technical abilities of the systems before testing on organizational data.

The Naturalistic Ex Post strategy will work as a comprehensive organizational-
centric evaluation metric. This is done by evaluating the models in its intended
setting with real user considerations. The evaluation will thereby reflect true orga-
nizational value.

3.6.3 Selecting Appropriate Evaluation Method
The third step is to choose an appropriate evaluation method based on the cho-
sen strategies. This is done using a DSR evaluation method selection framework,
which relates the quadrants in the evaluation strategy framework to quadrants with
appropriate evaluation methods.
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For the artificial strategy, an automated testing method was chosen and imple-
mented, drawing inspiration from the RAGAS framework [53], which employs an
LLM-as-a-Judge approach, where a separate language model is responsible for scor-
ing [54]. The paradigm combines the scalability of automatic evaluation with contex-
tual awareness closer to human judgment, although it may introduce known biases,
such as positional effects, that must be accounted for in the interpretation of results
[54]. Even so, the method was chosen as it provides a cost-effective and scalable
evaluation that provides a baseline technical benchmark before including human
evaluation. The method is further explained in Section 3.6.4.

For the naturalistic strategy, a quantitative survey method was chosen. This method
will measure dimensions of perceived value, trust, and accuracy of the systems.
These dimensions are critical aspects that automated metrics cannot objectively
measure, as they are subjectively perceived. Thereby, the survey evaluates the align-
ment between the system output and the user’s mental models [51]. The strategy is
expanded upon in Section 3.6.5.

3.6.4 Designing Automated Evaluation in Detail
The last step is planning the evaluation in detail. Details like how different evalu-
ation will fit together and in which order to execute the evaluation will be decided
[52]. For this project the focus will be on how to fairly compare the linear RAG
model with the multi-step RLM model.

To ensure that the RAGAS evaluation is grounded in representative real-world data,
the evaluation will utilize a modified version of the RAGAS testset generator. Mod-
ifications was made to ensure compatibility with company approved LLM service-
point. The module uses the LLM to generates an evaluation set consisting of 80
questions and ground truth pairs [53]. To test the reasoning ability of the systems,
the dataset generator will use a question-generating distribution with a high percent-
age of multi-step, specific, and abstract queries. Specific queries are questions that
ask for direct facts and don’t require complex reasoning to answer. Abstract queries
are, on the other hand, intentionally phrased to have an increased complexity that
requires reasoning to be answered. The numbers for each strategy is the following:

• Single-Hop Specific Query: 20

• Multi-Hop Specific Query: 30

• Multi-Hop Abstract Query: 30

The Multi-Hop Queries are constructed so that the model has to synthesize informa-
tion across different parts of the corpus [53]. This explicitly addresses the technical
aspects of limited context and reasoning.

Comparing the RAG system with the RLM using the RAGAS framework is not
trivial. This is because the internal processes of the two models differ, which will
affect metrics that are not model-agnostic. To address this issue, this thesis proposes
a two-step approach.
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1. Model agnostic metrics: These metrics are agnostic to the inner workings of
the model and are just conditioned on the provided output of the model. The
evaluation of the two models works identically. Using Ragas’ recommended
metrics as a guide, the following relevant metrics were selected.

• Answer Correctness: Evaluates the semantic similarity between the
generated answer and the test set ’ground truth’

• Answer Relevancy: Evaluates how directly connected the answer is to
user intent

2. Model specific metrics: To evaluate the technical rigor, regarding how well
the model adheres to grounding the answers in the provided context, model-
specific metrics are also required.

• Faithfulness: Evaluates the proportion of generated claims that can be
supported by retrieved documents. For RAG, it will be based on the
provided context documents. For the RLM, the evaluation will be based
on context summaries retrieved from subsystems [53]. Context retrieved
in the root system is not used for grounding an answer and is thereby
omitted in the evaluation.

All three metrics are implemented based on the RAGAS definitions using LLM-as-a-
judge, instructed to score the results from 0 (low) to 1 (high). The specific prompts
used are shown in Appendix C. In addition to the three RAGAS based metrics,
token usage and latency were recorded to allow for a cost-effectiveness comparison.

3.6.5 Designing Expert Evaluation in Detail

While the Ragas framework method provides an objective evaluation of the baseline
technical performance of the models, it does not directly measure the user value of
the system as this is realized through the organization’s interaction and interpreta-
tion of outputs [49]. To evaluate this value, a quantitative survey method is used.
The survey is grounded in the principles of User-Centered Design [50] and Mental
Model Alignment [51]. Using a 5-point Likert scale [55], the survey is designed to
measure three perceived quantities, where the values 1, 3, and 5 are anchored by ex-
plicit descriptions, as shown in Table 3.2, and 2 and 4 are interpreted as intermediate
values. The quantities scored are the following:

• Utility: The insights provided are useful and non-trivial.

• Alignment: The answer and reasoning logic aligns with the question.

• Trust: The answer is correctly grounded and is considered trustworthy.
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Table 3.2: Scoring rubric for expert evaluation dimensions

Dimension 1 3 5
Utility Trivial, irrelevant or

non-factual
Somewhat useful Highly useful and

non-trivial
Alignment Does not address the

question
Addresses the ques-
tion with some gaps

Fully and directly
addresses the ques-
tion

Trust Would not use with-
out thorough verifi-
cation

Would use with
some caution

Would confidently
use at face value

To test these qualities, queries are collected from system stakeholders with instruc-
tions to represent real-world questions. A total of 40 sample queries are executed
across both systems, yielding query-answer pairs for the two models. Each pair is
distributed to three separate domain experts, all of whom had general knowledge of
the domain as a whole and specific sub-domain knowledge.

Full coverage by all three experts on every query is not feasible. This is because
domain experts has limited availability, and some queries will fall outside individual
experts’ areas of knowledge. For these scenarios, the experts are instructed to skip
rather than guess. The unbalanced coverage is accepted as to retain the full 40-
query breadth of queries, which spans multiple sub-domains instead of restricting
the evaluation to a smaller and more general subset that all three experts could
complete fully. To minimize bias, the question and answer order is shuffled so
experts are unaware of which pipeline produced what answer.

Since every expert rating on a query is rated for both pipeline outputs, the design
is paired for each expert-query. This means each query rated by an expert yields
a direct comparison of pipeline scores. Pipeline preference is therefore primarily as-
sessed on paired differences, calculated by subtracting the RLM score from the RAG
score. Regarding the paired differences, positive values signify a higher score for the
RAG output. Statistical significance is derived using the Wilcoxon signed-rank test
[56], pooled across all comparisons. For each metric, results are summarized by two
complementary statistics. The median delta captures the typical magnitude of the
score gap between pipelines, and the share of expert-query comparisons favoring each
pipeline captures how consistently one was rated higher. The two summaries are
complementary, where the median captures the effect size, while the share captures
the prevalence.

As a final visual complement, the aggregated score distributions for each metric will
also be included. Given that the distributions are highly dependent on the prefer-
ences and evaluation frequency of individual evaluators, which is a very small set
(n = 3), the distributions are not used to draw any statistically significant conclu-
sions. Instead, they are reported only as a visual reference for where each pipeline’s
ratings concentrate on the five-point scale, complementing the paired analysis.
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3.7 Ethics
The project handles internal company documentation and must comply with data
protection standards. The following subsections outline the main risks identified
and the measures taken to mitigate them.

3.7.1 Information Leakage
The documentation used in the project may contain sensitive operational or business-
critical information. To prevent unintended disclosure or information leaks, all data
processing takes place exclusively within Essity’s secure and access-controlled en-
vironment. Documents are not exported, transferred, or stored outside approved
systems. Sensitive personally identifiable information is masked during the docu-
ment parsing process, ensuring that such information is not sent to the LLM or
provided to the system users.

3.7.2 Model Hallucination and Provenance
LLMs may generate fabricated or speculative information. To address this, all model
outputs used in the study will be grounded in verifiable documents. Provenance
tracking is enforced so that responses can be traced back to original sources. In
the application interface, users are instructed not to act on any output that lacks
document support, as it should be treated as unverifiable and invalid.

3.7.3 Disclosure in Reporting
Examples and visualizations presented in the thesis report carry a risk of uninten-
tionally revealing internal data. To mitigate this risk, no real document fragments,
project identifiers, personal data, or sensitive terminology are quoted directly. Ex-
amples are rewritten or paraphrased to show patterns without exposing the true
organizational content. Information about the dataset is only presented in aggre-
gated form, never showcasing any real content.

3.7.4 Ethical Use of AI
The system is intended for internal insight-generation. It is not designed to act
autonomously in any way, but to assist employees in understanding and navigation
of complex, and sometimes messy documentation. Model outputs should therefore
be interpreted as supportive guidance rather than authoritative answers. The model
interface will display a warning of this kind.

From an ethical standpoint, this approach ensures that the model does not mislead
users into relying on AI-synthesized information. Using the information without
domain oversight could result in misunderstandings or incorrect conclusions. With
human interpretation, the project avoids these risks and ensures that expert judg-
ment remains a key element in the process.
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4
Exploratory Findings and Design

Requirements

This chapter reports the empirical findings from the exploratory study of the project.
It presents the results of the thematic analysis of stakeholder interviews and maps the
findings to the TOE framework. Then, the outcome of the use case prioritization is
demonstrated, showcasing the selection of project documentation as the target data
domain. The chapter concludes with a translation of exploratory findings into a set
of functional and non-functional design requirements for the technical solution.

4.1 Thematic Analysis of Interviews
As detailed in Section 3.3, the interview data were analyzed using thematic analysis.
The analysis revealed four themes that together depict a coherent picture: locating
relevant insights often required manual effort and depended on individual memory
rather than systematic retrieval.

Theme 1: Fragmented knowledge ecosystems limit efficiency

Across roles and teams, participants described working within complex environments
composed of multiple independent systems. The systems were, for instance, used
to manage knowledge, laboratory information, project data, material data, or sup-
plier documents. The platforms contain large volumes of both structured and un-
structured data, but operate with little to none interoperability. The result is that
individuals may know that relevant information or data should exist within the
organization, but cannot locate or combine it efficiently.

Three subthemes were observed within the theme. First, interviewees pointed to
scattered data systems without cross-system searchability. Second, there was an
observed difficulty in reusing historical work, noting that outcomes and ideas were
sometimes hard to discover. Third, inconsistencies in nomenclature and archiving
were described as obstacles to navigating documentation across teams.

“Finding information about product specifications takes time, it is unnecessary,
it becomes very manual. The data exists internally, but you mainly end up
emailing people” - Interviewee 6
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Theme 2: Time-consuming manual processes

A direct consequence of the fragmented knowledge landscape is that individuals
within the organization spend time on low-value information tasks. Interviewees
reported long searches through systems to locate correct files, repetitive administra-
tive documentation and management, and inefficient cycles. The manual processes
reduce the capability available for higher-value work.

The specific realizations varied across interviews, but the underlying pattern was
the same. Time is spent gathering information rather than acting on it. The reg-
ulatory domain emerged as a particularly interesting example, where volumes and
complexity of EU legislation pose a significant challenge. However, other partic-
ipants described similar patterns in their own domains, not having trouble with
coming up with areas with a desire for improved workflows.

“It is a large document that is updated periodically, simply trying to understand
the requirements demands substantial time and effort” - Interviewee 10

Theme 3: Organizational desire for AI-based acceleration

Despite the diversity of operational contexts represented in all interviews, many
participants mentioned a shared ambition: AI systems could strongly accelerate in-
terpretation, search, and concept exploration. Four categories of envisioned applica-
tions were discussed during interviews: search and summarization agents, analytical
and predictive tools, regulatory interpretation tools, and concept generation tools.

The breadth of the four categories is notable. Although, across teams, AI was
framed not as a replacement for expertise but as a means of reducing time spent
on low-value tasks. Search and summarization agents were the most frequently
mentioned application. Participants across nearly all functions expressed interest
or experience with Copilot-style tools that can retrieve and synthesize information
across systems. Worth noting was that every interviewee mentioned the need for
referencing of sources in discussions around such agents.

“AI is a tool that can break a barrier for us, especially when it comes to ...”
- Interviewee 7

Theme 4: Need for connected and trustworthy data-driven workflows

The last theme captures conditions that were expressed as prerequisites for successful
AI adoption. Rather than describing what AI should do, it addresses what the
organization and its ecosystem must provide for AI to deliver value.

During the interviews, verification and traceability surfaced as the most common
concerns. It was emphasized that a central feature is that AI must refer to source
documents, to avoid creating misleading content. It was noted that a system pro-
ducing answers without references would be worse than no system at all. Unified
data structures were seen as necessary groundwork. Interviewees shared a desire for
harmonized nomenclature, shared archiving setups, and consolidated repositories.
Future-proofing requires that systems are not static, instead it should automatically
incorporate new data, as long-term maintainability is important.
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“An answer would need to give a pointer to the system and a brief reference for
why it was suggested. That alone would save an incredible amount of time”
- Interviewee 20

Table 4.1 summarizes the four themes, their definitions, and associated subthemes.
Then, Table 4.2 provides an overview of how the four themes connect to each TOE-
dimension and its constructs.

Table 4.1: Summary of interview themes

Theme Definition Subthemes
Fragmented
knowledge
ecosystems

Extensive, but scattered
knowledge resources with
low interoperability across
systems

Scattered data systems, Diffi-
culty reusing historical work,
Nomenclature and documen-
tation inconsistencies

Time-consuming
manual pro-
cesses

Significant time spent on low-
value information tasks due to
fragmentation

Manual search for data, Ad-
ministrative overhead, Ineffi-
cient iteration cycles

Desire for
AI-based accel-
eration

Aspiration for AI tools that
accelerate search, interpreta-
tion, prediction, and ideation

Search and summarisation
agents, Predictive tools,
Regulatory interpretation,
Concept generation

Trustworthy
data-driven
workflows

Prerequisites for AI adoption
including traceability, data
quality, and governance

Verification and traceabil-
ity, Unified data structures,
Future-proofing

Table 4.2: Mapping of interview themes to TOE dimensions and constructs

Dimension Themes Constructs touched Key observations
Technology 1, 2, 3, 4 System capability, Data

and analytics readiness,
Technology usability,
Complexity, Relative
advantage, Innovation
capability

Limited integration and
usability across platforms.
High workflow complexity
currently. Strong recogni-
tion of AI potential.

Organization 1, 2, 4 Human and structural
readiness, Cultural and
governance alignment,
Knowledge and learning,
Staff skills, Change capac-
ity

Fragmented documenta-
tion and data systems
hinder knowledge man-
agement and retention.
Governance alignment
viewed as essential for
sustainable adoption.

Environment 2, 3, 4 Regulatory and policy
context, Collaborative
ecosystem, Social legiti-
macy and ethics

Obligations and supplier
collaboration drive both
manual workload and de-
mand for AI-assistance.
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The technology dimension was most broadly represented, showcased in all four
themes. This reflects that the interviews were conducted in a technology-oriented
R&D setting. The organizational dimension is shown primarily through the barriers
to knowledge reuse and governance requirements for AI adoption. The environmen-
tal factors are mainly anchored in regulatory pressure and external collaboration.

4.2 AI Opportunities
Along with the thematic analysis, the interviews surfaced a wide range of potential
AI applications. To transition from broad opportunities within insight generation
to a focused implementation scope, these were prioritized.

Stage 1: Initial Scoring

A total of 41 AI use cases were identified across eleven areas. Each use case was
scored in consultation with domain experts based on the criteria defined in Table
3.1. Several patterns emerged at the first stage. Many use cases were business
relevant but were held back by implementation complexities, often due to lacking
data accessibility. Use cases tied to well-structured datasets often performed better.
Scores ranged between 2.2 and 4.3 with a median of 3.2.

Stage 2: Shortlisting

The five best performing use cases with the highest aggregated scores were selected
for a deeper shortlist review. The five shortlisted use cases spanned several func-
tions and are described generically in Table 4.3 to avoid violating confidentiality
constraints.

Table 4.3: Shortlisted use cases with aggregate scores

AI use case Weighted Score
Project learning retrieval 4.3
Regulatory interpretation assistant 4.0
Method retrieval assistant 4.0
Synthetic preference generation 3.6
Idea clustering 3.5

Stage 3 & 4: Feasibility Deep-dive and Final Selection

The shortlisted use cases were examined further with regard to data extraction,
repository structures, potential integration, and additional stakeholder input. This
expanded review brought forward constraints that the initial scoring could not cap-
ture. The methods retrieval assistant was removed at the deep-dive.

For the final selection, after confirming technical feasibility and data availability, the
use case with highest business orientation emerged as the strongest overall candidate.
A project-knowledge retrieval system enabling improved access to historical learnings
and documentation across projects. Other use cases were saved as back up, and for
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future development within the organization. A further explanation of the selection
of project documentation as data domain is motivated in Section 4.3.

A summary of the prioritization and selection is showcased in Figure 4.1.

41 use cases
Full scoring

5 shortlisted
Highest scores

4 remaining
Post deep-dive

1 selected
Project insight

agent

Stage 1:
Initial scoring

Stages 2–3:
Shortlisting & feasibility

Stage 4:
Final selection

Figure 4.1: Use case prioritization funnel across three evaluation stages

4.3 Selected Domain: Project Documentation
The prioritization identified project documentation as the most suitable data domain
for the insight-generation system.

The project documentation collection at the R&D division has accumulated over
decades. In this thesis project, four types of documents were used: knowledge briefs,
project final reports, product development reports, and knowledge area documents.
At the time of the initial data collection, 600 documents were available and accessi-
ble. Knowledge briefs are crafted summaries of specific findings, targeted to transfer
insights to a broader audience. Project reports and product development reports
are more extensive documents, covering additional activities such as problem state-
ments, designs, results, and conclusions. The knowledge area documents summarize
outcomes and learnings from many projects within a topic area.

All four types of documents include project-specific details and learning outcomes,
which means the corpus is well-suited for the types of insights defined in Section 1.1.
Project documentation with its mix of decisions, outcomes, and learnings, provides a
well-suited and natural foundation for cross-referential tasks such as finding recurring
themes, transferable insights, and connections between separate projects.

The documents were suitable as they are predominantly text-based and follow struc-
tured or semi-structured formats. They were stored in accessible repositories without
requiring tedious data exports from external services. Data sensitivity was at a man-
ageable level. The data domain also contained few infrastructure dependencies that
could cause problems.

The interview study provided direct evidence for the value of the project docu-
mentation corpus. stakeholders across nearly every function described the value of
efficiently retrieving and reusing knowledge from prior projects. Several participants
noted that sometimes documented project files and outcomes could be lost, for in-
stance, if a project team disbands or the project leader leaves the organization. The
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corpus therefore represents organizational knowledge that is rich in content, but un-
derutilized in practice. The content is also often cross-referential, meaning that real
enterprise questions about the data often require synthesizing information across
multiple documents and drawing intermediate conclusions.

4.4 Translated Design Requirements
The exploratory findings combined with the characteristics of the enterprise and the
selected use case were translated into a set of design requirements for the insight
generation system. They are organized into functional requirements (FR), specify-
ing what the system should be able to do and non-functional requirements (NFR),
specifying how it should operate.

In Table 4.4, the list of requirements bounding the solution space for system design
are shown. In addition, the source of the requirement is stated.

Table 4.4: Design requirements derived from exploratory findings

ID Requirement Type Source
FR1 Natural language query-

ing of project data
Functional Themes 1, 3

FR2 Support for single-
document, cross-project,
and multi-step queries

Functional Theme 3

FR3 Provenance tracing to
source documents in ev-
ery answer

Functional Theme 4

FR4 Explicit indication when
evidence is insufficient

Functional Theme 4

NFR1 All processing within ap-
proved computing envi-
ronment, no data export

Non-functional Enterprise policy,
Theme 4

NFR2 No fine-tuning on com-
pany data, prompting
and retrieval only

Non-functional Delimitation (Sec-
tion 1.4)

NFR3 Outputs framed as guid-
ance, not authoritative
answers

Non-functional Theme 4

NFR4 Interface usable without
technical training

Non-functional Themes 2, 3

NFR5 Accommodate new docu-
ments without manual re-
configuration

Non-functional Theme 4
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5
System Design and

Implementation

This chapter describes the design and construction of the two insight-generation
pipelines. The design follows the iterative, generate-test approach established in
Section 3.5, where each component was developed incrementally alongside input of
the stakeholders. The following sections first outline the shared architecture and
preprocessing pipeline, before detailing the specific configurations for the RAG and
RLM pipelines.

5.1 Architecture Overview

The system is designed modularly, with independent components. The main archi-
tecture can be divided into the following components:

• Preprocessing pipeline: Handles the process of extracting raw data, clean-
ing data, and storing the data in a structured database.

• Model pipeline: The core of the system, which handles the execution logic.
Designed to support either the RAG or the RLM pipeline.

• Frontend: The user interface to the system. Handles the logic of passing
queries and retrieving results to the selected model. The interface accepts
plain natural language queries and presents responses in plain text with cited
sources, requiring no configuration and low technical knowledge from the user,
which is in accordance to the NFR4 requirement. The specific implementation
details are not the focus of this report.

The structure ensures separation of data processing, model reasoning and retrieval,
and user interaction. The infrastructure of the system is hosted on a cloud platform
which handles data storage, computing and hosting internally. All processing and
model inference takes place within this approved company approved environment,
satisfying the constraints established in NFR1. Figure 5.1 visualizes the architecture
with the flow of data and requests explicitly stated.
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Figure 5.1: System Architecture

5.2 Data Pipeline

The data pipeline provides the foundational data used in the system. The pipeline
is designed to be scalable and flexible. The pipeline should thereby be able to parse
and structure the data from a custom number of raw documents. This structure
ensures that the pipeline can run and ingest new documents efficiently and without
additional manual work, which is in accordance with requirement NFR5.

The pipeline operates as an offline, batch process that is triggered on demand or by
a configured scheduler. The pipeline produces three distinct artifacts.

• Tabular Data, containing plain-text and vectorised text chunks, and meta-
data

• Corpus, containing all plain-text data contained in a structured JSON file

• Summary catalogue, a hierarchical JSON catalogue describing the docu-
ment collection at multiple levels of granularity.

The final preprocessing pipeline is visualized in Figure 5.2.
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Figure 5.2: Preprocessing Pipeline

5.2.1 Document Ingestion and Parsing
The pipeline is initialised with a pointer to a designated source folder on the cloud
platform, containing all raw data. The pipeline logic operates incrementally. The
first step is to by enumerate all files in the folder comparing the set of files against the
documents already processed. Then, it proceeds to process only the new documents,
avoiding recomputation if documents has already been parsed. The next step is to
route each one to a specific parser module based on file extension type. The routing
process is configured to support PDF, Microsoft Word and Microsoft PowerPoint
files. All the individual modules output a common plain-text representation which
is passed downstream. The routing is designed to be extendable, which would allow
it to handle additional file types to be supported in the future.

5.2.2 Personal Identifiable Information Masking
Before the text is stored or indexed it passes through a Personal Identifiable Infor-
mation (PII) masker. A rule-based analyzer scans each document for personally
identifiable information using pattern recognition. Current configurations include
email, telephone numbers, and physical addresses. The information identified is
replaced with anonymous placeholders that signal masked content. This step is
applied to all documents to reduce the risk of sensitive information being surfaced.

5.2.3 Chunking and Vector Storage
Following PII masking, the parsed text is passed through a chunking module. This
module chunks the text deterministically in 800 characters chunks, using an overlap
of 100 characters. This size was chosen to be large enough to capture a coherent
unit of knowledge, while remaining small enough to preserve semantic consistency
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within each chunk. Each chunk is linked with its source document identifier and its
position within the document, expressed as an integer page index. Each chunk is
then embedded using a cloud-hosted embedding model and stored, together with its
text and linked metadata, as a row in a SQL table. A cloud hosted vector search
index is maintained over this table, thus enabling semantic retrieval of the chunks
and corresponding metadata.

In parallel with the table write, the pipeline saves the text from each document to
a structured JSON file, referred to as the corpus. This file provides a full view of all
the data the model has access to in parsed standard text format.

5.2.4 Summary Catalogue Construction

The final artifact produced by the pipeline is a JSON structured catalogue that
describes the collection of documents at multiple levels. The pipeline takes a bottom-
up approach when building the catalogue. Starting at the bottom level for each
document in a particular sub-folder, the pipeline calls the language model, providing
it with a sample of the document’s chunks and asking it to generate a concise
summary. The summary, together with file name, path, and chunk count is written
to the catalogue. When all documents in a particular folder have been processed, a
summary of the folder is generated by providing the summaries of the folder’s files
to a language model with the explicit instruction to give a concise summary of the
folder content. The process is iterated for all files and sub-folders, creating a tree
catalogue of summaries, representative of the underlying raw file structure. Both
the corpus and the catalogue files are then stored in a persistent volume in the cloud
platform, enabling direct use for inference.

5.3 RAG Pipeline

The RAG pipeline combines retrieval-augmented generation with CoT prompting
to produce structured, traceable answers from the processed documents. The imple-
mented RAG pipeline consists of two primary modules:

• Retriever: The module takes the raw user query and performs a semantic
search across the chunked data to rank and retrieve the chunks most similar
to the query.

• Generator: The original query and the retrieved chunks are combined into
an orchestrated prompt, which is then fed into an LLM to generate a response.

The design is sequential, using no loops or external tools beyond the initial context
retrieval. The general RAG pipeline structure is shown in Figure 5.3.
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Figure 5.3: RAG Pipeline

5.3.1 Retriever
The user query is passed to the retriever, which executes a semantic search against
the vector search index and returns the top-k candidate chunks based on the query,
in this case, k = 5. The results are then passed through a ranking step, converting
the embedding distances returned by the vector search into normalized similarity
scores ranging from 0 to 1. The resulting chunks are ranked in descending order.
Each ranked chunk also carries metadata, including source file name and chunk
index, which is propagated to the generator for provenance tracking and citation
purposes.

5.3.2 Generator
The generator receives the ranked chunks and assembles them into a numbered
source block, with each passage prefixed by a bracketed citation anchor. This source
block is injected into a few-shot CoT template, which is specified in Appendix D.1.
The constructed prompt is submitted to the cloud-hosted language model endpoint.
The pipeline returns a structured response containing the generated answer, the
retrieved chunk texts, source provenance records, and token usage.

5.3.3 CoT-design
The CoT methods reviewed in Section 2.4.1 present a variety of possibilities and
trade-offs. Zero-shot CoT is the lightest to deploy but is not able to handle as
complex queries, Manual-CoT requires hand-crafted demonstrations, and Automate-
CoT depends on a labeled dataset, unavailable in this domain where ground-truth
insight answers do not exist. Auto-CoT requires neither manual effort nor labeling
requirements, but lacks a quality gate.
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This motivates the need for a design that retains Auto-CoT’s diversity sampling but
adds a label-free quality filter. Here, the filter is built upon self-consistency, which
uses agreement across independently sampled chains as a representation of correct-
ness. The resulting method is diversity-sampled Auto-CoT with self-consistency.

The procedure is based on an offline, three-stage pipeline applied to a set of 15
unlabeled queries collected from enterprise stakeholders, but held out from the ex-
pert evaluation. Initially, all 15 queries are embedded using the all-MiniLM-L6-v2
sentence-transformers model and clustered into k = 3 groups via k-means clustering
[28]. As one representative query is selected per cluster, k sets the maximum number
of few-shot exemplars. Three should high enough to cover distinct query types, but
low enough to keep the prompt sufficiently compact.

For each cluster, the medoid query, defined as closest to the cluster centroid is
used as an example for that cluster, with the mission of representing the semantic
diversity of that cluster. In the second stage, a zero-shot CoT pipeline is called five
times per example query at varying temperatures from 0.5 to 0.9, producing five
independent reasoning chains per query. Varying temperature is used to encourage
heterogeneity among the generated reasoning chains.

In the third stage, chain agreement is examined to filter out unreliable demonstra-
tions. Because the pipeline produces free-form natural language answers rather than
discrete output, majority voting is not directly applicable. Instead, the five reason-
ing chains for each representative query are embedded in the same way as in stage
one, and the full pairwise cosine similarity matrix is computed. Then, a consistency
score is computed as the mean of all pairwise similarities, capturing how tightly
the reasoning chains converge in semantic space. A threshold τ is calibrated em-
pirically to inspect consistency scores of the representative queries and excluding
any query whose scores are substantially below other queries. In this case, all three
representative queries for the three clusters produced consistency scores in a high,
tight range (0.828, 0.885, 0.924), indicating stable semantic convergence across all
sampled chains. No queries were discarded at this stage. For each stored represen-
tative query, the medoid reasoning chain is identified as the one with the highest
similarity to the other four chains. In the unlikely event of a tie, priority is given in
favor of the shortest chains as concise demonstrations are preferred.

Lastly, the surviving exemplars are subject to manual review before being incorpo-
rated into the few-shot template. This review step allows a human to confirm that
the reasoning is factually grounded and representative of the expected answer style
before the demonstrations are frozen for use in production. The embedding and clus-
tering stages run entirely locally, ensuring no query data leaves the organization’s
environment during exemplar construction.

36



5. System Design and Implementation

5.4 RLM-inspired Pipeline

The RLM-inspired pipeline is based on the RLM framework described in Section
2.5 by Zhang et al.’s [11]. While the design is based on RLM architecture, several
adaptations were made to adhere to the constraints of the enterprise environment
established in Chapter 4.4.

5.4.1 Overall Structure

The pipeline is structured as a two level system, similar to a RLM implementation
with a recursion depth of one (d = 1). A root-level system receives the input query,
navigates the context, and delegates specific tasks to subsystems. These subsystems
operate within a limited context chosen by the root system, and are tasked with
finding explicit information using a set of navigation tools. Each subsystem returns
an answer to the root system which iterates exploration, reasoning and delegation
until the user query is answered or computational budget is depleted. This iterative
delegation structure attempts to addresses FR2, where single-document queries are
handled by a direct subsystem delegation, while cross-project and multi-step queries
are in theory solved through successive root-level exploration and parallel delegations
across different documents. When the iterations are completed, a final LLM call is
issued to orchestrate the final answer summary in a specified format.

Figure 5.4: RLM Pipeline
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5.4.2 Deviations from Standard RLM
The original RLM framework by Zhang et al. [11] operates through a Read-Eval-
Print loop where the LLM generates Python code which is executed in a dedicated
environment. Executing arbitrarily generated Python code with access to sensitive
information could conflict with requirement NFR1 if the environment is not heavily
restricted to make sure that no unapproved operations are performed. Instead, this
implementation addresses the conflict by using a structured action protocol in which
the model outputs a JSON object enclosed in a recognized XML tag at each iteration.
The system then parses this output and routes the intended action to a predefined set
of tools. This approach minimizes the risk of unintended actions, while preserving
the iterative and adaptable workflow of the RLM method. To ensure that the LLM
adheres to the specified format, specific system prompt templates was used for the
root system, subsystem and orchestrator. The system prompts can be found in
Appendix D.2.

5.4.3 Root System Tools
The root has access to five custom tools, which allows it to navigate, explore and
delegate tasks, in the quest of answering the user query. The LLM is responsible for
choosing which tools to use and which arguments to use in the call, the implemented
tools are shown below.

• Get top level tree: Gives the top level of the summary catalogue tree,
containing folder names and summaries.

• Browse group: Explores specific subfolders in the summary catalog returning
summaries and names.

• Broad search: Uses vector search to find relevant documents and chunks
based on semantic similarity. Used to guide further exploration of relevant
documents.

• Regex search: Uses regular expression search to find documents with text
that has exact pattern match.

• Delegate: Delegates a specific task to a subsystem with a given limited con-
text, from one to a couple of documents. Root is also able to delegate to many
subsystems in parallel when needed.

5.4.4 Subsystem Tools
Each subsystem has direct access to the limited context given by the root. The tools
described below are restricted to only be able to access these specific documents.

• Get document outline: Returns sample text from intermitted intervals in
the document specified. Used to inspect document structure before deeper
exploration.

• Vector search: Used to locate relevant passages using semantic search.
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• Regex search: Used to locate passages with exact pattern matches.

• Read chunks: Used to read text from the documents using from and to
indexes.

5.4.5 Specific Design Choices
To ensure that the computational load remains within acceptable bounds for produc-
tion use in the enterprise environment, which is consistent with NFR1, the system
is limited by a hard iteration and token budget. The token budget is cost centered.
Furthermore, generated tokens are weighed higher than ingested tokens. Added
together, they give a bounded measure based on maximum allowed cost. The com-
putational budget was set according to the needs of stakeholders, ensuring good cost
to reward tradeoff. A hard iteration limit was also set to avoid infinite loops and
wasteful exploration. Each system has its own iteration budget which it is reminded
of during its iteration loops, encouraging it to use its tools efficiently, and gracefully
complete its generation before being abruptly cut off.

FR3 requires that all answers are traceable to the original source document, and
FR4 requires the system to indicate when the retrieved evidence is insufficient to
answer the question. Both requirements are adressed at the subsystem layer. The
subsystem LLM is instructed to answer with a confidence attribute (low, medium or
high) and a found attribute (true or false) that flags whether relevant information
was found in the assigned context. If a subsystem returns a ’not found’ attribute, this
is signaled to the root as a negative result, allowing the root to attempt an alternative
search strategy. The final orchestrated answer utilizes the propagated information
to ensure correct provenance and indication of answer confidence. Furthermore, the
confidence level is surfaced in the final response by prompt instruction. This is to
satisfy NFR3, as a low or medium confidence rating signals to the user that the
output should be treated as a starting point for further investigation rather than a
full answer.

Finally, in accordance with NFR2, no fine-tuning or training was performed. The
custom system behavior is defined by the model’s system prompts and the tools’
functionality.
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Launch and Evaluation

The developed prototype is deployed on the company-approved cloud platform, with
direct access to the processed data and LLM service endpoints. Users interact with
the system through a web interface, querying the models and receiving answers in a
structured format with cited sources. The deployed version reflects the final design
iteration, incorporating the outcomes of the iterative development process described
in previous chapters. This chapter presents an overview of the final prototype’s
functionality, followed by the results of the system evaluation.

6.1 Overview of the Prototype
The final prototype is a web-based interface that allows users to ask questions and
query the company’s project and insight document corpus using plain natural lan-
guage and receive grounded, cited answers. The prototype is designed based on the
architecture in Section 5.1, and is meant to seamlessly integrate with the underly-
ing models while adhering to the enterprise-based design requirements specified in
Section 4.4.

The prototype interface exposes several features, each explained in the list showcased
below.

• Pipeline toggle: A toggle that allows the user to switch between the RAG
and RLM pipelines before submitting a query.

• Query input: A single text field that accepts natural language queries, re-
quiring no specific syntax from the user.

• Progress feedback: RAG queries display a loading spinner for the duration
of the pipeline run. RLM queries display a live status panel that streams
intermediate steps, including retrieval actions, reasoning steps, and tool invo-
cations.

• Answer panel: The generated answer is provided as formatted text, with
numbered inline citation markers that link directly to the corresponding entry
in the source panel below. All answers are accompanied with one or two
sentences on how well the answer is grounded, whereas the specific answer
format depends on the type of question asked.

41



6. Launch and Evaluation

• Source panel: Retrieved sources are listed as entries in a source summary.
Each entry displays the document name, file path, source group, a document-
level summary, and the extracted finding from the document. Together, this
data enables provenance tracking, allowing claims in the answer to be traced
back to a precise origin in the document corpus.

• Token usage metrics: Token counts are displayed below the answer, en-
abling usage monitoring and internal evaluation.

The interface uses a single-page layout, focusing the users attention on the query,
sources and the results. Each query is processed independently, and the system
maintains no chat history between queries. The limited scope of the prototype is
intentional, keeping the system focused on the core retrieval and answer generation
task evaluated in this chapter. Additions can be made in the future to align the
system better with the evolving needs of the organization, such as conversational
memory, broader corpus coverage, or role-based access control.

Figure 6.1 shows the front-end with a sample query and a masked RAG generated
answer, where citations link each claim back to correct source document.

Figure 6.1: RAG Example Query

Figure 6.2 shows the same query answered by the RLM pipeline, where the interface
includes a trajectory of intermediate steps.
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Figure 6.2: RLM Example Query

Figure 6.3 represent a example of the source panel, which allows users to track
information back to the original document.

Figure 6.3: Source panel
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6.2 Automated Evaluation Metrics
This section presents the results of the automated evaluation pipeline. The pipeline
uses the custom testset and LLM-as-a-Judge metrics. The section covers model-
agnostic quality metrics, model-specific metrics, as well as efficiency metrics. The
results provide a baseline for the comparative technical analysis.

6.2.1 Evaluation Setup
The evaluation was setup in accordance to the design choices described in Section
3.6.4. The testset was generated from a subsection of the corpus using the custom
generation pipeline, resulting in 80 question-and-answer pairs distributed across the
three query categories. The same model used for the pipeline served as the judge for
all three scoring metrics. The RAG and RLM pipelines were evaluated on the same
testset. For each query and pipeline the automated metrics were recorded alongside
the efficiency metrics.

6.2.2 Model-Agnostic Metrics
Table 6.1 represents the evaluated mean Answer Correctness and Answer Relevancy
metrics for RAG and RLM pipelines respectively.

Table 6.1: Mean model-agnostic scores by pipeline

Pipeline RAG RLM
Answer Correctness 0.506 0.624
Answer Relevancy 0.806 0.907

The result from Table 6.1 show significant higher overall scores for the RLM pipeline
compared to the RAG pipeline in both metrics. Table 6.2 breaks down these metrics
by query strategy, showing how each pipeline performs when question complexity
increases.

Table 6.2: Mean scores by pipeline and query strategy

Strategy Metric RAG RLM

Single-hop specific Answer Correctness 0.542 0.768
Answer Relevancy 0.924 0.864

Multi-hop specific Answer Correctness 0.473 0.628
Answer Relevancy 0.802 0.913

Multi-hop abstract Answer Correctness 0.515 0.531
Answer Relevancy 0.732 0.928
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Results in Table 6.2 indicate that the RLM pipeline maintains consistently high
Answer Relevancy across all query strategies, while the RAG pipelines performance
degrades when complexity increases. The Answer Correctness score gap between the
pipelines is largest on single-hop queries and smallest on multi-hop abstract queries,
suggesting that both pipelines struggle similarly on more complex queries.

Figures 6.4 and 6.5 visualize the score distributions for each metric and pipeline as
box plots, illustrating variance and median across query types in addition to the
mean scores. The central boxes spans the interquartile range (IQR), from the 25th
to the 75th percentile, with the horizontal line inside the box marking the median.
The whiskers reach the most extreme values that are at most 1.5 times the IQR
from the box edges. Individual circles represent outliers, defined by scores that fall
unusually far from the central distribution.

Figure 6.4: Answer Correctness box plot per strategy

Figure 6.5: Answer Relevancy box plot per strategy
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The box plot for single hop queries for the RAG pipeline spreads the entire range due
to a significant amount of queries resulting in a score of zero. This is due to complete
failure to answer the question. Furthermore, the majority of answers relevancy scores
for the RLM are clustered very close around the same value, resulting in a narrow
box plot.

6.2.3 Model-Specific Metrics

Table 6.3 represent the mean Faithfulness metric for each pipeline. As noted in
Section 3.6.4, the context passed to the judge will differ for the two pipelines, where
RAG uses raw retrieved chunks, and RLM uses subsystem answers. The two values
are thus computed relative to different references, and when using Faithfulness as
a comparative metric between the models, it should be read as indicative rather
than exact. Faithfulness serves as supporting automated evidence of grounding
between query strategies, while cross-pipeline trustworthiness is better judged by
expert Trust ratings, showcased in Section 6.3.

Table 6.3: Mean Faithfulness score by pipeline

Pipeline RAG RLM
Answer Faithfulness 0.877 0.747

Table 6.4 groups Faithfulness by query strategy, showing how grounding is affected
for different complexities for each pipeline independently.

Table 6.4: Mean Faithfulness scores by pipeline and query strategy

Strategy RAG RLM
Single-hop specific 0.904 0.781
Multi-hop specific 0.920 0.761
Multi-hop abstract 0.815 0.712

Figure 6.6 visualizes the distribution of individual Faithfulness scores for each pipeline
as box plots. These plots are configured identically to the plots in Section 6.2.2. As
with the aggregate scores, the two distributions should be read independently given
the different definitions of context for each pipeline.
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Figure 6.6: Answer Faithfulness box plot per strategy

Although the different pipelines are not directly comparable, it is possible to observe
a similar trend of decreased Faithfulness score when the complexity is increased.

6.2.4 Efficiency Metrics

Table 6.5 represent the mean, and 95th percentile of execution time and token us-
age (cost) per pipeline. These metrics are agnostic to the answer quality and only
measure inference costs which are important for deployment in a production environ-
ment. The 95th percentile measure is chosen as to indicate worst case performances
without being too sensitive to single outliers.

Table 6.5: Execution time and token usage by pipeline

Metric RAG RLM
Exec Time Mean (s) 20.9 96.5
Exec Time p95 (s) 32.3 215.1
Tokens Mean 9440.5 48993.9
Tokens p95 10153.6 157482.2

Table 6.5 shows that the RLM pipeline takes about 4.6 times longer on average and
consumes around 5.2 times the amount of tokens compared to the RAG pipeline. The
gap also widens at the 95th percentile, where the RLM’s execution time reaches 215
seconds and token usage reaches the computational budget fixed at 170,000 tokens.
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6.3 Qualitative Expert Evaluation
This section presents the results of the expert evaluation of the RAG and RLM
pipelines. This evaluation assesses the perceived organizational value of each pipeline’s
outputs across the dimensions of Utility, Alignment, and Trust, based on domain
representative queries.

6.3.1 Evaluation Setup
Following the design outlined in Section 3.6.5, representative queries were collected
from domain experts. Both pipelines were executed on the set of queries produc-
ing output with the query and the two model outputs. The resulting query-answer
pairs were distributed to three independent domain experts for scoring. Each expert
scored each answer based on Utility, Alignment and Trust using a five-point scale.
The answers were shuffled and the output model masked to avoid introducing addi-
tional bias into the evaluation. A total of 75 paired query rater pairs are gathered
from the experts and metrics were then computed and visualized.

6.3.2 Pipeline Preference
Figure 6.7 and Table 6.6 show the distribution of pipeline to pipeline outcomes per
metric. Specifically, Figure 6.7 visualizes the share of queries where RAG or RLM
was rated higher, as well as ties, while the corresponding numerical distribution is
provided in Table 6.6.

Figure 6.7: Head-to-head outcomes of paired comparisons by metric

The corresponding Wilcoxon signed-rank tests Table 6.7 confirm a statistically sig-
nificant preference for RLM on Utility. The Trust comparison was consistent with
the RLM preference but did not reach the conventional significance threshold, al-
though close. Regarding Alignment, a significance threshold is not reached and the
median difference indicates no preference towards either pipeline. Looking at the
mean difference of −0.36 there is a slight preference towards the RLM pipeline, but
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Table 6.6: Head-to-head outcomes of paired comparisons

Metric RAG
better

Tie RLM
better

n RAG
win-
rate

RLM
win-
rate

Utility 18 16 41 75 0.240 0.547
Alignment 21 22 32 75 0.280 0.427
Trust 20 16 39 75 0.267 0.520

the magnitude is below a single scale point and is not supported by the rank-based
test. The low mean is partly explained by the high tie rate. As seen in Table 6.6,
out of the 75 paired comparisons, 22 (29%) gave both pipelines the same alignment
score.

Table 6.7: Wilcoxon signed-rank test of paired score differences

Metric n Median Mean p
Utility 75 −1.0 −0.80 < 0.001
Alignment 75 0.0 −0.36 0.127
Trust 75 −1.0 −0.33 0.051

6.3.3 Score Distributions
Figures 6.8, 6.9 and 6.10 visualizes the distribution of aggregated expert ratings for
each metric on the five-point Likert scale, separated by pipeline.

Figure 6.8: Utility score distribution by pipeline
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Figure 6.9: Alignment score distribution by pipeline

Figure 6.10: Trust score distribution by pipeline

The observations are consistent with the results of the Wilcoxon signed-rank test,
where there is a preference towards the RLM pipeline in all of the metrics. The
clearest result can be seen in the Utility score distribution where the mode score for
the RAG pipeline is 1 whereas for the RLM pipeline 1 is the least common rating
together with 2.

According to comments from the evaluators, the spread of the scores is partly driven
by a high variance of answer quality. A consistent and convincing language, even
though the pipeline gave incorrect answers, drove an overall lower Trust factor.
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7
Discussion

This chapter presents a thorough discussion around the comparative performance
of the two pipeline architectures in relation to RQ1 and the implementation factors
surfaced in relation to RQ2. Together, the discussions review how the constructed
technical artifacts were shaped by its context. Furthermore, limitations and direc-
tions for future work are identified and considered. The chapter closes with the
overall conclusions of the thesis.

7.1 Answering the Main RQ
The main research question was posed to examine how enterprises can leverage lan-
guage model techniques to generate insights from internal data. It further asked
what key technical and organizational factors are essential for a successful imple-
mentation.

To evaluate the success of the implementation, evaluation metrics were employed.
The Answer Relevance yielded stable and high scores for all categories of queries and
pipelines, indicating a high relationship between the query and answer. The Answer
Correctness metric yielded seemingly modest absolute scores across the different
query types and pipelines, ranging between 0.5 and 0.75. According to the LLM-
as-a-judge instructions in Appendix C, a score of 0.5 indicates a response that is
partially correct or missing notable facts, and 0.75 indicates a response that is almost
fully correct with only minor omissions. However, this score must be interpreted in
the context of the evaluation framework. Because the ground truth was synthetically
generated from the corpus, it introduces a potential layer of bias and noise into the
assessment. The LLM judge penalizes models for omitting specific facts present in
the synthetic ground truth, even if the model provides otherwise valuable insights.
Furthermore, the experts categorized the majority of the queries as providing non-
trivial insights. The consistent performance above the 0.5 threshold and the positive
expert feedback suggest that both pipelines generate meaningful value, even when
measured against strict and potentially imperfect benchmarks.
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From the discussion, it can be concluded that both the RAG and RLM pipelines
demonstrate effective generation of actionable insights from the corpus. The insight
generation is of the kind defined in Section 2.1, a distribution of value-creating
information that is stored in the organization. Therefore, the question is not whether
language models can be used for insight generation purposes in an enterprise setting,
but rather along what trade-off an enterprise should operate, and what surrounding
factors are important to consider.

The central learning is that both pipelines fulfill the goal, meaning that Chapters
4–5 answers the Main RQ through a detailed description on how it is possible to
generate insights while revealing what factors are most important to consider within
the enterprise. However, the two pipelines differ in trade-off profile. The RLM
pipeline produces better answers, meaning they are more accurate and more relevant,
particularly in complex multi-hop query settings. The RAG pipeline fulfills the
need of simpler queries and operates at a lower cost. This was anticipated by the
comparison of methods in Section 2.6, and the evaluative results rather informs its
magnitude. Important to note, the technical trade-off is not separable from the
enterprise context that determines whether the pipelines will be viable in practice,
giving important weight to the discussion of significant enterprise factors.

7.2 Comparative Analysis of Models (RQ1)
Following the comparative evaluation performed on the two separate pipelines, RQ1
can be addressed. Three key observations can be made regarding differences be-
tween the RAG and RLM setups: a quality advantage for the RLM on both the
automated and expert evaluation metrics, a divergence between automatically eval-
uated Faithfulness and expertly evaluated Trust, and a large difference in efficiency.
The results are consistent with the predicted trade-offs stated in Section 2.6, and
together they can serve as a basis for a discussion concerning which architecture is
best suited for enterprise settings.

The initial observation is that the RLM has a real quality advantage and outperforms
RAG across both evaluation strategies. The automated evaluation shows the RLM
outperforming RAG in Answer Correctness and Answer Relevancy, with the largest
gap recorded in multi-hop queries where RAG degrades most sharply. As for the
expert evaluation, domain specialists showed clear head-to-head preference towards
the RLM pipeline in both Utility and Trust. Regarding Alignment, there was a weak
indication for preference in favor of the RLM. The overall convergence between the
two evaluation strategies is informative: the gains in automated Answer Correctness
and Answer Relevancy translate into clear perceived organizational value, rather
than just being showcased in the LLM-as-a-Judge scoring.

Knowledge management literature in Section 2.1 highlighted that the value of insight
generation in enterprise settings is often realized through outcomes such as business
value, user satisfaction, and efficiency, but such metrics are frequently left out of
technical evaluations of LLM-based systems [17]. The Utility, Alignment, and Trust
metrics employed in the expert evaluation were chosen to target that gap, and
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the agreement with the automated evaluation confirms that the advantage is real.
The finding is in line with the original RLM motivation by Zhang et al. [11]. By
utilizing a root system that issues and delegates targeted subsystem tool calls, the
pipeline avoids the risk of committing early to a few fixed retrieved context sources,
which is the known general case weakness of the single pass RAG [18]. From the
demonstrations of both the automated and expert evaluation, it is clear that the
RLM is able to produce more insightful answers overall.

The second observation is a divergence between Faithfulness and Trust. The auto-
mated Faithfulness metric goes against the ranking trend with RAG scoring better
than RLM, while expert Trust adheres to the general theme favoring RLM. As stated
in Section 6.2.3, the Faithfulness metric is not fully comparable across pipelines as
the context passed to the judge is different in nature: directly retrieved chunks for
RAG, subsystem answers for RLM. While noting the described caveat, the reported
gap, together with the fact that RLM Faithfulness decreases with more complex
query strategies hint at underlying factors affecting the metric. One plausible factor
is content ranking: subsystems summarize their findings along with a metric of how
good the finding was before returning to the root system. As the root LLM uses this
metric to implicitly rank which sources to use in the finalized answer some sources
might be ignored. The evaluation metric is based on the summaries and is oblivious
to the relevance of each summary, meaning that the LLM might build an answer
of high-relevance summaries that is factually inconsistent with lower-relevance sum-
maries, as it is instructed not to ground its answers based on the low-relevance
summaries. The overall adherence to the context might thereby be regarded by the
judge LLM as lower, resulting in an artificially lower score.

On the contrary, expert Trust scores in support of the RLM. One possible reason
could be that perceived trust includes factors broader than what the automated
Faithfulness is able to capture. Likely factors could be levels of confidence signaling,
overall answer tone, quality of sources referenced, and answer reasoning. The ar-
gument is coherent with the notion that system designs should follow users mental
models rather than solely internal system logic [51], as presented in Section 3.5. This
likely means that the RLM presents its answers, sources, and general signaling in
a way that is closer to the experts’ intuition, resulting in a higher Trust score than
RAG, even when losing out on Faithfulness. For an enterprise insight-generation
system, where relevancy falls on whether domain experts judge output trustworthy
enough to acknowledge, the expert Trust metric is closer to representing real deploy-
ment value than the automated Faithfulness metric, even though the latter still has
value for understanding where source grounding may fail.

The third observation is a substantial efficiency difference, where the RLM required
approximately 4.6 times the execution time and 5.2 times the token consumption
of RAG on average, with the gap widening at the 95th percentile to almost reach
the fixed computational budget. The theoretical comparison in Section 2.6 acknowl-
edged the recursive approach as more expensive in principle, but the magnitude is
nonetheless interesting to note. The question at hand shifts from asking whether
the RLM is more capable than RAG to asking if the capability gain is worth the
cost differential of such magnitude for a given query distribution and enterprise con-
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text. On single-hop queries, where RAG proved to perform acceptably with better
Answer Relevancy, but worse Answer Correctness, the case for the recursive design
is weaker. If an enterprise context is dominated by such queries, the argument for
RLM is not as strong.

Read together, these three observations support a model architecture recommenda-
tion in favor of the RLM pipeline for the task of retrieving insightful results from
internal unstructured data studied in this thesis. The RLM yields more accurate
and relevant synthesized answers, and domain experts graded its answers as more
useful, aligned, and trustworthy. The Faithfulness gap and the higher time and
token consumption are two arguments that could complicate such a recommenda-
tion, but neither should be seen as decisive in the enterprise context studied here.
Faithfulness as a metric has limited cross-architectural validity as it is architecture-
dependent. The concept it tries to proxy for, namely whether users can acknowledge
the output with confidence is better captured by expert Trust, which favors the RLM.
Computational cost is real, but absorbable: enterprise queries are issued at human,
not consumer or industrial scale, and the alternative would be manual search and
reuse efforts documented in Chapter 4. However, the expert evaluation carries un-
certainty given the relatively small size of n = 75 evaluated pairs, together with
the statistically insignificant scores reported in Section 6.3.2, where Alignment and
Trust should be treated as indicative rather than precise. Furthermore, the condi-
tions under which the recommendation holds, and the organizational factors that
shape it, build the content of the next section.

7.3 Enterprise Implementation Factors (RQ2)
The empirical material gathered throughout the exploratory phase and during the
implementation process highlights a couple of key factors and challenges to enable
a successful implementation process, addressing RQ2. Using the TOE framework,
the initial factors were divided into the technology, organization and environment
dimensions. The fact that all areas were covered reinforces the idea that the de-
ployment of AI for enterprise insight generation is not only a technical, but an
organizational challenge [16]. The translation going from organizational factors to
the technical artifact ran through the construction of functional and non-functional
design requirements derived in Section 4.4, which serves as the bridge between TOE
themes and design choices. The requirement-focused translation is in line with the
design science idea that artifact design must be developed in and respond to the
problem environment [38]. The discussion that follows picks out three observations
that are most crucial for understanding the findings revolving RQ2.

Initially, a primary finding was the system fragmentation and inaccessibility of data
sources as both a motivation and architectural driver. Valuable information was
spread across different sources and system structures, and identifying the correct
point of contact for a given dataset was a non-trivial task. The finding was re-
ported across roles in the interviews and was also encountered firsthand during data
access requests for this project. The finding is consistent with knowledge manage-
ment literature in Section 2.1, framing distant interfaces as an important obstacle to
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knowledge sharing [15]. Furthermore, the systematic review by Karakurt and Akbu-
lut [17] reports that enterprises’ adoption of LLM-based knowledge system mostly
remain in experimental systems, in this case it was mainly reflected by the lack of
developed processes for handling access and contacts. From the fragmentation, FR1
and FR2 followed directly, requiring natural language access to project data and
support for cross-document and multi-step queries. The differences in architecture
from Section 7.2 returns as a confirmation here: the RLM’s iterative approach es-
pecially pulled ahead on multi-hop queries that fragmentation produces in practice,
which means that the same rationale that motivated the project also had an effect
on which architecture answered it best. Fragmentation was therefore not only a
fixed input for system design, but a factor that favored one technical approach over
another.

Moving on, another critical observation concerns the role of trust in system de-
sign and the need to treat it as an important input factor. Interviewees made it
apparent that output without traceability and source referencing would never be
used, regardless of testing accuracy, giving weight to the idea that trustworthiness
is not only dependent on output correctness, but also on transparency in KM and
the use of technologies [16]. Additionally, the stated need for committed leader-
ship [16] further confirms that trust in systems and processes is central. The idea
translated into FR3, FR4, and NFR3, which together shaped the design of a clear
source panel, citation-flag attributes, and the framing of outputs as guidance. Sim-
ilar requirements surfaced under the environment dimension in Chapter 4, where
it was highlighted that regulatory and supplier-collaboration obligations demanded
auditable and traceable outputs for compliance reasons. The mirrored finding is rel-
evant and can explain why provenance and evidence flagging were prioritized highly,
over capabilities that could have had significant organizational value but lacked
auditability. Later, the expert evaluation showed that the RLM scored higher in
expert Trust but lower in automated Faithfulness, which can be interpreted as a
consequence of the answer-level information the experts could see, including source
selection, framing of confidence, and how insufficient context was acknowledged, do-
ing work that the automated metric cannot capture. This showcases the importance
of incorporating intuition into interfaces [51], in this system by treating trust as a
property of the interaction and synthesizing the answer according to users’ mental
models.

A central observation concerns governance constraints as guidance for desirable de-
sign rather than restrictions for suboptimal trade-offs. NFR1 and NFR2 follow from
policies and restrictions. NFR1 in particular ruled out the original RLM read-eval-
print-loop with arbitrary Python code execution [11] and forced a structured action
protocol instead. Here, the protocol was a response to a constraint, but the response
managed to create a system more auditable than the original RLM design, exactly
the kind of result Hevner et al. [38] anticipate when they argue that constraints
must be seen as a part of the problem identification, that they must not be seen as
external. The resulting logic is that organizations facing similar governance restric-
tions should design systems within the restrictions rather than around them.
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The main observations act an answer to RQ2 since a successful implementation
in this setting required treating technological, organizational, and environmental
factors and challenges as design inputs that shaped the artifact from the beginning.
The functional and non-functional requirements set acted as the bridge between the
two.

7.4 Implications for Enterprises
The previous findings are grounded in a single case study, but the design science
framing of this thesis requires that the contribution extend beyond the studied
artifact [38]. This section draws prescriptions for organizations facing similar devel-
opments, presenting non-trivial approaches conditioned on the case-study basis of
the evidence.

The first principle concerns architecture. The current predominant architecture is
to utilize the most well-known RAG-pipeline. Another rationale making RAG the
default choice could also be to go with a cheaper pipeline. However, the criterion in
this study that justifies the RLM architecture is the query distribution: if interviews
or documentation surface cross-document tasks as a recurring need, the cost differ-
ential of a recursive design should be seen as absorbable as the produced system will
be advantageous. Organizations whose insights are predominantly single-document
must not draw the same conclusion.

The second principle deals with trust. Organizations should avoid treating explain-
ability only as an interface concern addressed close to launch. If traceability plays
a central role in the usage of a system, it is justified to treat it as a functional re-
quirement from the start. The reason is that the architectural design consequences
cannot be recovered by post-hoc solutions. If the provenance, confidence signaling,
and traceable reasoning are not added from the beginning, the system has to have
major revisions to add them back.

The third prescription concerns governance. Organizations should avoid treating
compliance constraints as final filters applied to an already finished design. For
instance, if there are restrictions on data egress, model fine-tuning, or execution
environments from the outset, they should be handled as design inputs, not obsta-
cles. Constraints encountered in late stages may force unnecessary compromises. In
contrast, constraints encountered early can productively be used to shape the final
design.

The fourth and final principle is related to organizational leadership and processes.
From the exploratory phase, a lot of ideas connected to AI were surfaced accompa-
nied by strong enthusiasm at a grassroots level across the organization. This high-
lights the importance of having processes that surface these ideas, ensuring that they
have the possibility to be explored and, where appropriate, implemented. Leader-
ship has an important role to play in ensuring that these ideas are recognized and
supported throughout the process. Anecdotal experience also indicate that if these
requirements are fulfilled, the final technical implementation is straightforward.
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7.5 Limitations
A potential limitation of the project findings is related to the generalization of results.
Both the design process and evaluation process is designed based of a specific domain
of data. Results are indicative of how organizations can utilize language models to
generate insights, but as the implementation is done in a specific setting, claims of
generalization beyond different organizations, use cases, and data sources are not
guaranteed. This limitation connects to both the main research question as well as
RQ1 and RQ2 where different contexts could imply different challenges and needs.

The second limitation concerns constraints related to resources and time, both or-
ganizational and personal. Evaluation and integration support were conducted on
a voluntary basis by individuals who did not have dedicated time allocated to the
project. The evaluation scope was thereby limited in terms of the number of ques-
tions posed and the number of responses assessed. Personal time restrictions limited
the amount of possible design iterations, which could have improved pipeline perfor-
mances.

The final limitation is related to the value and efficiency of the front-end prototype.
Due to scope restrictions, and project prioritization, the user experience aspects
of the front-end model was not directly tested as part of the evaluation. Factors
like the RLM trajectory and source provenance layout might influence the expert
evaluation metrics for either better or worse.

7.6 Future Work
The project opens several directions for future work related to enterprise insight
generation.

Directly aligned with the limitations, a future track would be to test the same
methods for different domains and insight generation tasks. Furthermore, the size
of the corpus can also be increased and performance degradation can be measured,
which would provide further insight into scalability.

The results indicate that technologies such as the RLM framework yields improved
performance in many of the desired metrics compared to RAG. In previous studies
there exists numerous frameworks that are similar to the RLM framework, with tool
use and multi-turn executions, which might be better or more efficient in certain
aspects [11]. A systematic comparison of such frameworks within a shared iterative,
tool-based setup would help identify the most suitable configuration for a given
domain.

Finally, the RLM framework is only generally defined, and this implementation is
an ad hoc solution that aligns with the core ideas while also adhering to enterprise
constraints. To make the technology feasible for organizations in general, future
research should focus on establishing a complete and efficient implementation-ready
framework. Potential research directions include:
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• Unified Context Language: A standardized language with tool calls to effi-
ciently handle the knowledge management problem. The specialized language
defined in the project was ad hoc constructed based on design requirements.
Taking a more comprehensive approach to solving this problem could yield
greater performance results. This language could potentially be fine-tuned
into the LLM to enforce stricter output adherence and reduce the need for
instruction tokens.

• Establishing of Best Practices for Indexing: The current approach com-
bines document summarization with semantic vector indexing of text chunks
to support corpus navigation. More work is needed to determine whether this
strategy is optimal both in terms of the techniques used and in terms of file
structuring.

• Standardized Parsing Pipeline: A general and reusable pipeline that han-
dles a variety of raw documents and preserves table structures. The one used
in this project is custom built, but could be generalized and improved to enable
better and more consistent parsing of cross source types and structures.
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Conclusion

The main goal of this thesis was to examine how enterprises can leverage language
models to generate insights from internal data, and what technical and organiza-
tional factors governs a successful implementation. Two pipelines were designed
and implemented, and evaluated against a corpus consisting of project documenta-
tion: a RAG pipeline with single-pass CoT reasoning and an RLM pipeline with
iterative, tool-based exploration. Both produced actionable insights of the kind
defined in this thesis.

The RLM pipeline yielded the most accurate and insightful answers, while the RAG
pipeline remained competitive on simpler queries at a lower cost. In this case, RLM
should be seen as the superior choice, but the right architecture is conditional on
the specific use-case query distribution.

Beyond the architectural choice, the key implementation factors are largely organi-
zational. Building trust in the system is a central factor since LLMs can produce
convincing language and be oblivious to their own inconsistencies and hallucinations.
Provenance tracking and self-evaluation of the final answer are two potential mit-
igation strategies. Furthermore, an understanding of how the system will be used
in practice is essential for a purpose-driven design with appropriate trade-offs in
cost, latency, and performance. Finally, addressing enterprise restrictions during
the design phase, including data privacy, platform access, and data sensitivity, is
fundamental to ensuring a working implementation.

As the thesis focuses on practical implementation, it highlights both the technical
aspects and the organizational considerations that enable successful deployments.
The results should be interpreted as empirically informed guidelines derived from a
domain-specific implementation and should be used as a foundation for future work
in enterprise generation rather than as a universal solution.
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Appendix A

A.1 Interviewees

ID Role Area Length

Interviewee 1 Lead IT Business Analyst Business Intelligence 34
Interviewee 2 Lead Product Developer Digital Engineering 43
Interviewee 3 CAE Engineer Engineering 43
Interviewee 4 CAE Engineer Engineering 43
Interviewee 5 Fellow Scientist Research 48
Interviewee 6 Senior Scientist Research 36
Interviewee 7 Scientist Research 48
Interviewee 8 Laboratory Engineer Laboratory 45
Interviewee 9 Material Optimization Engineer Material 45
Interviewee 10 Global Lead Packaging Engineer

Innovation
Packaging 38

Interviewee 11 Prototyping Developer Product Development 31
Interviewee 12 Product Developer Product Development 53
Interviewee 13 Agile Design Lead Coach Innovation 49
Interviewee 14 Lead IT Infrastructure Engineer Data Infrastructure 41
Interviewee 15 Technology Area Manager Technology 50
Interviewee 16 Technology Area Manager Technology 43
Interviewee 17 Portfolio Coordinator Portfolio Management 40
Interviewee 18 Global Consumer Insights Man-

ager
Consumer Insights 50

Interviewee 19 Global Consumer Insights Man-
ager

Consumer Insights 50

Interviewee 20 Global Packaging Development
Manager

Packaging 47

Interviewee 21 Agile Design Lead Coach Innovation 42
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Appendix B

B.1 Interview Guide

A. Background and Role
1. Can you describe your role at the organization?

2. What are your main responsibilities?

3. Which processes or decisions are central to your daily work?

4. Which systems, software, applications, or reports do you use regularly?

5. Do you work with any KPIs? If so, which ones and how are they tracked?

B. Data Sources
6. Which datasets relevant to your area exist today?

7. Are these datasets structured, unstructured, or a mix?

8. What formats does the data have (text, numerical, images, logs, etc.)?

9. How accessible are your datasets?

10. Are there security, permission, or compliance constraints?

11. What is the approximate size of the datasets?

12. How is the data collected?

13. How would you describe the current data quality?

14. Are there gaps, inconsistencies, or process changes affecting the data?

15. How frequently is the data updated?

C. Current Pain Points
17. What are the biggest problems with your data today?

18. Which tasks take a lot of time or are heavily manual?

19. Which tasks currently lack insights, analytics, or decision support?

III



B. Appendix B

20. Are there insights you wish you had but currently do not?

D. AI Opportunities and Use-cases
21. Which processes in your area could benefit from AI-driven insights or automa-

tion?

22. Do you have ideas for potential AI use cases using your data?

23. What value would each use case provide?

24. How many people or teams would benefit from the use case?

25. Which data sources would be required?

26. What could a minimal viable product (MVP) look like?

27. Can you propose example prompts or interactions for such an AI tool?

E. Additional Input
30. Are there any additional challenges, ideas, or needs we should know about?

31. Which other people should we interview?

32. Is there anything unclear or anything you would like to add?
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C.1 Evaluation Metric Prompts

C.1.1 Answer Correctness

Answer Correctness Prompt

You are a factual accuracy evaluator. Think step by step, then give
a final score.

Question: {question}

Ground Truth: {ground_truth}

Model Answer: {answer}

Compare the model answer to the ground truth. Consider:
- Are the key facts from the ground truth present?
- Are any facts wrong or contradicted?
- Are important facts missing?

Score: a continuous value between 0.0 and 1.0. Use any value –- do
not round to fixed steps.
Rough anchors (interpolate freely between them):

1.00 –- all key facts present and correct
0.75 –- most facts correct, minor omissions
0.50 –- partially correct, notable facts missing or wrong
0.25 –- mostly incorrect, only a few facts right
0.00 –- incorrect or contradicts the ground truth

Examples of valid scores: 0.4, 0.6, 0.8, 0.9, 0.35

Write 1-2 sentences of reasoning, then on the last line write ONLY
the score (e.g. 0.6).
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C.1.2 Answer Relevancy

Answer Relevancy Prompt

You are a relevance evaluator. Think step by step, then give a
final score.

Question: {question}

Answer: {answer}

Does the answer address what was asked? Consider:
- Does it answer the specific question asked?
- Is the content relevant, or does it veer off-topic?
- Are there important parts of the question left unanswered?

Score: a continuous value between 0.0 and 1.0. Use any value –- do
not round to fixed steps.
Rough anchors (interpolate freely between them):

1.00 –- directly and completely addresses the question
0.75 –- mostly addresses it, minor gaps
0.50 –- partially addresses it or contains significant irrelevant

content
0.25 –- tangentially related, misses the core question
0.00 –- does not address the question at all

Examples of valid scores: 0.4, 0.6, 0.8, 0.9, 0.35

Write 1-2 sentences of reasoning, then on the last line write ONLY
the score (e.g. 0.6).

C.1.3 Faithfulness

Faithfulness Prompt

You are a faithfulness evaluator. Think step by step, then give a
final score.

Source Contexts: {context_block}

Answer: {answer}

Check each claim in the answer against the contexts. Consider:
- Is each factual claim directly supported by the contexts?
- Does the answer introduce facts not present in any context?
- Does anything in the answer contradict the contexts?

Score: a continuous value between 0.0 and 1.0. Use any value –- do
not round to fixed steps.
Rough anchors (interpolate freely between them):

1.00 –- every claim directly supported by the contexts
0.75 –- most claims supported, minor unsupported additions
0.50 –- about half the claims are supported
0.25 –- few claims supported, mostly unsupported
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0.00 –- claims contradict or are entirely absent from the contexts
Examples of valid scores: 0.4, 0.6, 0.8, 0.9, 0.35

Write 1-2 sentences of reasoning, then on the last line write ONLY
the score (e.g. 0.6).
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D.1 RAG prompts

D.1.1 COT system prompt

RAG Agent System Prompt

You are ProjectInsightAgent, an insight-generation assistant
specialising in enterprise R&D project documentation. You answer
queries by reasoning over retrieved document chunks from an internal
project knowledge base.

Few-shot examples: Three worked examples are provided in the prompt
(omitted here), each demonstrating context retrieval, step-by-step
reasoning, and a cited answer for query types: technical factor
analysis, product improvement synthesis, and domain knowledge
lookup.

Rules for reasoning:
1. Work in explicit, numbered steps.
2. Each step must: state exactly one inference, synthesis, or
factual extraction; name the source chunk it relies on (e.g., "[1]
states..."); be verifiable on its own without reading other steps.
3. Do not forward-reference. Each step follows only from the query,
retrieved context, and prior steps.
4. When chunks conflict or leave gaps, say so explicitly.
5. At decision points, briefly state why you chose the path you
did.
6. No filler steps –- every step must do real analytical work.
7. If retrieved context is insufficient, state what is missing and
answer only what the evidence supports.

Rules for the answer:
- Every factual claim MUST be followed by a citation: [1], [2], etc.
- Do NOT use information from a source without citing it.
- Adapt format to the query type:

Factual lookup: direct answer first, then supporting evidence
with citations.

Comparison: structured format (bold headers or bullets) with
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per-point citations.
Synthesis/analysis: key themes as bold headers with citations per

claim.
- If sources are insufficient or conflict, say so explicitly –- do
not invent information.
- Close with one sentence on how well the retrieved context supports
the answer.

Respond in exactly this format:

Reasoning:
[numbered steps]

<answer>
[final answer]
</answer>

User turn:
Question: {query}
Context: {sources}

D.2 RLM prompts

D.2.1 Root system initial prompt

Root Agent System Prompt

You are a methodical research orchestrator who NEVER answers from
incomplete evidence. You always delegate investigations to worker
agents before synthesising. You treat broad_search and regex_search
results as pointers to documents, never as answers.

You operate in an iterative loop –- each turn you write a Thought,
then use ONE tool. You will see the result and get another turn.

User query:
{query}

Document catalogue (top-level groups with summaries):
{tree_summary}

TOOLS (use exactly ONE per turn)

browse_group –- ESSENTIAL for discovery. Drill into a group to see
its individual documents with summaries. Use this whenever you see
a promising group in the catalogue or need to know what documents a
group contains before delegating.

broad_search –- semantic search across ALL documents (orientation
ONLY –- never answer from these snippets; use the returned document
list to decide what to delegate).

regex_search –- exact pattern search across ALL documents. Returns
matches grouped by document with a summary per file. Use when
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looking for specific identifiers: dates, version numbers, product
codes, names, quoted phrases.

delegate –- YOUR PRIMARY TOOL. Assign a task to a worker agent
who will autonomously search, read, and reason within a specific
document or group.

delegate_batch –- spawn MULTIPLE worker agents IN PARALLEL. Use when
several independent investigations can run simultaneously.

FINAL –- synthesise your answer from worker agent findings. ONLY
after at least one delegate.

DECISION PROTOCOL (follow every turn)

1. Do I know which documents are relevant to the query?
NO → use browse_group OR broad_search/regex_search
YES → go to step 2

2. Have I delegated at least one worker agent to investigate?
NO → use delegate or delegate_batch (MANDATORY before FINAL)
YES → go to step 3

3. Do the worker agent findings sufficiently answer the query?
NO → delegate another worker agent for the remaining gaps
YES → use FINAL to synthesise the answer

Every turn, respond with EXACTLY:
Thought: [1-2 sentences: What did I learn? What should I do
next?]
<action>{...}</action>

D.2.2 Root system turn prompt

Root Agent Turn Prompt

User query: {query}

Previous actions and results:
{history}

Latest result:
{latest_result}

Status: {delegation_count} worker delegation(s) so far |
{remaining_turns} turns remaining {explored_block}

Decision protocol:
1. Do I know which documents are relevant?

NO → browse_group (if promising group visible) or
broad_search/regex_search

YES → step 2
2. Have I delegated at least one worker?

NO → delegate (MANDATORY). YES → step 3
3. Do worker findings sufficiently answer the query?
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NO → delegate more OR find better documents if worker returned
found=false

YES → FINAL

If a worker returned found=false: do NOT use FINAL –- locate better
documents first.

Tools:
browse_group, broad_search, regex_search, delegate, delegate_batch,
FINAL

Respond with EXACTLY:
Thought: [What did I learn from the latest result? What should I
do next per the decision protocol?]
<action>{...}</action>

D.2.3 Sub-system turn prompt

Sub-Agent System Prompt

You are an autonomous document investigator. You have been assigned
a specific task by the research orchestrator. Use the tools below
iteratively to explore, read, and reason until you can provide a
thorough answer.

Task: {task_description}
{scope_line}{summary_line}

–- Initial context (from semantic search) –-
{initial_context}
–––––––––––––––––––––––-

Available tools –- use exactly ONE per turn:

vector_search –- semantic search for relevant passages.

read_chunks –- read a contiguous section of a document by character
offset.

- Use chunk_index_start values from search results directly as
offsets.

- Single chunk: set from_offset = to_offset = chunk_index_start.
- Expand context: subtract/add ~800 to widen the range.

regex_search –- exact pattern match (dates, codes, names, quoted
phrases).

Returned chunk_index_start values can be passed directly to
read_chunks.

get_doc_outline –- see the structure of a document (first line of
each chunk with offsets). Useful for navigating long documents
before reading.

Decision guidelines:
- vector_search: first 1–2 calls only, to orient and locate
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promising offsets.
- read_chunks: immediately after finding a promising hit –- expand
it.
- get_doc_outline: when the document is long and you need to
navigate by section.
- regex_search: FIRST choice for exact identifiers –- dates, version
numbers, codes.
- Running 3+ vector_search calls in a row is almost always wrong.
- After 2–3 tool calls with no relevant findings, stop and report
found=false.
- Stay strictly within your assigned document(s).

When done, provide findings as:
<answer confidence="high">Detailed findings citing specific text and
document names.</answer>

If no relevant information found:
<answer confidence="low" found="false">Brief explanation of what was
searched and why not found.</answer>

Use confidence="high" for direct evidence; "medium" for
partial/indirect; "low" for inference or very little found.

Every turn output EXACTLY ONE <action> block OR one <answer> block –-
never both, never more than one action block.

D.2.4 Sub-system turn prompt

Sub-Agent Turn Prompt

Task: {task_description}

All retrieved context so far:
{accumulated_context}

Latest tool result:
{latest_result}
{warning_block}

Decide your next action:
- If the context above already contains the answer → provide it now.
- If you have a promising snippet at a known offset → use read_chunks
to expand it (from_offset = snippet offset - 800, to_offset = offset
+ 800). Do NOT run another vector_search.
- If you still need to locate relevant content → use vector_search
(only if you haven’t already done 1–2 searches).
- If the document clearly contains no relevant information → report
found=false immediately.

If answering:
<answer confidence="high|medium|low">detailed findings –- cite
specific text and document names</answer>
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<answer confidence="low" found="false">what you searched for and why
it wasn’t found</answer>
(high = direct explicit evidence, medium = partial/indirect, low =
inferred/little found)

If exploring, use ONE tool:
read_chunks, vector_search, regex_search, or get_doc_outline.

Tip: read_chunks is listed first because it is usually the right
choice after any search hit. Use it.

D.2.5 Orchestrator prompt

Synthesis Prompt

You are synthesising document investigation findings to answer the
user’s query.

Original query:
{query}

Investigation results (one block per document):
{sources_block}

Instructions:
- Write a coherent answer using ONLY the information in the source
blocks above.
- Every factual claim MUST be followed by a citation: [1], [2], etc.
(matching Source numbers).
- Do NOT include information from a source unless you cite it –-
uncited sources must not influence your answer.
- Write in full sentences or detailed bullets –- do not produce bare
fact lists. For each point, briefly explain its significance or
context, not just what it is.
- If two sources conflict, cite both and explain which evidence
appears stronger and why.
- If the sources do not adequately answer the query, say so
explicitly –- do not invent information.
- Weight sources by confidence level: high-confidence findings
should anchor the answer; low-confidence ones should be flagged
as tentative.
- Adapt format to the query type:

Factual lookup: direct answer first, then supporting evidence
with citations.

Comparison: structured format with per-point citations; explain
what each difference means in practice.

Synthesis/analysis: key themes as bold headers with citations per
claim; elaborate on how findings connect.
- Aim for completeness over brevity –- include important nuance and
context.
- End with one sentence on how well-supported the answer is overall.
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Respond in exactly this format:
<answer>
[final answer]
</answer>
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