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Chapter 1

Introduction

In forensic investigations, the value of communication data depends not only
on its availability but also on the ability to interpret it in relation to an inves-
tigative question. This thesis begins from the perspective that evidence discov-
ery is not merely a search problem, but a process of connecting assumptions
and supporting traces. In this chapter, the thesis Hypothesis-Driven Forensic
Email Analysis with Retrieval-Augmented Generation (RAG) is introduced by
first presenting the motivation and problem statement, followed by the defini-
tion of the research objectives and the proposal of a RAG-based solution, and
concluding with an outline of the thesis structure.

1.1 Motivation and Problem Statement

The exponential growth of digital communication has fundamentally trans-
formed how individuals and organizations exchange information [1]. Among
the various communication channels, email remains one of the most widely
used communication media in both corporate and personal environments, with
global daily traffic exceeding 360 billion messages [2]. As a result, large vol-
umes of email data are continuously generated, creating a “digital memory”
that captures critical decisions, interactions, and organizational activities.

This abundance of data presents a significant opportunity for digital foren-
sics and investigative analysis [3]. For example, in the Amerithrax investi-
gation, the FBI investigated the 2001 anthrax letter attacks, which killed five
people and sickened seventeen others. As part of the case, investigators re-
viewed thousands of emails to identify documentary evidence relevant to the
investigation [4].
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While the availability of large-scale email datasets creates valuable oppor-
tunities for forensic investigation, it also introduces significant analytical chal-
lenges. Digital forensic investigations are often structured around investiga-
tive objectives and hypotheses that guide evidence identification and analysis
[5]. In this context, the task extends beyond retrieving emails based solely on
explicit keywords or predefined queries. Instead, the objective is to determine
whether a given hypothesis, such as the occurrence of fraudulent behavior, col-
lusion between employees, or policy violations, is supported by the available
communication data [6].

This setting can be framed as a hypothesis-driven message retrieval prob-
lem, where the objective is to identify emails that are relevant to a given hy-
pothesis, either by directly supporting it or by providing contextual evidence.
In contrast to traditional information retrieval tasks, which typically rely on
short and well-defined queries [7], forensic communication analysis often be-
gins with investigators formulating hypotheses about topics discussed in com-
munications and seeking evidence to support them [8]. These hypotheses can
be understood as complex, case-specific information needs that express ab-
stract and detailed information beyond simple keyword queries [8, 9]. This
formulation naturally emphasizes the need for approaches capable of handling
richer semantic representations and contextual reasoning [6, 10].

Conventional retrieval approaches, such as keyword-based search or basic
semantic similarity methods, exhibit several limitations in this context. First,
they rely heavily on lexical overlap between the query and the documents,
making them ineffective when relevant emails do not explicitly contain the
terms used in the hypothesis. Second, they lack the ability to reason overmulti-
ple pieces of information distributed across different messages, although such
connections may be important for identifying meaningful evidence in forensic
investigations. Third, these methods do not provide mechanisms for contex-
tual interpretation, making it difficult to assess whether a retrieved email truly
contributes to validating the hypothesis.

Additionally, the increasing volume of data in modern digital forensic in-
vestigations creates significant analytical challenges, including longer process-
ing times, investigative backlogs, and the risk of overlooking relevant evi-
dence [11].

Consequently, the need for intelligent retrieval methods has become in-
creasingly urgent. Recent advances in Large Language Models (LLMs) have
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significantly enhanced the ability to understand and reason over unstructured
text, enabling new paradigms in information retrieval that integrate generation
and retrieval processes [6, 12]. In particular, RAG has emerged as a powerful
framework that combines parametric knowledge with external evidence re-
trieval, improving factual grounding and contextual reasoning in knowledge-
intensive tasks [10, 13, 14].

Recent surveys highlight that modern RAG systems extend beyond sim-
ple retrieval-generation pipelines by incorporating hybrid retrieval strategies,
multi-step reasoning, and adaptive query mechanisms, making them particu-
larly suitable for complex analytical tasks [15, 16]. In this context, hypothesis-
drivenmessage retrieval emerges as a natural extension of these developments.
Instead of relying on keyword queries, investigators can formulate high-level
hypotheses and iteratively retrieve and evaluate supporting evidence, align-
ing with contemporary views of information retrieval as an interactive and
reasoning-driven process [6].

Although this work focuses on email communication, the underlying prob-
lem is not limited to emails. Other forms of digital communication, such as in-
stant messages, chat logs, and collaborative messaging platforms, are equally
relevant in forensic investigations and may contain critical evidence. There-
fore, the proposed hypothesis-driven retrieval perspective can be considered
transferable to broader communication data, provided that the data can be rep-
resented as text-based messages and analyzed in relation to investigative hy-
potheses.

A key challenge, therefore, lies in designing a retrieval system that can
move beyond surface-level matching and instead capture the semantic and
contextual relationship between a hypothesis and the content of emails. Such
a system should be capable of interpreting the intent behind a hypothesis, re-
trieving relevant messages even in the absence of explicit cues, and supporting
the investigator by highlighting potential evidence within large collections of
data.

1.2 Research Objectives and Proposed Solution

Motivated by these challenges and opportunities, the primary objective of
this thesis is to investigate and develop effective methods for the problem
of hypothesis-driven message retrieval in large-scale email corpora within a
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forensic context. To address this problem, this thesis adopts a RAG frame-
work that combines information retrieval techniques with language model-
based reasoning [13]. The proposed approach is designed not only to retrieve
relevant emails but also to provide interpretable explanations and supporting
evidence for each retrieved result.

The overall system is structured as a multi-stage pipeline. Given a hypoth-
esis expressed in natural language, the system first performs a retrieval step,
where relevant email contexts are identified from the corpus and later assessed
at the email level. Multiple retrieval strategies are considered, including lex-
ical or sparse retrieval methods such as BM25 [17], dense embedding-based
approaches [18], and hybrid retrieval methods, enabling a comparative analy-
sis of their effectiveness in the context of hypothesis-driven retrieval.

Following the retrieval phase, the selected emails are passed to a genera-
tion component, where a large language model is used to analyze the relation-
ship between each email and the given hypothesis. This step produces a jus-
tification that describes why a particular email may be relevant, allowing the
system to move beyond simple document matching toward contextual inter-
pretation [19]. This integration of language model-based reasoning enhances
interpretability by generating explanations that describe the relationship be-
tween retrieved emails and the given hypothesis.

In addition to generating explanations, the system also performs evidence
extraction, identifying specific text spans within each email that support the
hypothesis. This capability is particularly important in forensic applications,
where verifiability is essential [20]. By highlighting concrete excerpts from
the source documents, the system enables investigators to quickly assess the
validity of the retrieved information and supports more transparent and verifi-
able results.

To achieve this aim, this thesis focuses on the following objectives:
• Design and implementation of retrieval pipelines: Develop multiple
retrieval approaches, including lexical (e.g., BM25) [17], dense
embedding-based [18], and hybrid retrieval methods, integrated within
a RAG framework [13].

• Comparative evaluation of retrieval effectiveness: Assess and compare
the performance of different retrieval strategies using standard informa-
tion retrieval metrics such as precision, recall, and F1 scores, in the
context of hypothesis-driven email retrieval.
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• Integration of language model-based reasoning: Incorporate large
language models to generate explanations that describe the relation-
ship between retrieved emails and the given hypothesis, enhancing
interpretability.

• Extraction of supporting evidence spans: Identify specific textual seg-
ments within emails that serve as supporting evidence for the hypothesis,
enabling more transparent and verifiable results.

• Evaluation of explanation and evidence quality: Investigate the effec-
tiveness of LLM-generated reasoning and extracted evidence in support-
ing the hypothesis, analyzing their accuracy, relevance, and usefulness
in a forensic setting.

• Analysis of the interaction between retrieval and reasoning: Explore
how the quality of retrieved documents influences the quality of gener-
ated explanations and evidence, and whether improved retrieval leads
to more reliable interpretability.

The combination of retrieval, reasoning, and evidence extraction results in
an integrated framework for interpretable hypothesis-driven retrieval. This ap-
proach aims to bridge the gap between traditional information retrieval meth-
ods and the needs of forensic analysis, where understanding and justifying
results is as important as retrieving them.

1.3 Structure of the Thesis

The remainder of this thesis is organized as follows.
Chapter 2 presents the background and current state of research. It in-

troduces the relevant foundations of digital forensics, e-discovery, informa-
tion retrieval, and RAG. It also discusses related benchmarks and evaluation
frameworks, including legal retrieval, high-recall retrieval, evidence verifica-
tion, and RAG evaluation, in order to position the present work within existing
research.

Chapter 3 describes the dataset construction and annotation process. It
introduces the TREC Legal Track and EDRMEnron dataset used in this thesis,
explains how the final hypothesis-specific subsets were selected, and presents
the three investigative hypotheses derived from selected TREC topics. The
chapter also defines the annotation criteria, including the distinction between
relevant, partially relevant, and not relevant emails, and explains how these
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labels are converted into the binary useful/not-useful setting used in the main
evaluation.

Chapter 4 presents the system architecture and implementation. It de-
scribes the preprocessing and cleaning of email data, the semantic chunking
and refinement process, the creation of sparse and dense representations, and
the storage of chunks and emails in a vector database. The chapter then ex-
plains the query expansion process, the BM25, dense, and hybrid retrieval
pipelines, the aggregation of retrieved chunks at the email level, and the lan-
guage model-based inference stage for producing usefulness labels, evidence
spans, and explanations.

Chapter 5 reports the experimental evaluation, results, and discussion. It
first introduces a random baseline and the evaluation setup, then presents the
retrieval and inference results for each of the three hypotheses. The chapter
compares the performance of BM25, dense retrieval, and hybrid retrieval un-
der default and enriched context settings. It also evaluates reasoning quality
and evidence-span quality, and includes a multi-run analysis to examine the
stability of the pipeline across different query-expansion runs.

Chapter 6 concludes the thesis by summarizing the main findings, limi-
tations, and directions for future work. It discusses the role of retrieval as
the main bottleneck of the pipeline, the sensitivity of query expansion, the
conditional usefulness of context enrichment, and the dependence of retrieval
performance on the nature of the hypothesis. It also outlines future improve-
ments related to corpus-aware query expansion, structure-aware context selec-
tion, reranking, larger annotated datasets, finer-grained evidence annotations,
and broader hypothesis types.



Chapter 2

Background and Current State of
Research

This chapter presents the theoretical and research background required to sit-
uate the work conducted in this thesis. The proposed system combines infor-
mation retrieval, large language model-based reasoning, and evidence extrac-
tion for the task of hypothesis-driven forensic email analysis. Therefore, the
chapter first introduces the role of digital forensics and e-discovery in large-
scale document review, with particular attention to email communication as
an investigative source. It then discusses information retrieval techniques that
are commonly used to identify relevant documents, including sparse, dense,
and hybrid retrieval methods. After that, the chapter introduces RAG as a
framework for combining retrieval with language model-based interpretation.
Finally, related benchmarks and evaluation metrics are reviewed in order to
clarify how the present thesis differs from existing retrieval, legal reasoning,
and RAG evaluation settings.

2.1 Digital Forensics, E-Discovery, and Email
Analysis

Digital forensics is concerned with the identification, preservation, analysis,
and interpretation of digital evidence. In modern investigations, relevant in-
formation is often distributed across large volumes of heterogeneous data, in-
cluding emails, chat messages, documents, logs, and other digital traces [3].
The role of the investigator is therefore not limited to accessing data, but also
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involves determining which pieces of information are meaningful in relation
to a specific investigative question. This makes digital forensic analysis both
a retrieval problem and an interpretive reasoning problem.

Email communication is a particularly important source of evidence be-
cause it often records organizational decisions, informal discussions, negoti-
ations, and exchanges between individuals. In corporate and legal investiga-
tions, email collections may reveal how certain decisions were made, whether
policies were followed, or whether individuals discussed activities that are rel-
evant to an allegation. However, the evidential value of emails also depends
on context. A single message may not explicitly state the behavior being in-
vestigated, but may still become relevant when interpreted together with the
investigative hypothesis, the surrounding communication, or domain-specific
knowledge.

A closely related field is electronic discovery, or e-discovery, where the
objective is to identify electronically stored information that is relevant to lit-
igation, regulatory review, or an internal investigation. E-discovery has long
been connected to information retrieval research because legal document col-
lections can contain hundreds of thousands or evenmillions of documents [21].
Manual review of such collections is expensive and time-consuming, which
has motivated the development of search, filtering, and technology-assisted
review methods [22]. In this setting, recall is often especially important, be-
cause failing to identify relevant evidence may have serious legal or inves-
tigative consequences. At the same time, precision is also important, since
low precision increases the amount of irrelevant material that reviewers must
inspect.

The TREC Legal Track is one of the most influential evaluation settings
for legal information retrieval and e-discovery. It provided shared tasks, docu-
ment collections, and relevance judgments for studying how retrieval systems
perform in legal review scenarios [21]. The track included tasks based on
Enron-derived data and focused on the problem of identifying documents re-
sponsive to legal information needs. This makes it particularly relevant to the
present thesis, which also uses Enron email data and studies the retrieval of
messages in relation to higher-level information needs. However, the task con-
sidered in this thesis differs from traditional e-discovery retrieval because the
system is not only expected to return relevant documents. It is also expected
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to classify whether an email is useful for a hypothesis, extract supporting evi-
dence spans, and generate an explanation of the relationship between the email
and the hypothesis.

Technology-Assisted Review (TAR) represents another important line of
work in e-discovery. TAR systems use machine learning methods to support
document review, often by prioritizing or classifying documents based on ex-
amples of relevance [22]. Prior work has shown that machine-assisted review
can improve the efficiency of legal review while still maintaining strong ef-
fectiveness according to retrieval-oriented measures such as precision, recall,
and F1 [22]. This is relevant to the present thesis because both settings involve
the use of computational methods to reduce the burden of manual document in-
spection. Nevertheless, the focus of this thesis is different from conventional
TAR. Rather than learning from a large set of coded examples in an iterative
review process, the system begins from a natural-language hypothesis and at-
tempts to retrieve and interpret emails that may support or contextualize it.

This distinction is important because investigative hypotheses are often
more complex than ordinary keyword queries. A hypothesis may describe an
alleged behavior, a financial strategy, or a coordinated action without neces-
sarily using the same words that appear in the relevant emails. Previous work
in digital forensic search has also noted that simple text-string searching can
be limited when investigators must inspect large result sets and identify mean-
ingful evidence among many possible hits [23]. For example, an investigator
may be interested in whether employees discussed manipulating schedules,
concealing debt, or destroying documents. Relevant emails may express these
ideas indirectly, using domain-specific terminology, abbreviations, or partial
references. As a result, hypothesis-driven email analysis requiresmethods that
can go beyond exact lexical matching and support semantic interpretation.

For this reason, the task studied in this thesis can be understood as a special-
ized form of forensic information retrieval. The input is not a short keyword
query, but a richer hypothesis describing an investigative assumption. The
desired output is not simply a ranked list of documents, but a set of emails
that are useful for assessing the hypothesis, together with evidence spans and
explanations that make the result interpretable. This places the work at the in-
tersection of digital forensics, e-discovery, information retrieval, and retrieval-
augmented language model reasoning.
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2.2 Information Retrieval for Evidence Discov-
ery

Information retrieval (IR) is concerned with finding documents or passages
that satisfy an information need expressed by a user query [7]. In standard
search settings, this information need is often represented by a short keyword
query. In forensic and e-discovery settings, however, the information need
may be more complex. Investigators may not know the exact words used in
the relevant documents, and relevant evidence may be expressed indirectly,
through domain-specific terminology, abbreviations, or contextual references.
For this reason, retrieval in investigative settings must support both exact
matching and broader semantic matching.

In the context of this thesis, retrieval is the first stage of the analysis
pipeline. Given a hypothesis expressed in natural language, the retrieval com-
ponent identifies candidate email chunks that may contain useful evidence.
These chunks are then grouped at the email level and passed to the inference
component for further analysis. The quality of retrieval is therefore critical,
because the language model can only reason over evidence that is included
in its input context. If a relevant email is not retrieved, the generation stage
cannot extract evidence from it or explain its relevance.

2.2.1 Sparse Retrieval

Sparse retrieval methods represent queries and documents using lexical fea-
tures, usually based on the words that appear in the text. These approaches
are often implemented with inverted indexes, which make it efficient to re-
trieve documents containing query terms [7]. A central advantage of sparse
retrieval is that it is transparent and effective when relevant documents share
explicit vocabulary with the query. This is particularly useful in legal and
forensic contexts, where names, dates, technical terms, transaction identifiers,
and specific phrases may be highly informative.

One of the most widely used sparse retrieval models is BM25, which is
based on the probabilistic relevance framework [17]. BM25 ranks documents
according to the occurrence of query terms, while also accounting for term
frequency, inverse document frequency, and document length normalization.
A common form of the BM25 scoring function is shown in Equation 2.1:
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BM25(q, d) =
∑
t∈q

IDF(t) · f(t, d)(k1 + 1)

f(t, d) + k1

(
1− b+ b |d|

avgdl

) (2.1)

where q is the query, d is the document, f(t, d) is the frequency of term t in
document d, |d| is the document length, avgdl is the average document length
in the collection, and k1 and b are parameters controlling term-frequency sat-
uration and document-length normalization [17].

The strength of BM25 lies in its robustness and its ability to retrieve doc-
uments that contain exact lexical cues. In forensic email analysis, this can be
especially valuable when evidence depends on specific expressions such as
financial terms, employee names, project names, or operational terminology.
However, sparse retrieval also has important limitations. It relies heavily on
lexical overlap between the query and the document. If a hypothesis uses
abstract wording while the relevant emails use different terminology, BM25
may fail to retrieve useful evidence. This limitation is often described as a
vocabulary mismatch problem in information retrieval [7].

2.2.2 Dense Retrieval

Dense retrieval methods address some of the limitations of sparse retrieval by
representing queries and documents as dense vectors in a continuous embed-
ding space. Instead of relying only on exact word overlap, dense retrieval uses
neural models to encode semanticmeaning, so that texts with similar meanings
can be close to each other even when they do not share the same vocabulary.
This makes dense retrieval attractive for tasks where the user’s information
need is abstract, implicit, or expressed in different language from the relevant
documents.

A common architecture for dense retrieval is the dual-encoder model,
where the query and the document are encoded separately and compared using
a similarity function such as dot product or cosine similarity. Dense Passage
Retrieval (DPR), for example, showed that learned dense representations
can be effective for retrieving passages in open-domain question answering
[18]. Sentence-level and passage-level embedding models have also become
widely used for semantic search because they allow efficient comparison
between text units in vector space [24].
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In hypothesis-driven forensic email retrieval, dense retrieval is useful be-
cause the hypothesis may describe a behavior rather than a fixed set of key-
words. For instance, a hypothesis about concealing debt, manipulating supply,
or coordinating document retention may correspond to emails that use indirect
or domain-specific wording. Dense retrieval can therefore help identify mes-
sages that are semantically related to the hypothesis even when they do not
contain the same surface terms.

Nevertheless, dense retrieval also has limitations. It may retrieve seman-
tically similar but investigatively irrelevant texts, especially when the hypoth-
esis is broad. It may also be less reliable for exact matching of rare terms,
identifiers, names, or highly specific phrases. In forensic settings, this is an
important concern because small lexical details can be evidentially significant.
Therefore, dense retrieval should not be understood as a complete replacement
for sparse retrieval, but rather as a complementary approach.

2.2.3 Hybrid Retrieval

Hybrid retrieval combines sparse and dense retrieval methods in order to bene-
fit from the strengths of both approaches. Sparse retrieval is effective for exact
lexical matches, while dense retrieval is better suited for semantic similarity
and vocabulary mismatch. Combining the two can therefore improve retrieval
robustness, especially when the information need contains both precise terms
and abstract concepts.

One simple and widely used approach for combining ranked lists is Recip-
rocal Rank Fusion (RRF) [25]. RRF assigns a score to each document based
on its rank in multiple retrieval result lists. A document that appears highly
ranked by several retrieval methods receives a stronger combined score. The
general form of RRF is shown in Equation 2.2:

RRF(d) =
∑
r∈R

1

k + rankr(d)
(2.2)

where R is the set of retrieval systems, rankr(d) is the rank of document
d in the result list produced by retriever r, and k is a constant used to reduce
the impact of lower-ranked documents [25].

Hybrid retrieval is particularly relevant for the task considered in this the-
sis. Some emails may be retrieved because they contain explicit lexical evi-
dence, while others may be useful because they are semantically related to the
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hypothesis despite using different wording. By combining sparse and dense
methods, the retrieval stage can cover a wider range of possible evidence. This
is important in forensic analysis, where missing relevant material may bemore
problematic than retrieving additional candidates for later inspection.

2.2.4 Query Expansion

Query expansion is another technique used to improve retrieval effectiveness.
The basic idea is to reformulate or enrich the original query with additional re-
lated terms, phrases, or descriptions. Classical approaches include relevance
feedback and pseudo-relevance feedback, where information from known or
assumed relevant documents is used to modify the query [26, 27]. Query ex-
pansion can reduce vocabulary mismatch by increasing the chance that the
query contains terms that appear in relevant documents.

In the setting of hypothesis-driven retrieval, query expansion is especially
useful because the original hypothesis may be long, abstract, or written in
language that differs from the emails. A single hypothesis can imply several
possible search directions. For example, a hypothesis about concealing debt
may be expanded into queries involving loans, financing, balance sheet treat-
ment, accounting structure, or special-purpose entities. Similarly, a hypothe-
sis about manipulating energy supply may be expanded into queries involving
schedules, bids, load volumes, availability, and market prices.

Recent work has explored the use of large language models for query
expansion. Query2doc, for instance, uses an LLM to generate pseudo-
documents that expand the original query and improve both sparse and
dense retrieval [28]. HyDE follows a related idea by generating a hypo-
thetical document from the query and then using its embedding for dense
retrieval [29]. More recent work has also investigated corpus-steered and
LLM-assisted pseudo-relevance feedback methods, where corpus evidence
and language models are used to refine or expand the original query [54, 55].
These approaches are relevant because they show that generative models can
help bridge the gap between a short or abstract information need and the
documents that should be retrieved.

For this thesis, query expansion is used to transform an investigative hy-
pothesis into multiple retrieval queries. This makes the retrieval stage less
dependent on a single formulation of the hypothesis and allows the system
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to search for different expressions of the same underlying idea. In a forensic
setting, this is important because the same behavior may be described using
different vocabulary across different emails, authors, or organizational con-
texts.

2.3 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) is a framework that combines exter-
nal information retrieval with neural text generation. Instead of relying only
on the parametric knowledge stored inside a language model, a RAG system
first retrieves relevant documents or passages from an external collection and
then conditions the generation process on the retrieved context [13]. This de-
sign is especially useful in knowledge-intensive tasks, where the system must
produce outputs that are grounded in specific source material rather than only
in the model’s internal knowledge.

The general RAG pipeline consists of two main components: a retriever
and a generator. Given an input query x, the retriever selects a set of relevant
documents or passages z from a corpus. The generator then produces an out-
put y conditioned on both the original query and the retrieved context. In the
original formulation of RAG, the output probability is modeled by marginal-
izing over retrieved documents as shown in Equation 2.3:

p(y|x) ≈
∑

z∈top-k(x)

pη(z|x)pθ(y|x, z) (2.3)

where pη(z|x) represents the retriever distribution over documents and
pθ(y|x, z) represents the generator distribution conditioned on the query and
retrieved document [13]. Although modern RAG systems are often imple-
mented in more flexible pipeline-based forms, this formulation captures the
central idea that generation should be informed by retrieved evidence.

RAG is closely related to earlier work on retrieval-augmented language
modeling and open-domain question answering. REALM, for example, in-
troduced a retrieval-augmented pre-training approach in which a language
model retrieves knowledge from a textual corpus while learning to answer
knowledge-intensive questions [30]. Dense Passage Retrieval (DPR) further
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showed that dense neural retrievers can be used to retrieve passages for open-
domain question answering, replacing or complementing traditional sparse re-
trieval methods [18]. Later architectures such as Fusion-in-Decoder demon-
strated that generation quality can improve when the model is able to con-
dition on multiple retrieved passages and integrate information across them
[19]. These developments established RAG as a central approach for tasks
that require both access to external knowledge and flexible natural language
reasoning.

2.3.1 RAG for Evidence-Grounded Analysis

The main advantage of RAG is that it provides a mechanism for grounding
model outputs in retrieved evidence. This is important because large language
models can generate fluent and plausible text even when their outputs are not
supported by reliable sources. By retrieving relevant documents and condi-
tioning the generation step on them, RAG systems can reduce the dependence
on the model’s internal knowledge and make the output more verifiable [13].
In domains such as law, medicine, finance, and digital forensics, this ground-
ing is especially important because users need to inspect the source material
and verify whether a generated conclusion is justified.

In the context of this thesis, RAG is not used only for answering natu-
ral language questions. Instead, it is adapted to the task of hypothesis-driven
forensic email analysis. The input is an investigative hypothesis, and the re-
trieval component identifies email chunks that may contain relevant evidence.
The generation component then analyzes whether each retrieved email-level
context is useful for assessing the hypothesis, extracts supporting text spans,
and produces an explanation of the relationship between the email and the hy-
pothesis. Therefore, the role of generation is not merely to produce an answer,
but to support interpretation and evidence assessment.

This use of RAG is connected to broader work on explainable and
evidence-grounded NLP. In evidence-based tasks, it is not sufficient for a
model to produce a correct label or answer; it should also identify the source
evidence that supports the output. This idea is central to fact verification
datasets such as FEVER, where systems must determine whether a claim is
supported or refuted by textual evidence and identify the relevant supporting
sentences [20]. Although FEVER is based on Wikipedia rather than forensic
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emails, it illustrates the importance of linking model judgments to concrete
textual evidence.

For forensic applications, evidence grounding has an additional practical
importance. Investigators must be able to inspect why a document was con-
sidered relevant and whether the reasoning is supported by the original text. A
system that only outputs a relevance label may reduce the amount of manual
review, but it does not fully support transparent decision-making. By con-
trast, a system that provides both an evidence span and an explanation allows
the user to evaluate the result more directly. This makes RAG suitable for
investigative tasks where interpretability and verifiability are as important as
retrieval performance.

2.3.2 RAG Variants and Recent Developments

Recent research has extended the basic retrieve-then-generate pipeline in sev-
eral ways. Some approaches focus on improving the retrieval stage, for ex-
ample through better dense retrievers, query expansion, re-ranking, or hybrid
retrieval. Others focus on improving the interaction between retrieval and gen-
eration. Self-RAG introduces a self-reflective framework in which the model
learns to decide when retrieval is needed and to critique the usefulness and
supportiveness of retrieved passages [31]. This is relevant because not every
generated response benefits equally from retrieval, and not every retrieved
passage is useful for the final output.

Corrective RAG follows a related motivation by introducing mechanisms
to evaluate and correct retrieved information before generation [32]. The goal
is to reduce the risk that irrelevant or misleading retrieved passages negatively
affect the generated answer. Such approaches are important because retrieval
is not automatically beneficial: if the retrieved context is noisy, incomplete,
or only weakly related to the query, the generator may produce unsupported
or incorrect conclusions.

Other recent work has emphasized adaptive and iterative retrieval. In these
systems, retrieval may happen more than once, and the query may be reformu-
lated based on intermediate results. This is particularly relevant for complex
information needs, where a single query may not be sufficient to retrieve all
necessary evidence. In hypothesis-driven analysis, the same issue appears be-
cause a hypothesis can contain several sub-concepts, and relevant emails may
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express those concepts in different ways. Query expansion and multi-query
retrieval can therefore be seen as practical mechanisms for adapting RAG to
complex investigative hypotheses.

2.3.3 Limitations of RAG in Investigative Settings

Despite its advantages, RAG does not guarantee correct or complete analysis.
The first major limitation is retrieval dependency. If the retrieval stage fails
to retrieve a relevant email, the generation stage cannot reason over it. This is
especially important in forensic and e-discovery settings, where missing rel-
evant evidence can be more problematic than retrieving additional irrelevant
material. Therefore, recall-oriented evaluation remains important even when
a language model is used after retrieval.

A second limitation concerns noisy or partially relevant context. Retrieval
systems may return documents that share some terms or semantic similarity
with the hypothesis but do not actually provide useful evidence. When such
context is passed to a language model, the model may over-interpret weak evi-
dence or produce explanations that appear plausible but are not fully supported
by the source text. This makes it necessary to evaluate not only whether the
system retrieves relevant documents, but also whether the generated reasoning
is faithful to the retrieved evidence.

A third limitation is context length. Email threads, attachments, and long
messages may contain more information than can be included in the model in-
put. Chunking is therefore necessary, but chunking can separate related infor-
mation across different text segments. If the retrieved chunk is too narrow, the
model may lack the surrounding context needed to interpret the evidence cor-
rectly. If the retrieved context is too broad, the model may receive irrelevant
information that makes the inference more difficult. This creates a trade-off
between context completeness and context precision.

A fourth limitation is the difficulty of evaluating generated explanations.
Standard retrieval metrics such as precision and recall can measure whether
relevant documents were retrieved, but they do not directly measure whether
the generated explanation is correct, faithful, or useful. For this reason, RAG
evaluation often requires additional dimensions such as faithfulness, answer
relevance, context relevance, and evidence quality [33]. In the present thesis,
this issue is addressed by evaluating retrieval performance, useful/not-useful
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inference labels, evidence-span quality, and reasoning quality as separate com-
ponents.

These limitations show why RAG should be understood as an evidence-
support system rather than a fully automated substitute for forensic judgment.
In an investigative setting, the purpose of RAG is to help identify potentially
useful material, highlight supporting evidence, and explain why a message
may be relevant to a hypothesis. The final assessment still depends on whether
the retrieved evidence and generated reasoning can be verified against the orig-
inal documents.

2.4 Related Benchmarks and Similar Work

The task addressed in this thesis is related to several existing research areas,
including legal information retrieval, e-discovery, high-recall retrieval, open-
domain retrieval, fact verification, legal language model evaluation, and RAG
evaluation. However, none of these benchmarks fully matches the complete
setting considered here: retrieving emails in response to an investigative hy-
pothesis, classifying their usefulness, extracting evidence spans, and generat-
ing explanations grounded in the retrieved text. This section reviews the most
relevant benchmarks and lines of work and clarifies how they relate to the
present thesis.

2.4.1 Legal and E-Discovery Benchmarks

The closest research area to this thesis is legal information retrieval and e-
discovery. The TREC Legal Track is one of the most influential shared evalu-
ation efforts in this area. It was designed to evaluate retrieval systems for legal
discovery tasks, where systemsmust identify documents responsive to legal in-
formation needs [21]. The track is particularly relevant because it used large
legal document collections, including Enron-derived material, and provided
relevance assessments for evaluating retrieval effectiveness. This makes it an
important precedent for studying search and review methods over corporate
email collections.

The connection between the TREC Legal Track and the present thesis is
direct but not complete. Both settings involve large-scale document review
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and the identification of documents relevant to an information need. How-
ever, the TREC Legal Track primarily evaluates retrieval effectiveness in an
e-discovery setting, whereas this thesis studies a RAG-based pipeline that
also performs language model-based interpretation. In other words, the objec-
tive here is not only to retrieve responsive documents, but also to determine
whether retrieved emails are useful for assessing a hypothesis, extract textual
evidence, and generate explanations that make the result inspectable.

Technology-Assisted Review (TAR) is another closely related line of work.
TAR refers to the use of machine learning and information retrieval methods to
support legal document review, often by prioritizing or classifying documents
according to their likely relevance [22]. TAR is relevant to this thesis because
both settings aim to reduce the burden of manual review in large document
collections. In legal review, the goal is often to identify relevant documents
as efficiently as possible while maintaining high recall. Similarly, in forensic
email analysis, investigators need methods that can reduce the search space
while minimizing the risk of overlooking useful evidence.

Nevertheless, conventional TAR differs from the task considered in this
thesis. TAR systems typically rely on reviewer feedback, training examples,
or iterative relevance assessment. By contrast, the approach in this thesis starts
from a natural-language investigative hypothesis and uses retrieval and genera-
tion to identify and interpret potentially useful emails. The system is therefore
closer to hypothesis-driven evidence discovery than to standard supervised
document review.

The TREC Total Recall Track is also relevant because it focuses on high-
recall retrieval. Its objective was to evaluate systems that attempt to find as
many relevant documents as possible, ideally approaching complete recall,
while minimizing review effort [34]. This is conceptually important for foren-
sic and legal settings, where missing relevant material can be costly. The
present thesis shares this recall-oriented concern, especially at the retrieval
stage, because an email that is not retrieved cannot later be analyzed by the
language model. However, Total Recall focuses mainly on the retrieval and
review process, whereas this thesis also evaluates downstream inference, evi-
dence extraction, and explanation quality.
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2.4.2 General Retrieval Benchmarks

Beyond legal retrieval, this thesis is also related to general information re-
trieval benchmarks. BEIR is a widely used benchmark for evaluating retrieval
models across diverse datasets and domains [35]. It includes several retrieval
tasks and has been used to compare sparse retrieval methods such as BM25
with dense retrieval models and other neural approaches. BEIR is relevant be-
cause it shows the importance of evaluating retrieval methods across different
types of information needs rather than assuming that one retrieval approach
will perform best in every domain.

The relevance of BEIR to this thesis lies mainly in its comparison of re-
trieval paradigms. The present thesis also compares sparse, dense, and hybrid
retrieval methods. However, BEIR is not designed for forensic email analysis
or hypothesis-driven evidence discovery. Its tasks are mostly general-domain
or domain-specific retrieval tasks with predefined queries and relevance la-
bels. In contrast, this thesis studies hypotheses that describe investigative as-
sumptions and require emails to be judged according to their usefulness for
supporting or contextualizing those assumptions.

MSMARCO is another important benchmark in modern retrieval research.
It was introduced for large-scale machine reading comprehension and passage
ranking using real user queries [36]. MS MARCO has been widely used for
training and evaluating dense retrievers and neural ranking models. It is rel-
evant because many modern retrieval models and embedding approaches are
developed or evaluated in relation to passage-ranking tasks of this kind.

However, MS MARCO differs substantially from the setting of this thesis.
It is primarily based on web-style questions and passage retrieval, whereas the
present work deals with corporate email communication and forensic hypothe-
ses. The information need in MS MARCO is usually a question seeking an
answer, while the information need in this thesis is an investigative hypothesis
seeking supporting or contextual evidence. Therefore, MS MARCO is useful
as background for retrieval research, but it is not a direct benchmark for the
task studied here.
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2.4.3 Evidence Verification and Legal Reasoning Bench-
marks

The evidence extraction component of this thesis is related to fact verification
and evidence-grounded NLP. FEVER is one of the most influential bench-
marks in this area. In FEVER, systems must determine whether a claim is
supported, refuted, or not verifiable based on evidence from Wikipedia, and
they must identify the textual evidence that supports the decision [20]. This is
relevant because the present thesis also requires a model to connect a higher-
level statement to textual evidence.

The similarity between FEVER and this thesis is that both require a judg-
ment to be grounded in evidence. However, the domains and tasks are differ-
ent. FEVER focuses on claim verification over Wikipedia, while this thesis
focuses on forensic email analysis. In FEVER, the input is usually a factual
claim, and the system determines whether it is supported or refuted. In this
thesis, the input is an investigative hypothesis, and the system must identify
whether an email is useful for assessing that hypothesis. The output is also
different: this thesis evaluates not only the label, but also the quality of the
extracted evidence span and the generated explanation.

LegalBench is another related benchmark, but from the perspective of
legal language model evaluation. It provides a collection of tasks designed
to evaluate legal reasoning and legal understanding in language models [37].
This is relevant because the present thesis also operates near the legal and
investigative domain and uses language models for interpretation. However,
LegalBench is mainly concerned with legal reasoning tasks, not retrieval over
large email corpora. It does not directly evaluate whether a system can re-
trieve relevant evidence from a forensic collection and generate explanations
grounded in that evidence.

2.4.4 RAG Evaluation Benchmarks and Frameworks

Since this thesis uses a RAG-based pipeline, it is also related to recent work on
evaluating RAG. RAGAS is a framework for evaluating RAG systems along
dimensions such as faithfulness, answer relevance, context precision, and con-
text recall [33]. This is relevant because it recognizes that RAG systems can-
not be evaluated only by the final generated answer. The quality of the re-
trieved context and the faithfulness of the generated output to that context are
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also important.
This idea is closely aligned with the evaluation design of the present the-

sis. The system is evaluated not only in terms of retrieval precision, recall,
and F1, but also in terms of inference labels, evidence-span quality, and rea-
soning quality. However, the evaluation in this thesis is adapted to the forensic
hypothesis-driven setting. Instead of evaluating general answer quality, the fo-
cus is on whether the retrieved and generated outputs help determine whether
an email is useful for an investigative hypothesis.

Recent work has also argued that retrieval evaluation in RAG systems
should consider the effect of retrieved documents on downstream generation.
For example, eRAG examines retrieval quality from the perspective of how
retrieved documents contribute to generation, rather than relying only on tradi-
tional query-document relevance labels [38]. This is important for the present
thesis because a retrieved email may be topically related to the hypothesis but
still not useful for generating a correct and evidence-grounded inference. Con-
versely, a document may be useful because it provides a small but important
piece of evidence.

This distinction motivates the multi-stage evaluation used in this thesis.
Retrieval metrics measure whether useful emails are retrieved, but they do not
fully determine whether the language model correctly interprets those emails.
Therefore, the downstream inference and evidence extraction stages must be
evaluated separately. This reflects the broader view that RAG systems should
be assessed as pipelines, where retrieval quality and generation quality interact
but are not identical.

2.4.5 Comparative Summary of Related Benchmarks

The benchmarks and evaluation frameworks reviewed in the preceding sub-
sections address different components of the task considered in this thesis. Ta-
ble 2.1 summarizes their primary evaluation focus and their relationship to
hypothesis-driven forensic email analysis.
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Table 2.1: Summary of related benchmarks and evaluation frameworks.

Resource Primary focus Relation to the present thesis

TREC Legal
Track

Retrieval of documents
responsive to legal infor-
mation needs

Closely related to the corporate
email and e-discovery setting,
but does not evaluate usefulness
classification, evidence spans,
or generated explanations.

TREC Total
Recall

High-recall retrieval
with reduced review
effort

Reflects the importance of find-
ing as much relevant evidence
as possible, but focuses mainly
on retrieval and document re-
view.

BEIR Comparison of retrieval
models across multiple
domains

Relevant to the comparison
of sparse and dense retrieval,
but is not designed for forensic
emails or investigative hypothe-
ses.

MS MARCO Passage ranking for
natural-language web
queries

Important for modern retrieval
research, but its answer-seeking
queries differ from hypotheses
seeking supporting or contex-
tual evidence.

FEVER Claim verification and
supporting-evidence
identification

Related to evidence-grounded
decisions, but operates over
Wikipedia claims rather than
forensic email collections.

LegalBench Evaluation of legal un-
derstanding and reason-
ing in language models

Relevant to legal-domain inter-
pretation, but does not evaluate
retrieval from a document cor-
pus or hypothesis-driven evi-
dence discovery.

RAGAS Evaluation of context
quality, answer rele-
vance, and faithfulness
in RAG

Motivates the separation of
retrieval and generation quality,
but is primarily designed for
general question-answering
settings.

eRAG Evaluation of retrieved
documents according
to their contribution to
generation

Connects retrieval quality with
downstream generation, but
does not address hypothesis-
driven forensic email analysis.



2.5 Evaluation Metrics 24

As shown in Table 2.1, the reviewed resources cover individual aspects of
the present task, including legal retrieval, high-recall review, sparse and dense
retrieval, evidence verification, legal reasoning, and RAG evaluation. How-
ever, they differ in their input, document domain, expected output, and eval-
uation focus. None of them jointly evaluates the retrieval of forensic emails
from an investigative hypothesis, the classification of their usefulness, the ex-
traction of supporting evidence spans, and the generation of grounded expla-
nations.

2.5 Evaluation Metrics

Evaluation is an essential part of information retrieval and RAG-based sys-
tems because different stages of the pipeline may fail in different ways. A
system may retrieve useful documents but generate an incorrect explanation,
or it may generate a plausible explanation from context that does not actu-
ally contain sufficient evidence. For this reason, the evaluation of hypothesis-
driven forensic email analysis should not be reduced to a single score. Instead,
retrieval quality, classification quality, evidence grounding, and explanation
quality need to be assessed separately.

In this thesis, the evaluation follows this multi-component perspective. Re-
trieval is evaluated according to whether useful emails are retrieved. The in-
ference stage is evaluated according to whether the language model correctly
classifies emails as useful or not useful. The evidence-span component is eval-
uated according to whether the extracted spans are present in the retrieved
context and whether they support the hypothesis. Finally, the reasoning com-
ponent is evaluated according to whether the generated explanation is relevant,
correct, and clear.

2.5.1 Retrieval Metrics

Retrieval metrics measure how effectively a system identifies relevant items
from a collection in response to an information need. In classical information
retrieval, systems are often evaluated using ranked retrieval metrics such as
Mean Average Precision (MAP), Mean Reciprocal Rank (MRR), or Normal-
ized Discounted Cumulative Gain (nDCG) [7]. These metrics are useful when
the position of each retrieved document in a ranked list is important.
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However, in the setting of this thesis, the main objective is to determine
whether useful emails are retrieved at all, rather than to evaluate the exact rank
order of every retrieved email. Retrieved chunks are grouped at the email
level, and the downstream inference component receives email-level contexts.
Therefore, set-based metrics such as precision, recall, and F1 are more appro-
priate for the main evaluation.

LetG denote the set of ground-truth useful emails for a hypothesis, and let
R denote the set of emails retrieved by a retrieval method. Retrieval precision
is defined as:

Precision =
|R ∩G|
|R|

(2.4)

Precision measures the proportion of retrieved emails that are actually use-
ful. High precision means that the retrieval method returns little irrelevant ma-
terial. In forensic analysis, this is important because low precision increases
the amount of material that an investigator or downstreammodel must inspect.

Retrieval recall is defined as:

Recall =
|R ∩G|
|G|

(2.5)

Recall measures the proportion of all useful emails that were successfully
retrieved. In forensic and e-discovery settings, recall is particularly important
because missing useful evidence may affect the completeness of the investiga-
tion. If a useful email is not retrieved, the language model cannot later extract
evidence from it or explain its relationship to the hypothesis.

The F1 score combines precision and recall using the harmonic mean:

F1 = 2 · Precision · Recall
Precision+ Recall

(2.6)

F1 is useful when both precision and recall matter. It provides a single
summary measure that penalizes systems that perform well on only one of the
two dimensions. Nevertheless, precision and recall should still be interpreted
separately, especially in investigative settings where the relative importance
of finding all useful evidence and reducing review burden may vary.
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2.5.2 Classification Metrics

After retrieval, the language model classifies each retrieved email-level con-
text as useful or not useful for the given hypothesis. This can be evaluated
as a binary classification problem. In this thesis, the useful class is treated
as the positive class. Relevant and partially relevant emails, which will be
explained in the upcoming chapters, are therefore useful as well, while not
relevant emails are considered not useful.

The predictions can be summarized using a confusion matrix. The four
entries of the confusion matrix are:

• True Positives (TP): useful emails correctly predicted as useful.
• False Positives (FP): not useful emails incorrectly predicted as useful.
• False Negatives (FN): useful emails incorrectly predicted as not useful.
• True Negatives (TN): not useful emails correctly predicted as not useful.
Using these quantities, classification precision is defined as:

Precision =
TP

TP + FP
(2.7)

Classification precision measures how often emails predicted as useful are
truly useful. This is important because a high number of false positives can
reduce trust in the system and increase the amount of unnecessary review.

Classification recall is defined as:

Recall =
TP

TP + FN
(2.8)

Classification recall measures how many of the truly useful emails are in-
cluded in the final predicted-useful set. In the end-to-end evaluation used in
this thesis, low recall can result either because a useful email was not retrieved
or because the inference module classified a retrieved useful email as not use-
ful.

The classification F1 score is again computed as the harmonic mean of
precision and recall:

F1 = 2 · Precision · Recall
Precision+ Recall

(2.9)

These metrics therefore measure the combined effect of retrieval and
downstream usefulness classification on the final pipeline output.
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2.5.3 Evidence-Span Quality

In evidence-grounded systems, it is not sufficient to produce a label or an ex-
planation. The system should also identify the textual evidence on which the
decision is based. This is important in forensic settings because investigators
must be able to verify the connection between the system output and the orig-
inal document. Similar motivations appear in fact-verification tasks such as
FEVER, where systems are evaluated not only for claim classification but also
for their ability to identify supporting evidence [20].

In this thesis, the language model extracts evidence spans from the re-
trieved email-level context. These spans are evaluated using two criteria:
faithfulness and supportiveness.

Faithfulness measures whether the extracted span is actually present in the
retrieved context. A faithful evidence span should be an exact or directly veri-
fiable quotation from the source text. This criterion checks whether the model
grounded its output in the available context rather than producing an unsup-
ported or hallucinated excerpt. Faithfulness is closely related to the broader
RAG evaluation concern that generated outputs should be supported by re-
trieved context [33].

Supportiveness measures whether the extracted span provides meaningful
support for the usefulness label in relation to the hypothesis. A span may be
faithful because it appears in the email, but still fail to be supportive if it is
too generic, unrelated, or insufficient to justify the hypothesis-level interpre-
tation. For example, a span containing a financial term may be present in the
email, but it is only supportive if it contributes to the specific hypothesis being
evaluated.

These two criteria are intentionally separated. Faithfulness asks whether
the span exists in the context, while supportiveness asks whether the span ac-
tually helps justify the decision. This distinction is important because a model
can quote text correctly while still selecting evidence that does not meaning-
fully support the hypothesis.

2.5.4 Reasoning Quality

The reasoning component explains why an email is or is not useful for as-
sessing the hypothesis. This explanation is important because the system is
intended to support investigative analysis rather than simply output a binary
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decision. A useful explanation should make clear how the evidence relates to
the hypothesis, avoid unsupported claims, and be understandable to a human
reviewer. The reasoning quality is evaluated using three criteria: relevance,
correctness, and clarity.

Relevance measures whether the explanation addresses the relationship
between the email context and the hypothesis. An explanation is relevant if
it focuses on the investigative issue expressed in the hypothesis rather than
discussing unrelated details from the email.

Correctness measures whether the explanation accurately represents the
retrieved context. An explanation may be relevant but still incorrect if it over-
states the evidence, introduces claims not present in the email, or misinterprets
the meaning of the retrieved text. This criterion is connected to the broader
problem of faithfulness in generated text, where a model’s output should re-
main grounded in the available evidence [33].

Clarity measures whether the explanation is understandable and logically
expressed. In forensic analysis, clarity is important because explanations are
meant to help reviewers inspect and assess system outputs. A technically cor-
rect explanation may still be less useful if it is vague, confusing, or poorly
structured.

LLM-based evaluation has increasingly been used to assess open-ended
generated text, especially when exact reference answers are unavailable or
when evaluation requires judgment over qualities such as relevance, coher-
ence, and factual consistency [39]. However, LLM-based evaluation also has
limitations. Automated judges may be sensitive to prompt wording, may show
bias toward fluent explanations, and may not always capture domain-specific
standards. Therefore, reasoning-quality scores should be interpreted as struc-
tured diagnostic assessments rather than absolute measures of forensic valid-
ity.

2.5.5 Macro-Averaging Across Hypotheses

Because this thesis evaluates three separate hypotheses, results can be
reported both per hypothesis and as macro-averages across hypotheses.
Macro-averaging gives equal weight to each hypothesis, regardless of the
number of useful emails or the difficulty of the hypothesis. If Mi denotes a
metric score for hypothesis i, and there are N hypotheses, the macro-average
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is:

MacroAverage =
1

N

N∑
i=1

Mi (2.10)

Macro-averaging is useful because each hypothesis represents a distinct
investigative information need. Reporting only aggregate counts across all
emails could hide differences between hypotheses. For example, a retrieval
method may perform well on a hypothesis with strong lexical cues but poorly
on a hypothesis where the relevant evidence is expressed more indirectly. Per-
hypothesis reporting and macro-averaging therefore provide a more balanced
view of system behavior.

2.6 Research Gap and Positioning of This Thesis

As summarized in Table 2.1, existing research addresses several individual
components of the problem considered in this thesis. E-discovery and
TAR mainly focus on identifying responsive documents, while general
retrieval benchmarks evaluate retrieval effectiveness for predefined queries.
Fact-verification benchmarks connect predictions to textual evidence, and
RAG evaluation frameworks assess the quality and faithfulness of retrieved
and generated outputs. However, these research areas do not fully address
forensic email analysis based on natural-language investigative hypotheses.

The research gap therefore lies at the intersection of legal and forensic re-
trieval, evidence-grounded language modeling, and hypothesis-driven email
analysis. The task is not limited to retrieving documents or answering a ques-
tion. It requires identifying emails that are useful for assessing an investigative
hypothesis, extracting the textual evidence that supports the assessment, and
explaining how the email content relates to the hypothesis.

The contribution of this thesis is not the introduction of a new retrieval
paradigm or a new large language model. Instead, it lies in the design, imple-
mentation, and evaluation of a retrieval-augmented pipeline adapted to this
specific forensic analysis setting. The pipeline combines sparse, dense, and
hybrid retrieval, query expansion, email-level context construction, language
model-based usefulness classification, evidence-span extraction, and explana-
tion generation. This design makes it possible to investigate not only which
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retrieval method identifies more useful emails, but also how the retrieved con-
text affects downstream interpretation and evidence extraction.

A further distinguishing feature is the multi-component evaluation design.
Rather than evaluating the pipeline through a single final score, the evaluation
separates retrieval performance, usefulness classification, evidence-span qual-
ity, and reasoning quality. This distinction is necessary because the pipeline
may fail at different stages: a useful email may not be retrieved, a retrieved
email may be misclassified, a quoted span may not support the decision, or
an explanation may misrepresent or overstate the available evidence. Evaluat-
ing these components separately provides a clearer account of the interaction
between retrieval and language model-based reasoning.

Overall, this thesis positions hypothesis-driven forensic email analysis
as an evidence-discovery task that combines information retrieval with
language model-based interpretation. Its purpose is to reduce the document
search space, identify potentially useful emails, and make system decisions
inspectable through quoted evidence and explanations. The proposed pipeline
should therefore be understood as an investigative support system rather than
a replacement for human forensic judgment.



Chapter 3

Data

This chapter describes the data used in this thesis and explains how the fi-
nal hypothesis-specific email dataset was constructed. It first introduces the
TREC Legal Track and the EDRM Enron Email Data Set Version 2, which
provide the source material for the experiments. Since the original corpus is
too large for direct manual annotation in the context of this thesis, a smaller
task-specific subset was created using the seed sets from the TREC 2009 Legal
Track Interactive Task. The chapter then explains the selection of three legally
and forensically relevant topics, the derivation of the corresponding hypothe-
ses, and the filtering process used to obtain the final email sets. Finally, it
presents the annotation criteria, label definitions, annotation workflow, and
the conversion of the original three-label annotation scheme into the binary
useful/not-useful setting used for evaluation in the remainder of the thesis.

3.1 Data Description

3.1.1 TREC and EDRM Enron Dataset

The experiments in this thesis are conducted using data from the TREC Legal
Track collection. The Text Retrieval Conference (TREC) is a long-running
evaluation initiative that provides standardized datasets, tasks, and relevance
judgments for information retrieval research [40]. Within TREC, the TREC
Legal Track focuses specifically on e-discovery scenarios, where the goal is
to identify legally relevant documents from large collections [41].

EDRM Enron Email Data Set Version 2 was released through a collabo-
ration between the Electronic Discovery Reference Model, ZL Technologies,
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and the TREC Legal Track community. The release was intended to provide
a large-scale, publicly available corporate email corpus to support research in
e-discovery, information retrieval, and related analytical domains [41].

The collection consists of Enron corporate email communications that be-
came publicly available following investigations into Enron [42]. As docu-
mented in the TREC 2010 Legal Track overview, the original messages were
obtained by the Federal Energy Regulatory Commission and later processed
for research use by EDRM in collaboration with ZL Technologies [21]. This
provenance makes the dataset particularly valuable, as it reflects authentic or-
ganizational communication rather than synthetic data, thereby supporting re-
alistic investigative and legal retrieval studies.

The EDRM Enron Version 2 dataset contains over 1.7 million documents,
distributed in multiple formats, and including emails and their associated at-
tachments [43]. The XML format used in this thesis contains text renderings
of each email message and attachment, as well as the original native format
[21].

For the TREC 2010 Legal Track, EDRM dataset was refined into a con-
trolled corpus for legal retrieval experiments, with deduplication playing a
central role [44]. This process identified 455,449 distinct canonical messages
which, together with 230,143 attachments, resulted in a final collection of
685,592 documents [21]. Additional resources, including canonical mappings,
candidate document sets, and de-duplicated text renderings, were provided to
support systematic and reproducible evaluation [44].

3.1.2 Limitations and Motivations

The decision to construct a dedicated subset for this thesis was primarily mo-
tivated by the mismatch between the scale and structure of existing Enron-
based resources and the requirements of hypothesis-driven retrieval. While
the full EDRM Enron v2 dataset is extremely large, the TREC 2010 Legal
Track collection derived from it still contains over 600,000 documents [21],
making direct manual annotation for a new task impractical, particularly when
document-level relevance judgments are required.

Existing Enron-based studies also present limitations for this work. For
example, research by Robert F. McCullough on Enron’s strategies during
the 2002–2003 California energy crisis identifies several behavioral patterns
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among employees that could inform forensic hypothesis design [45]; however,
it does not provide a reusable annotated subset. Similarly, the UC Berkeley
Enron Email Analysis project focuses on classification tasks over a subset
of emails, but its annotation scheme is not aligned with the investigative
objectives of this thesis [46].

These limitations motivated the creation of a new, task-specific annotated
resource. A key opportunity emerged from the structure of the TREC 2009
Legal Track itself. In the Interactive Task, a subset of more than 8,000 docu-
ments from the Enron corpus was assessed against a set of legally motivated
topics. These topics included prepay transactions, financial forecasts, docu-
ment destruction, energy schedules and bids, analyst communications, as well
as informal categories such as fantasy-football-related communications [41].

Furthermore, the Interactive Task provided the results of their work as a
CSV file, referred to as seed sets. This file contained the document identifier,
topic number, and assessment value indicating whether each document was re-
sponsive to the corresponding topic [44]. This framework provides narrower
entry points into the corpus, as it enabled the use of a smaller, pre-examined,
topic-linked subset of the corpus, rather than relying solely on the full unan-
notated collection.

3.2 Subset Selection and Annotation

3.2.1 Topic Selection and Hypothesis Design

As previously discussed, the TREC 2009 Legal Track Interactive Task intro-
duced a range of topics, numbered 201 to 207, each representing a distinct
thematic focus. From these topics, three were selected for this thesis based
on their relevance to forensic communication analysis and their emphasis on
substantive organizational behavior rather than informal or peripheral content
[47].

The selected topics are as follows:
• Topic 201: All documents or communications that describe, discuss,
refer to, report on, or relate to the Company’s engagement in structured
commodity transactions known as “prepay transactions.”
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• Topic 204: All documents or communications that describe, discuss, re-
fer to, report on, or relate to any intentions, plans, efforts, or activities in-
volving the alteration, destruction, retention, lack of retention, deletion,
or shredding of documents or other evidence, whether in hard-copy or
electronic form

• Topic 205: All documents or communications that describe, discuss,
refer to, report on, or relate to energy schedules and bids, including
but not limited to, estimates, forecasts, descriptions, characterizations,
analyses, evaluations, projections, plans, and reports on the volume(s)
or geographic location(s) of energy loads.

From each topic, one hypothesis was derived, reflecting the focus of its
corresponding topic while simultaneously introducing a forensic dimension.

The hypotheses are as follows:
• H1 (from topic 201): Employees described prepay transactions as loans
or financing in order to keep associated debt off the balance sheet or to
improve the company’s reported financial position.

• H2 (from topic 204): Employees communicated about altering, deleting,
or selectively retaining documents in anticipation of regulatory scrutiny,
audits, or legal investigations.

• H3 (from topic 205): Employees discussed adjusting, restricting, or re-
allocating energy schedules, bids, or load volumes in ways that could
affect supply availability or market prices.

3.2.2 Email Selection

The seed set from the TREC 2009 Legal Track Interactive Task contains docu-
ment IDs for 8,245 non-unique items, including both emails and attachments.
These IDs referred to documents in the original corpus that had been inspected
during the task. To extract these documents, the IDs in the seed set were
matched against the document IDs in the original corpus.

Table 3.1 presents the distribution of documents in the seed set across
existing topics, while Table 3.2 illustrates the distribution of documents across
different levels of responsiveness.
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Table 3.1: Distribution of documents across existing topics.

Topic Number of documents
200 850
201 732
202 1463
203 1042
204 1229
205 1961
206 365
207 603

Table 3.2: Distribution of documents across responsiveness levels.

Responsiveness Meaning Number of documents
-2 Document not inspected 13
-1 Document not inspected 347
0 Document is not responsive 5923
1 Document is responsive 1962

Table 3.3 shows the process by which the initial 8,245 non-unique seed-
set records were reduced to 2,123 email files. During this process, attach-
ments were first removed to simplify the dataset and reduce the annotation
burden. After that, the emails assessed as non-responsive, exhibiting contra-
dictory responsiveness across topics, or associated with multiple topics were
subsequently excluded.
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Table 3.3: Document filtering steps and remaining emails.

Step Description Remaining
Documents

Initial Seed set from TREC 2009 Legal Track
Interactive Task

8,245

Corpus Matching Matching IDs in the seed set against the
corpus; 1,248 unique IDs not found

6,894 (2,294
unique)

Attachment
Removal

Retaining only email messages by
removing attachment documents

3,260

Non-responsive
Removal

Removing documents assessed as
non-responsive to their respective topics

3,182

Undefined Topic
Removal

Removing documents associated with
undefined or unused topic identifiers (e.g.,
Topic 200)

2,435

Duplicate Removal Removing duplicate documents with
identical topic and responsiveness labels

2,340

Contradiction
Removal

Removing documents with conflicting
responsiveness assessments for the same
topic

2,320

Multi-topic
Removal

Removing documents associated with
multiple topics

2,123

Table 3.4 presents the distribution of emails across topics, the number
of documents assessed as responsive, and the subset of topics selected for
hypothesis design. Topics 201, 204, and 205 were identified as suitable for
further analysis, as they are sufficiently explicit and can be interpreted without
requiring additional contextual expansion.
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Table 3.4: Total and responsive emails per topic with derived hypotheses.

Topic Total Emails Responsive Emails Derived Hypothesis
201 241 62 H1
202 282 156 –
203 243 25 –
204 386 42 H2
205 706 106 H3
206 87 4 –
207 178 63 –

In contrast, Topics 202 and 203 were excluded due to their reliance on ex-
ternal domain knowledge. Topic 202 refers to accounting standard definitions,
which require specialized interpretation and are not self-contained. Similarly,
Topic 203 addresses the company’s financial forecasts and projections, intro-
ducing ambiguity and lacking clearly defined behavioral indicators [47].

Additionally, Topic 206 was excluded due to the limited number of re-
sponsive documents, rendering it unsuitable for meaningful analysis. Finally,
Topic 207 was not considered, as it primarily concerns informal content, such
as fantasy football discussions, which falls outside the scope of forensic com-
munication analysis [47].

As shown in Table 3.5, the final dataset used in the remainder of this
thesis was constructed to contain 300 emails, with 100 emails assigned to each
hypothesis. For H1, all 62 responsive emails were included, along with 38
randomly selected non-responsive emails. For H2, all 42 responsive emails
were included, together with 58 randomly selected non-responsive emails. For
H3, 20 responsive emails were randomly sampled from the responsive emails,
together with 80 randomly selected non-responsive emails.

Table 3.5: Composition of the final hypothesis-specific email sets.

Hypothesis Origin topic Responsive
emails

Non responsive
emails

Total emails

H1 201 62 38 100
H2 204 42 58 100
H3 205 20 80 100
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It is important to note that the final dataset contains emails whose respon-
siveness was assessed with respect to the original topics, not the hypotheses.
Meanwhile, because the hypotheses were derived from these topics, emails
that were non-responsive to a topic were also considered non-responsive to
the corresponding hypothesis. This reduced the annotation effort, since only
the remaining topic-responsive emails needed to be annotated against the hy-
potheses. In total, this meant annotating approximately 124 of the 300 emails.

3.2.3 Annotation Criteria

Hypothesis Structure

The hypotheses used in this thesis consist of two analytical components:
CAUSE and EFFECT. The CAUSE refers to the behavior, communication, or
intention expressed by employees, including what they are doing, discussing,
or planning to do. The EFFECT refers to the expected, intended, or avoided
consequence of that action, including what employees aim to achieve,
anticipate, or prevent. For example, in the hypothesis “Employees described
prepay transactions as loans or financing in order to keep associated debt off
the balance sheet or to improve the company’s reported financial position”,
action and outcome are as follows:

• CAUSE: “Employees described prepay transactions as loans or financ-
ing”

• EFFECT: “keeping associated debt off the balance sheet or improving
the company’s reported financial position”

Label Definitions

Each email was assigned one of three labels according to its relevance to the
corresponding hypothesis.

An email was labeled RELEVANT when the cause was clearly present and
the effect was either explicitly stated or strongly implied. This label was used
when the email directly addressed the hypothesis and the relationship between
the email content and the hypothesis required little or no interpretation.

An email was labeled PARTIALLY RELEVANT when the cause was
present, but the effect was unclear, weakly implied, ambiguous, or absent.
This label was also used when the content related to the hypothesis indirectly
or required some degree of interpretation.
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An email was labeled NOT RELEVANT when there was no clear evidence
of either the cause or the effect. Emails were also considered not relevant when
they had nomeaningful connection to the hypothesis or when their content was
administrative, personal, or otherwise unrelated.

Decision Rules

Annotators annotated each email only in relation to its corresponding hypoth-
esis and not in relation to other hypotheses. Therefore, if multiple actions or
outcomes appeared in a single email, only those actions and outcomes relevant
to the corresponding hypothesis were considered.

Additionally, each email was annotated solely on the basis of its body con-
tent. No external knowledge, contextual assumptions, or information beyond
the email text was used. In cases of uncertainty between two possible labels,
annotators were instructed to choose the more conservative label. Specifically,
when uncertain between relevant and partially relevant, they selected partially
relevant; when uncertain between partially relevant and not relevant, they se-
lected not relevant.

Annotation Workflow

Each email was independently annotated by two annotators. Annotators
worked separately and were not permitted to consult with one another before
or during the labeling process. When both annotators assigned the same label,
that label was accepted as the final annotation. In cases of disagreement, a
third annotator reviewed the email, and the final label was determined by
majority vote. If all three annotators assigned 3 different labels, a fourth
annotator was involved, and their decision was used as the final label.

Annotation results

Table 3.6 shows the results of annotation:
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Table 3.6: Annotation results.

Hypothesis # Emails to
be

annotated

# Relevant # Partially
Relevant

# Not Relevant

H1 62 2 16 44
H2 42 7 8 27
H3 20 14 6 0

Considering the non-responsive emails that are already not relevant to their
corresponding hypotheses, Table 3.7 shows the final labels for the whole
dataset:

Table 3.7: Labels of all emails.

Hypothesis # Total
emails

# Relevant # Partially
Relevant

# Not Relevant

H1 100 2 16 82
H2 100 7 8 85
H3 100 14 6 80

However, this multi-label setting is used only for annotation purposes. The
primary evaluation setting throughout this thesis is the binary setting, in which
the RELEVANT and PARTIALLY RELEVANT labels are merged into a single
USEFUL class, while the NOT RELEVANT label is renamed NOT USEFUL
for consistency. Table 3.8 presents this binary labeling scheme.

Table 3.8: Useful vs Not-useful setting.

Hypothesis # Total emails # Useful # Not Useful
H1 100 18 82
H2 100 15 85
H3 100 20 80



Chapter 4

System Architecture

This chapter describes the architecture and implementation of the proposed
hypothesis-driven forensic email analysis system. The system is designed as
a multi-stage pipeline that prepares raw email data, converts investigative hy-
potheses into retrieval queries, retrieves potentially useful email contexts, and
applies a languagemodel to generate structured inference outputs. The chapter
first introduces the practical use case and privacy considerations that motivate
the system design. It then explains themain processing stages, including email
cleaning, anonymization, semantic chunking, chunk refinement, normaliza-
tion, embedding, vector database storage, query expansion, retrieval, context
aggregation, context enrichment, and inference generation.

4.1 Practical Context and System Design

4.1.1 Use Case

To illustrate the practical application of the proposed system, consider a foren-
sic investigation scenario involving a large corporate email dataset. An in-
vestigator is tasked with evaluating a hypothesis related to potential miscon-
duct, such as the existence of undisclosed financial agreements or collusion
between employees. For example, the investigator may formulate the follow-
ing hypothesis:

“Employees were involved in unauthorized financial arrangements that
were not disclosed through official communication channels.”

In a traditional workflow, the investigator would rely on keyword-based
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searches using terms such as “payment”, “contract”, or “agreement”, or man-
ually inspect a large number of emails. However, relevant evidence may be
expressed indirectly, using informal language or context-dependent phrasing,
making it difficult to retrieve using simple keyword queries.

Using the proposed system, the investigator can instead input the hypoth-
esis directly in natural language. The system first retrieves a set of emails that
are potentially relevant based on semantic similarity and retrieval strategies.
These emails are then processed by a language model, which generates expla-
nations describing how each message relates to the hypothesis. For instance,
the system may retrieve an email containing a sentence such as:

“Let’s finalize the arrangement offline and avoid putting the details in the
official report.”

Although this email does not explicitly mention financial misconduct, the
generated explanation may indicate that the message suggests an attempt to
conceal information, making it relevant to the hypothesis. Additionally, the
system highlights this sentence as an evidence span, allowing the investigator
to quickly verify the basis of the result.

By combining retrieval, reasoning, and evidence extraction, the system
provides a structured and interpretable output that supports the investigative
process. This approach enables investigators to efficiently identify relevant
communications while maintaining transparency and verifiability in their anal-
ysis.

4.1.2 Privacy and Practical Considerations

An important consideration in the design of the proposed system is the han-
dling of potentially sensitive or confidential data. In forensic applications,
email corpora may contain private, legally protected, or evidentiary informa-
tion, requiring careful control over data processing and storage. The use of
cloud-based or API-accessed large language models introduces potential risks
related to data exposure, confidentiality, and compliance, as input data may
be transmitted to external systems outside the control of the investigator [48].

In contrast, locally deployed or open-source language models provide
greater control over data processing and reduce the risk of unintended data
leakage. However, these models also introduce practical challenges related
to computational resources and performance. In particular, such models may
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exhibit increased latency in resource-constrained environments, which can
negatively affect their usability.

The Ollama server [49] at Hochschule Mittweida provides several large
language models suitable for the tasks addressed in this thesis. Table 4.1 lists
4 of the available models.

Table 4.1: List of 4 Available LLMs at Ollama Server of Hochschule Mit-
tweida

Rank LLM
1 Mixtral 8x22B
2 Gemma 4 31B
3 Ministral 3 14B
4 Qwen 3.5 9.7B Q4_K_M

To address privacy concerns, this thesis primarily relies on locally de-
ployed open-weight language models, allowing inference to be performed
without transmitting data to external services. The trade-off between inference
latency and model performance is managed by primarily using the locally ex-
ecuted Gemma-4-31B model [50], while selectively employing the APIs of
Gemma-4-31B-IT model [51] when improved response quality or faster infer-
ence is required.

4.1.3 Overview of the Proposed Pipeline

Figure 4.1 provides an overview of the proposed hypothesis-driven forensic
email analysis pipeline. The system takes a collection of email threads as input,
which are subsequently cleaned, anonymized, chunked, refined, normalized,
embedded, and stored in a vector database. The input hypothesis is then ex-
panded into k sparse and dense queries, which are used by the BM25, dense,
and hybrid retrieval methods to retrieve the topm chunks.

The retrieved chunks may be enriched with neighboring chunks before be-
ing aggregated at the email level. Each resulting email-level context is then
passed to the generation and inference component, which produces a useful-
ness label, quoted evidence spans, and an explanation of the relationship be-
tween the email and the hypothesis. The following sections describe each
stage of the pipeline in greater detail.
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Figure 4.1: Overview of the proposed pipeline.

4.2 Preprocessing and Preparation

4.2.1 Data Cleaning

The email documents in their original form consist of full email threads that
include substantial amounts of metadata and auxiliary content that are not rel-
evant to the objectives of this thesis, which focuses on the analysis of email
body content rather than metadata. Consequently, it is essential to remove
such elements, including metadata fields, disclaimers, and signature blocks,
as they introduce noise and can be negatively influential.

An initial approach involved manually inspecting a sample of emails to
identify common patterns of noise, followed by the application of regular
expression–based methods for their removal. While this approach proved ef-
fective for sparse retrieval methods, it was ultimately insufficient due to the
high variability and inconsistency of the noise across documents. This vari-
ability significantly degraded the performance of dense retrieval models, ne-
cessitating a shift away from rule-based filtering toward a more robust prepro-
cessing strategy.
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LLM-based Data Cleaning

The process of data cleaning in this thesis was implemented using prompt-
based interactions with large language models in two sequential phases. The
first phase focused on noise removal and preparing the emails for both anno-
tation and sparse retrieval. The second phase further refined the output of the
first phase by anonymizing the content and masking personally identifiable
information (PII). This allowed the embeddings to focus more directly on the
core concepts in the emails, ultimately making the content more suitable for
dense retrieval methods. The prompts used in both phases are provided in the
Appendix A.

The primary model used for email cleaning in both phases was the locally
deployed Gemma-4-31B model, served through an Ollama instance hosted at
Hochschule Mittweida. However, due to its relatively high inference latency,
some emails could not be processed within the predefined timeout limit and
consequently resulted in timeout errors. In such cases, theAPI-hostedGemma-
4-31B-IT model was used as a fallback to complete the processing.

In the second phase, the outputs of the first phase were anonymized ac-
cording to the schema presented in Table 4.2.

Table 4.2: Anonymization labels used for different entity types.

Entity Anonymization
People Names [PERSON]
Phone/Fax Numbers [PHONE]
Email Addresses [URL]
Passcodes/Access Codes [PASSCODE]
Dates/Time Expressions [DATE]
Monetary Values [AMOUNT]
Percentage Values [PERCENTAGE]

4.2.2 Semantic Chunking and Refinement

After the email cleaning stage, each document consisted of an email thread in
which individual message blocks were separated using the marker <-- block
-->. A synchronized semantic chunking [52] strategy was then applied to
both the sparse and dense versions of the emails. The chunking process first
split each document by the message-level block marker and then by paragraph



4.2 Preprocessing and Preparation 46

boundaries, using the ordered delimiters <-- block --> and \n\n.
This procedure was applied consistently across both representations. Dur-

ing the cleaning process, the semantic structure of the emails was preserved
between the sparse and dense versions; only predefined entities were replaced
in the dense version according to the anonymization schema presented in Ta-
ble 4.2. As a result, both representations retained aligned semantic chunks.

The resulting chunk-level dataset contained the following fields: sparse
chunk, dense chunk, chunk index, and sparse chunk length. The chunk index
served as a shared identifier that linked each sparse chunk to its corresponding
dense chunk.

Before finalizing the chunk-level dataset, additional filtering and restruc-
turing steps were applied to manage the length of the chunks. Very short or
uninformative chunks were either removed or merged with adjacent chunks
when they did not provide enough context on their own. Conversely, overly
long chunks were divided into smaller segments to keep the retrieval units
manageable and focused.

All of the refinement operations described above were carried out in a syn-
chronized manner across the sparse and dense chunk versions. The sparse
chunk and its length were used as the reference version. Therefore, when-
ever a sparse chunk was removed, merged with an adjacent chunk, or split
into smaller parts, the same operation was applied to its corresponding dense
chunk using the shared chunk index. This preserved the one-to-one alignment
between the sparse and dense datasets and ensured that both retrieval pipelines
operated on equivalent units of text.

Removal of Short Blocks and Short Paragraphs

Extremely small email blocks were removed. As previously described, each
document consists of an email thread composed of individual message blocks.
Blocks containing only a single chunk with a length below 60 characters were
discarded, as they typically contained minimal or non-informative content.

Very short paragraphs were also removed following paragraph-level split-
ting based on the delimiter \n\n. Paragraphs with a length below 30 charac-
ters were excluded, as they predominantly corresponded to non-substantive
elements such as closing phrases, including “Best”, “Regards”, and “Thank
you”.
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Merge of Adjacent Short Neighboring Paragraphs

Short adjacent paragraphs were merged to improve coherence. Paragraphs
with a length below 100 characters were combined with neighboring segments
that were also below 100 characters, to form more meaningful textual units.

Breaking long chunks

This operation involved segmenting overly long chunks while avoiding the
creation of excessively short sub-chunks. Long chunks can reduce retrieval
precision because theymay containmultiple ideaswithin a single retrieval unit.
In such cases, a relevant passage may be embedded within a large amount of
unrelated surrounding text, making it more difficult for the retrieval model to
identify and rank the most relevant evidence. Although paragraph-based split-
ting was already applied to separate distinct ideas and reduce the likelihood of
this problem, paragraphs of an email can still be unusually long and may con-
tain several discussion points. Therefore, an additional long-chunk breaking
operation was introduced to further improve the focus of the retrieval units.
For this purpose, an upper limit of 600 characters was defined, and chunks
exceeding this limit were selected for segmentation into smaller sub-chunks.

At the same time, this operation involved a trade-off, since splitting long
chunks may separate related sentences or weaken contextual links within an
email. To reduce this risk, a minimum length of 200 characters was used to
avoid creating sub-chunks that were too short to provide sufficient context.
Additionally, segmentation was performed at sentence boundary delimiters
such as “.”, “!”, and “?”, and an overlap of one sentence was introduced be-
tween consecutive sub-chunks. This overlap was defined not in terms of char-
acters, but as the number of shared sentences between consecutive sub-chunks.

Each chunk exceeding the upper limit was first decomposed into a se-
quence of sentences using boundary delimiters. These sentences served as
the fundamental units for subsequent sub-chunk construction and were itera-
tively appended until the desired length range was reached. Overlap was also
introduced during the construction of each subsequent sub-chunk to preserve
contextual continuity between consecutive sub-chunks.

One consideration of this process is that all resulting sub-chunks should
ideally exceed theminimum length threshold. While this condition is typically
satisfied for earlier sub-chunks, the final segment may fall below theminimum
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length. To address this, an exception is applied: if the last sub-chunk is shorter
than the minimum length, additional preceding sentences are included beyond
the standard overlap in order to increase its length and bring it within the ac-
ceptable range.

Another consideration arose from the use of overlap, which could in some
cases produce sub-chunks that exceeded the defined upper limit. In this study,
the upper limit was used primarily to identify chunk candidates for segmen-
tation, rather than as a strict maximum boundary for the length of the result-
ing sub-chunks. This was also acceptable because the context window of the
LLM used in this study for generation module was larger than the specified
maximum chunk length. As a result, such sub-chunks were retained without
further segmentation. Observations, presented in later figures, indicated that
these cases occurred infrequently.

Table 4.3 shows a summary of parameters used in this section:

Table 4.3: Parameters used during chunk refinement operations.

Parameter Value Description

Block threshold 60 chars Email blocks below this range were
dropped

Paragraph threshold 30 chars Paragraphs below this range were
dropped

Merge threshold 100 chars Adjacent neighboring paragraphs below
this range were merged

Upper limit 600 chars Chunks above this range were broken
into sub-chunks

Minimum length 200 chars Sub-chunks should not be below this
range

Overlap 1 sentence Number of sentences used as overlap
between sub-chunks

The following figures and tables illustrate how these refinement operations
affected the chunk-length distribution and related statistics for hypotheses H1,
H2, and H3.
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Figure 4.2: Chunk-length distribution before and after refinement for H1.

Table 4.4: Chunk statistics before and after refinement for H1.

Before Refinement After Refinement
Number of chunks 636.00 578.00
Minimum chunk length 3.00 30.00
Maximum chunk length 1892.00 673.00
Mean chunk length 191.75 230.79
Median chunk length 123.00 217.00
Standard deviation 230.01 128.28
Chunks below 30 characters 109.00 0.00
Blocks below 60 characters 9.00 0.00
Chunks above 600 characters 38.00 5.00
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Figure 4.3: Chunk-length distribution before and after refinement for H2.

Table 4.5: Chunk statistics before and after refinement for H2.

Before Refinement After Refinement
Number of chunks 561.00 453.00
Minimum chunk length 4.00 32.00
Maximum chunk length 5263.00 1039.00
Mean chunk length 174.23 229.44
Median chunk length 113.00 200.00
Standard deviation 275.84 148.18
Chunks below 30 characters 123.00 0.00
Blocks below 60 characters 17.00 0.00
Chunks above 600 characters 19.00 8.00
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Figure 4.4: Chunk-length distribution before and after refinement for H3.

Table 4.6: Chunk statistics before and after refinement for H3.

Before Refinement After Refinement
Number of chunks 1841.00 1837.00
Minimum chunk length 3.00 13.00
Maximum chunk length 2400.00 1808.00
Mean chunk length 227.74 253.49
Median chunk length 172.00 238.00
Standard deviation 237.03 132.15
Chunks below 30 characters 161.00 1.00
Blocks below 60 characters 10.00 0.00
Chunks above 600 characters 108.00 13.00

Overall, the refinement process changed the chunk-length distribution in
a clear and measurable way. The total number of chunks decreased, while
both the mean and median chunk lengths increased, showing that the remain-
ing chunks are generally longer than before refinement. At the same time,
the standard deviation decreased, indicating that chunk lengths became less
dispersed. The minimum chunk length increased, and chunks or blocks be-
low the short-length threshold were eliminated almost entirely, with one short
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chunk remaining for H3. The maximum chunk length also decreased sub-
stantially, and the number of chunks above the upper-length threshold was re-
duced, showing that extreme long chunks were limited. Together, these results
indicate that the refinement process produced a more balanced chunk-length
distribution.

4.2.3 Normalization and Embedding

After obtaining the sparse and dense chunks through semantic chunking, the
next step was to prepare both chunk types for retrieval. Because sparse and
dense retrieval methods process text differently, each chunk type was handled
using a separate preprocessing pipeline.

For the sparse chunks, a normalization process was applied. Each sparse
chunk was first converted to lowercase. Then, all URLs were replaced with
a single space. Next, all characters except lowercase letters, digits, the @
symbol, periods, plus signs, and hyphens were removed and replaced with
spaces. Finally, consecutive whitespace characters were collapsed into a sin-
gle space. This process produced a normalized textual representation of each
sparse chunk.

Dense retrieval uses semantic representations of text. Therefore, the se-
mantic content of the dense chunks was preserved, and the dense chunks were
not subjected to the same normalization steps used for sparse chunks. How-
ever, the dense chunks were passed to an embedding model to obtain vector
representations. The embeddingmodel used in this stage was BAAI/bge-small-
en, with embedding normalization enabled.

4.2.4 Vector Database

After generating the final sparse chunks, final dense chunks, and dense chunk
embeddings, the next step was to store them in a vector database so that they
could be efficiently retrieved during the search process. For this purpose,
Weaviate was used as the vector database.

Two separate collections were created in the vector database. The first
collection was designed to store information at the email level. This collec-
tion contained the email ID, the cleaned version of the email content, and the
raw email content. This collection preserved the full email-level context and
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allowed the system to return or reference the original email information after
retrieval.

The second collection was designed to store information at the chunk level.
The fields stored in this collection included the email ID, chunk ID, chunk
index, sparse chunk, dense chunk, and the embedding of the dense chunk. The
chunk ID served as a counter for each chunk within each email. The chunk
index served as a unique identifier for the chunks and was constructed using
both email ID and chunk ID.

The dense chunk embedding was stored together with the chunk object so
that semantic similarity search could be performed directly in Weaviate. At
the same time, the sparse chunk was also stored to support keyword-based
retrieval. This structure allowed the database to maintain both semantic and
lexical representations of each chunk.

By separating the data into these two collections, the system could retrieve
the most relevant chunks while still preserving the connection to the complete
email from which each chunk was generated.

4.2.5 Query Expansion

Before querying the database, it is necessary to transform the hypotheses into
suitable search queries. As mentioned before, the hypotheses are expressed in
natural language and can be complex or contain multiple parts and different as-
pects. Therefore, they cannot be used directly as search queries. Additionally,
queries used for sparse retrieval and dense retrieval are expressed in differ-
ent forms. While sparse retrieval benefits from keyword-style queries, dense
retrieval performs much better with descriptive narrative queries.

Figure 4.5 shows the pipeline used to generate a list of k queries that were
suitable for the target retrieval method.

Figure 4.5: Pipeline for expanding a hypothesis into k queries.

While the pipeline architecture is the same for both retrieval methods,
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the corresponding prompts are different. For sparse retrieval, the prompt in-
structed the model to generate short keyword-oriented queries. These queries
were designed to match terms that could appear directly in the texts. There-
fore, the sparse queries focused on important words, phrases, and variations
that were likely to occur in the email text. For dense retrieval, the prompt
instructed the model to generate more semantic and natural-language queries.
These queries were designed to capture the meaning of the hypothesis rather
than only exact keywords. As a result, the dense queries were usually more
descriptive and sentence-like, allowing the search for conceptually related
chunks. Both prompts can be found in Appendix A.

The output of this stage was two query lists for each hypothesis: one list
of k sparse queries and one list of k dense queries. These expanded queries
were then used in the retrieval stage to search through the chunks stored in the
vector database.

4.3 Retrieval

After the documents had been chunked, embedded, and stored in the vector
database, three retrieval pipelines were implemented: BM25 retrieval, dense
retrieval, and hybrid retrieval. All three pipelines operate on the same prepro-
cessed emails, but they differ in the way relevant chunks are identified, scored,
and ranked for a given query.

A common parameter across all three retrieval methods is the number of
desired unique chunks to be retrieved, denoted by m. This parameter defines
the final number of distinct chunks returned by each pipeline. In the follow-
ing subsections, each retrieval method is described in terms of how, given a
hypothesis and k generated queries, it retrieves m distinct chunks.

4.3.1 Retrieval Pipelines

BM25

The BM25 retrieval pipeline receives k sparse expanded queries as input and
aims to retrieve m distinct chunks from the vector database. Since multiple
queries may retrieve overlapping chunks, the pipeline retrieves more candi-
dates than the final required number of chunks. This increases the likelihood
that, after duplicate chunks are removed, at least m unique chunks remain.
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For each query, the number of initially retrieved chunks is defined in Equa-
tion 4.1:

n = 2× m

k
(4.1)

where m denotes the desired number of final distinct chunks, and k de-
notes the number of expanded queries. For example, if m=50 and k=10,
then n=10. In this case, each of the 10 queries retrieves 10 candidate chunks,
resulting in a maximum of 100 retrieved candidates before deduplication.

Each query is submitted independently to the BM25 retriever, which re-
turns a ranked list of n chunks with their corresponding BM25 scores. How-
ever, BM25 scores produced for different queries are not directly comparable,
since they depend on the lexical overlap between a specific query and the re-
trieved chunks. Therefore, the scores are normalized separately within the
result list of each query.

For a given query qi, the score of each retrieved chunk cj is normalized as
shown in Equation 4.2, by dividing it by the maximum BM25 score obtained
for that query:

s′i,j =
si,j

max(si)
(4.2)

where s(i, j) is the original BM25 score of chunk cj for query qi, and
max (si) is the highest BM25 score among the n chunks retrieved for that
query. This normalization maps the highest ranked chunk for each query to a
score of 1, while the remaining chunks receive relative scores between 0 and
1.

After normalization, the retrieved chunks from all k queries are merged
into a single candidate set. Since the same chunk may be retrieved by multiple
queries, duplicate chunks are removed. If a chunk appears in more than one
query result list, only one instance of the chunk is retained. Its final score
is defined in Equation 4.3, as the maximum normalized score assigned to it
across all queries:

S(cj) = max
i

s′i,j (4.3)

This strategy preserves the strongest evidence of relevance for each chunk
while avoiding repeated occurrences in the final retrieval output. The merged
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chunks are then ranked according to their final scores S(cj), and the top m
distinct chunks are selected as the output of the BM25 retrieval pipeline.

Dense

The dense retrieval pipeline follows the same overall structure as the BM25
retrieval pipeline, but it uses semantic similarity in the embedding space in-
stead of lexical matching. The input to this pipeline consists of k expanded
queries that are specifically generated for dense retrieval.

As in the BM25 pipeline, the goal is to retrieve m final distinct chunks. To
reduce the effect of duplicate chunks appearing across the results of multiple
queries, the pipeline retrieves more candidates than the final required number.
The formula of the number of initially retrieved chunks per query is the same
as BM25 shown in Equation 4.1.

Before retrieval, each dense query is embedded using the same embedding
model that was used to embed the document chunks. Since the stored chunk
embeddings were normalized during the embedding stage, the query embed-
dings are also normalized to ensure consistency in the vector space. Each
normalized query embedding is then used to search the vector database and
retrieve the top n most similar chunks.

Unlike the BM25 pipeline, no additional score normalization is applied to
the retrieved results. This is because all dense retrieval scores are computed
within the same embedding space using the same embedding model and nor-
malized representations. As a result, the similarity scores produced for differ-
ent queries are comparable.

After retrieving the top n chunks for each of the k queries, the results are
merged into a single candidate set. Since the same chunk may be retrieved
by more than one query, duplicate chunks are removed. If a chunk appears
in multiple query result lists, only one instance is retained. Its final score is
defined in Equation 4.4, as the maximum similarity score assigned to it across
all queries:

S(cj) = max
i

si,j (4.4)

where s(i, j) denotes the dense retrieval similarity score of chunk cj for
query qi. This aggregation strategy keeps the strongest semantic relevance
signal for each chunk while ensuring that each retrieved chunk appears only
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once in the final output.
Finally, all unique chunks are ranked according to their final scores S(cj),

and the top m distinct chunks are selected as the output of the dense retrieval
pipeline.

Hybrid

The hybrid retrieval pipeline combines the outputs of the BM25 and dense
retrieval pipelines in order to benefit from both lexical and semantic retrieval
signals. In this approach, the BM25 pipeline is first applied using the sparse
expanded queries, while the dense retrieval pipeline is applied using the dense
expanded queries. As described in the previous sections, both pipelines aim
to return m distinct chunks.

After both retrieval pipelines have been executed, their outputs are com-
bined into a single candidate set. At this stage, a chunk may appear in only
the BM25 results, only the dense retrieval results, or in both. To merge and
re-rank these results, Reciprocal Rank Fusion (RRF) is applied. RRF is used
because it combines ranked lists based on the position of each item rather than
relying directly on the original retrieval scores. This is important in the hy-
brid setting, since BM25 and dense retrieval scores are produced by different
scoring mechanisms and are not directly comparable.

For each chunk cj , the RRF score is computed based on its rank in the
BM25 and dense retrieval result lists, as shown in Equation 4.5:

RRF(cj) =
∑
r∈R

1

λ+ rankr(cj)
(4.5)

where R represents the set of retrieval result lists, rankr(cj) is the rank of
chunk cj in result list r, and λ is a constant used to reduce the impact of very
high ranks. If a chunk does not appear in one of the retrieval lists, it receives no
contribution from that list. Therefore, chunks that appear in both BM25 and
dense retrieval results receive contributions from both rankings, while chunks
appearing in only one result list are scored based only on that list.

After calculating the RRF scores, all candidate chunks are ranked accord-
ing to their fused scores. Duplicate chunks are removed during this process,
so each chunk appears only once in the final output. The top m chunks ac-
cording to the RRF ranking are then selected as the final result of the hybrid
retrieval pipeline.
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4.3.2 Chunk Aggregation

After the top m distinct chunks are retrieved, they are grouped according to
their Email ID and then sorted by their Chunk ID. For example, assume that
chunks with IDs 5 and 2 are retrieved among the topm results for email ID 50.
These chunks are first grouped under the same email and then ordered accord-
ing to their original chunk sequence. As a result, email ID 50 is represented
by a combined context containing chunks 2 and 5, respectively. This recon-
structed email-level context is then passed to the generation module.

Context Enrichment

In addition to aggregating retrieved chunks at the email level, an enrichment
strategy can also be applied to expand the available context. Continuing the
previous example, suppose that chunks 2 and 5 are retrieved among the top m
results for email ID 50. The database can then be queried again for each re-
trieved chunk using a predefined window parameter. For example, with a win-
dow size of 1, the immediate neighboring chunks are also retrieved: chunks 1
and 3 for chunk 2, and chunks 4 and 6 for chunk 5.

After this enrichment step, all retrieved and neighboring chunks are
grouped by their Email ID, sorted according to their Chunk ID, and duplicate
chunks are removed. The resulting ordered set of chunks is then used as the
final email-level context passed to the generation module.

Figure 4.6 illustrates the email-level context construction for this exam-
ple email under two different enrichment settings: absence of enrichment (a
window size of 0) and a window size of 1.
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Figure 4.6: Context before and after applying enrichment with window size
of 1

4.4 Generation and Inference

After the retrieval stage, the selected email-level contexts, together with the
original hypothesis, are passed individually to the generation stage. This stage
is applied to contexts produced by one of the retrieval pipelines: BM25, dense
retrieval, or hybrid retrieval. The objective is to assess the relevance of each
context to the given hypothesis and to provide both evidence and an explana-
tion supporting the assigned relevance degree.

As shown in Figure 4.7, for each email-level context, the LLM receives
two main inputs: the original hypothesis and the context.

Figure 4.7: Pipeline for producing the inferences.

The prompt instructs the LLM to evaluate the relationship between the
email-level context and the hypothesis and to produce a structured inference
output. This output consists of a Relevance Label, an Evidence Span when
applicable, and a Reasoning field. The inference output generated for each
context is then treated as the system’s prediction for the corresponding email.
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4.4.1 Relevance Label

For each email-level context, the LLM first assigns one of three relevance
labels: Relevant, Partially Relevant, or Not Relevant. A context is labeled as
Relevant if it directly and sufficiently supports the hypothesis. It is labeled as
Partially Relevant if it contains information related to the hypothesis, but does
not fully support it or only addresses one aspect of it. Finally, it is labeled as
Not Relevant if it does not provide a meaningful connection to the hypothesis.

In a subsequent step, theRelevant andPartially Relevant labels aremerged
into a singleUseful class, whileNot Relevant is renamedNot Useful for consis-
tency. This binary formulation represents the main evaluation setting of this
thesis, as it is more aligned with the forensic objective of identifying emails
that may provide useful evidence for a given hypothesis.

4.4.2 Evidence Span

If an email-level context is labeled asRelevant orPartially Relevant, and there-
fore as Useful in the binary setting, the LLM is additionally required to ex-
tract a list of evidence candidates. These evidence candidates consist of exact
quoted spans from the retrieved context. The purpose of this step is to ensure
that the model’s prediction is grounded in explicit textual evidence, rather than
being based only on a general interpretation of the context.

4.4.3 Reasoning

In addition to the relevance label and evidence candidates, the LLM also pro-
duces a reasoning field. For contexts labeled asUseful, this field explains how
the extracted evidence spans connect the email-level context to the hypothe-
sis. For contexts labeled as Not Useful, it explains why the context does not
provide sufficient support for, or a meaningful connection to, the hypothesis.



Chapter 5

Evaluation, Results, and
Discussion

This chapter presents the evaluation of the proposed hypothesis-driven re-
trieval and inference pipeline. It compares BM25, dense retrieval, and hybrid
retrieval across the three hypotheses introduced in Chapter 3. The evaluation
considers both stages of the system: the retrieval stage, which identifies poten-
tially useful emails, and the inference stage, which classifies retrieved emails
as useful or not useful. In addition to standard precision, recall, and F1 scores,
the chapter evaluates the quality of the generated reasoning and extracted ev-
idence spans. It also examines the effect of context enrichment and analyzes
the stability of the pipeline across multiple runs. The chapter concludes by
discussing the main findings, the differences between hypotheses, and the im-
plications of the results for forensic email analysis.

5.1 Random Baseline

5.1.1 Random Retrieval Setup

Before evaluating the proposed retrieval pipelines, a random baseline was
constructed for each hypothesis. The purpose of this baseline is to provide
a reference point for understanding how much improvement is obtained by us-
ing hypothesis-aware retrieval methods instead of randomly selecting content
from the database.

For each hypothesis, 100 chunks were randomly sampled from the
database. These chunks were then grouped by their corresponding email
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identifiers in the same way as in the main pipeline. After grouping, an
email-level context was constructed for each retrieved email. No contextual
window enrichment was applied in this baseline setting. The resulting
contexts were then passed to the inference module, which produced a binary
useful/not-useful prediction for each email. The random baseline was
repeated ten times for each hypothesis. The values reported in this section
correspond to the average performance across these runs.

The choice of sampling 100 chunks was made to match the retrieval bud-
get used in the main experiments. Therefore, the random baseline should be
interpreted as a budget-matched baseline: it uses the same number of initially
retrieved chunks as BM25, dense retrieval, and hybrid retrieval, but without
using the hypothesis content.

5.1.2 Baseline Results

This baseline evaluates two related aspects of the pipeline. First, the retrieval
metrics measure the probability of retrieving useful emails when the retrieval
stage has no access to the hypothesis content. Second, the inference-label
metrics measure the end-to-end usefulness predictions produced after the ran-
domly retrieved contexts are processed by the inference module. Since useful
emails that are not retrieved cannot be predicted as useful, the inference-label
results reflect the combined effect of random retrieval and downstream classifi-
cation rather than the isolated performance of the inference module. Table 5.1
reports the random baseline results for both retrieval and inference.

Table 5.1: Random baseline results for retrieval and inference across the three
hypotheses.

Hypothesis Stage Precision Recall F1

H1 Retrieval 0.3173 ± 0.0439 0.6000 ± 0.1105 0.4141 ± 0.0610

H1 Inference 0.7983 ± 0.1909 0.1944 ± 0.0600 0.3106 ± 0.0889

H2 Retrieval 0.1610 ± 0.0258 0.4467 ± 0.0632 0.2365 ± 0.0362

H2 Inference 0.6419 ± 0.2337 0.2400 ± 0.1052 0.3428 ± 0.1339

H3 Retrieval 0.2298 ± 0.0428 0.4700 ± 0.0856 0.3080 ± 0.0548

H3 Inference 0.8725 ± 0.1902 0.2100 ± 0.0775 0.3346 ± 0.1063
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Table 5.2 summarizes the baseline behavior across the three hypotheses.
The macro-average is computed by averaging the corresponding mean metric
values across H1, H2, and H3.

Table 5.2: Macro-average random baseline results across the three hypotheses.

Stage Macro Precision Macro Recall Macro F1
Retrieval 0.2360 0.5056 0.3195
Inference 0.7709 0.2148 0.3293

5.1.3 Baseline Interpretation

The relatively high recall of the random retrieval baseline should be interpreted
in light of the large retrieval budget. Since 100 chunks are sampled before
email-level grouping, the baseline has many opportunities to retrieve at least
one chunk from a useful email. However, this comes at the cost of low pre-
cision. In other words, although the retrieved context may originate from a
useful email, it often contains chunks that do not provide sufficient value for
identifying the email as useful.

The inference results show a different pattern. Compared with the retrieval
baseline, the inference stage generally achieves higher precision but lower re-
call. This suggests that the inference module acts as a filtering step: it rejects
many randomly retrieved emails and assigns the useful label to a smaller sub-
set. When an email is predicted as useful, the prediction is often correct, partic-
ularly for H3, where inference precision reaches 0.8725 on average. However,
the low recall values indicate that many useful emails are absent from the final
predicted-useful set. Some are not retrieved by the random selection process,
while others are retrieved with contexts that lack sufficient evidence for the
model to classify them as useful.

Overall, the random baseline provides an uninformed reference point
for the remaining experiments. It shows what level of performance can be
achieved when the retrieval stage does not use the content of the hypothesis.
Therefore, the following experiments compare BM25, dense retrieval, and
hybrid retrieval against this baseline to assess whether hypothesis-aware
retrieval improves both the retrieval stage and the downstream inference
results.
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5.2 Evaluation Setup

5.2.1 Evaluation Units and Metrics

The evaluation is conducted over the three hypothesis-specific subsets intro-
duced in Chapter 3. Each hypothesis contains 100 emails, resulting in a to-
tal evaluation set of 300 emails. The evaluated retrieval pipelines are BM25,
dense retrieval, and hybrid retrieval. The outputs are evaluated at the email
level, since the final objective is to identify emails that are useful for assessing
a hypothesis.

Although the annotation scheme distinguishes between relevant, partially
relevant, and not relevant emails, the main evaluation uses the binary
useful/not-useful setting. Relevant and partially relevant emails are merged
into the useful class, while not relevant emails are treated as not Useful.

Table 5.3 summarizes the evaluation framework used for the different
stages of the pipeline. Retrieval and label prediction are evaluated using stan-
dard classification metrics, including precision, recall, and F1 score, with con-
fusion matrices additionally used for label analysis. The quoted evidence
spans are evaluated for supportiveness and faithfulness, whereas the expla-
nation text is assessed in terms of relevance, correctness, and clarity.

Table 5.3: Evaluation components, evaluated outputs, and corresponding met-
rics.

Component Evaluated output Metrics

Retrieval Retrieved emails Precision, Recall, F1

Label Useful / Not Useful Precision, Recall, F1, Confusion
matrix

Evidence span Quoted spans Supportiveness, Faithfulness

Reasoning Explanation text Relevance, Correctness, Clarity

For all precision, recall, and F1 calculations, the useful class is treated as
the positive class. Therefore, precision measures the proportion of predicted
useful emails that are truly useful, while recall measures the proportion of all
useful emails that are successfully identified.

The useful/not-useful label evaluation is performed from an end-to-end
pipeline perspective over all 100 emails associated with each hypothesis. The
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inference module produces labels only for emails returned by the retrieval
stage; however, emails that are not retrieved are implicitly treated as not useful
in the final pipeline output. Consequently, a useful email is counted as a false
negative either when it is not retrieved or when it is retrieved but classified as
not useful. The reported inference-label metrics therefore reflect the combined
effect of retrieval and downstream inference rather than the inference module
in isolation.

5.2.2 Default and Enriched Context Settings

The results for each hypothesis are reported under two settings:
• Default context: without context enrichment.
• Enriched context: with context enrichment using a window size of 1.
In the default context setting, the evaluation is reported separately for the

retrieval methods, including BM25, dense retrieval, and hybrid retrieval, as
well as for the inference outputs, including predicted labels, evidence spans,
and reasoning.

In the enriched context setting, the retrieval metrics remain unchanged,
since the same retrieved emails are used before applying context enrichment.
Therefore, these metrics are not repeated. Moreover, to avoid an excessive
number of tables and reduce potential confusion, the evidence span and reason-
ing evaluations are not reported for this setting. Instead, the enriched context
setting focuses only on the analysis of the predicted labels.

5.2.3 Experimental Configuration

The performance of the pipeline for each hypothesis is reported under the ex-
perimental setting shown in Table 5.4:

Table 5.4: Experimental configuration used for running the pipeline.

Parameter Value
Query expansion parameter (k) 10
Query expansion model Gemma-4-31B-IT
Embedding model BAAI/bge-small-en
Top chunks to retrieve (m) 100
Inference model Gemma-4-31B-IT
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The generated reasoning and evidence spans were evaluated using Chat-
GPT with GPT-5.5 and the High reasoning setting. The evaluation was per-
formed in batches rather than independently for each email. For each ex-
perimental output, the complete inference-results file and the corresponding
ground-truth emails were provided to ChatGPT. The model was instructed to
assess the generated reasoning according to the definitions of relevance, cor-
rectness, and clarity, and to assess the extracted evidence spans according to
the definitions of supportiveness and faithfulness presented in Section 2.5. The
resulting assessments were then aggregated for each retrieval method.

5.3 Results for H1

5.3.1 Default Context

Retrieval Performance

Table 5.5 reports email-level retrieval performance for H1, treating the Useful
class as the positive class.

Table 5.5: Retrieval performance for H1.

Retrieval Method Retrieved Emails Precision Recall F1
BM25 39 0.4359 0.9444 0.5965
Dense 36 0.4444 0.8889 0.5926
Hybrid 43 0.3953 0.9444 0.5574

Compared with the random retrieval baseline for H1, all hypothesis-aware
retrieval methods improve performance. BM25 increases F1 from 0.4141 to
0.5965, while dense retrieval reaches a similar F1 of 0.5926. This shows that
the expanded hypothesis queries provide a substantially stronger retrieval sig-
nal than random chunk selection. BM25 achieves the highest recall together
with hybrid retrieval. Dense retrieval has slightly higher precision, but re-
trieves fewer useful emails. The hybrid method does not improve over BM25
in this case, suggesting that H1 contains strong lexical cues which are already
effectively captured by BM25.
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Inference Label Performance

Table 5.6 reports the useful/not-useful label performance of the inference mod-
ule for each retrieval method.

Table 5.6: Inference label performance for H1 with default context.

Retrieval Method Precision Recall F1
BM25 0.8462 0.6111 0.7097
Dense 0.6667 0.6667 0.6667
Hybrid 0.6667 0.5556 0.6061

Table 5.7 reports the end-to-end useful/not-useful confusion matrices over
all 100 emails in the H1 evaluation subset. The false negatives include both
useful emails that were not retrieved and retrieved useful emails that were
incorrectly labeled as not-useful.

Table 5.7: End-to-end useful/not-useful confusion matrices for H1.

Retrieval Method Actual Class Predicted Useful Predicted Not Useful

BM25
Useful 11 7
Not Useful 2 80

Dense
Useful 12 6
Not Useful 6 76

Hybrid
Useful 10 8
Not Useful 5 77

The inference stage increases precision compared with the retrieval stage
for all three retrieval methods. This indicates that the language model is ef-
fective as a filtering component, assigning the Useful label to a smaller and
more accurate subset of the retrieved emails. However, this improvement in
precision comes with lower end-to-end recall. Useful emails may be absent
from the final predicted-useful set either because they were not retrieved or be-
cause they were retrieved but classified as not useful by the inference module.
This trade-off is particularly important in forensic settings, where high recall
is often desirable in order to avoid overlooking potentially relevant evidence.
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Reasoning and Evidence-Span Quality

Table 5.8 shows the three reasoning quality criteria: relevance, correctness,
and clarity. Each criterion was assigned one of three scores: good = 1, partial
= 0, and poor = -1.

Table 5.8: Reasoning quality assessment for H1 across retrieval methods.

Retrieval Method Relevance Correctness Clarity
BM25 1.0000 0.9744 1.0000
Dense 1.0000 0.9444 1.0000
Hybrid 1.0000 0.9762 1.0000

Most generated explanations were judged to be relevant, correct, and clear.
The relevance and clarity scores are 1.0000 across all retrieval methods, indi-
cating that the explanations generally addressed the relationship between the
email context and H1 in an understandable way.

The small reductions in correctness are caused by a limited number of par-
tially correct explanations. These cases mainly occur when the explanation
understates the financial meaning of the retrieved context. In particular, some
explanations state that the context does not contain financing-related content,
although the retrieved context includes expressions such as “financing SPV”,
“accounting purposes”, or “swap structure”. These expressions are relevant to
H1 because they connect prepay transactions to financing structures, account-
ing treatment, or balance-sheet implications. Therefore, such explanations
were not marked as fully correct. However, they were not treated as com-
pletely incorrect, because the retrieved context did not always explicitly state
the full hypothesis, such as keeping debt off the balance sheet or improving
the reported financial position.

Overall, the reasoning-quality results suggest that the inference module
provides reliable explanations for H1. The main limitation is not that the
model produces irrelevant or unclear reasoning, but that it sometimes applies a
stricter interpretation of financing-related evidence than the annotation criteria
used for the hypothesis.

Table 5.9 shows the evidence-span quality according to two criteria: sup-
portiveness and faithfulness. Each criterion was scored using a binary scale,
where yes = 1 and no = 0.
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Table 5.9: Evidence-span quality assessment for H1 across retrieval methods.

Retrieval Method Total Spans Supportiveness Faithfulness
BM25 20 0.8000 1.0000
Dense 25 0.8400 1.0000
Hybrid 22 0.7273 1.0000

The evidence-span evaluation shows perfect faithfulness across all
retrieval methods, meaning that the extracted spans were present in the
retrieved contexts and were not fabricated. This is important for the forensic
setting, because evidence spans are intended to provide verifiable support for
the model’s decision.

Supportiveness is lower than faithfulness for all three methods. BM25
has 16 supportive spans out of 20, dense retrieval has 21 supportive spans out
of 25, and hybrid retrieval has 16 supportive spans out of 22. This indicates
that the model usually extracts grounded spans, but not every grounded span
provides sufficient independent evidence for H1.

The non-supportive spans are mainly cases where the quoted text refers to
prepay transactions only in a general way. Such spans may be topically related
to H1, but they do not independently support the hypothesis unless they also
connect prepay transactions to financing, loans, swap structures, accounting
treatment, off-balance-sheet effects, or financial-position concerns. In other
words, a span that only mentions “prepay” is faithful to the retrieved email,
but it is not necessarily supportive of the specific hypothesis.

This distinction is important for interpreting the evidence-span results.
The model is reliable in quoting text from the retrieved context, but span
selection is more challenging than faithfulness alone suggests. For H1,
useful evidence requires not only identifying prepay-related language, but
also selecting text that explains the financial or accounting role of those
transactions.

5.3.2 Enriched Context

Inference Label Performance

Table 5.10 reports the useful/not-useful label performance of the inference
module for each retrieval method in the enriched-context setting.
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Table 5.10: Inference label performance for H1 with enriched context.

Retrieval Method Precision Recall F1
BM25 0.8571 0.6667 0.7500
Dense 0.6316 0.6667 0.6486
Hybrid 0.7222 0.7222 0.7222

Context enrichment improves the inference performance for BM25 and
hybrid retrieval, while slightly reducing the F1 score for dense retrieval. For
BM25, F1 increases from 0.7097 to 0.7500, mainly due to improved recall.
The hybrid method benefits more substantially, increasing from 0.6061 to
0.7222. This suggests that adding neighboring context can help the inference
model identify useful emails when the retrieved chunk alone does not contain
enough information. However, the slight decrease observed for dense retrieval
indicates that context enrichment may also introduce additional surrounding
text that does not always support the hypothesis, potentially making the infer-
ence decision less precise.

5.3.3 Summary of H1 Findings

The H1 results indicate that BM25 is the strongest retrieval method for this
hypothesis. With a recall of 0.9444, BM25 retrieves almost all useful H1
emails, while dense retrieval achieves slightly lower recall and hybrid retrieval
does not improve over BM25. This suggests that H1 is strongly lexically
grounded. Terms such as “prepay”, “loan”, “financing”, “debt”, “balance
sheet”, “accounting”, and “swap” appear to provide effective lexical cues, al-
lowing BM25 to retrieve relevant evidence with high recall.

The inference stage substantially improves precision compared with re-
trieval alone. For BM25, retrieval precision is 0.4359, while inference pre-
cision increases to 0.8462 in the default-context setting and 0.8571 in the
enriched-context setting. This supports the two-stage design of the pipeline:
retrieval first identifies a broad set of potentially useful emails, and the in-
ference module then filters these results by assessing their relationship to the
hypothesis.

The enriched-context setting improves inference performance for BM25
and hybrid retrieval, but not for dense retrieval. BM25 improves from an F1
score of 0.7097 to 0.7500, while hybrid retrieval improves from 0.6061 to
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0.7222. In contrast, dense retrieval decreases slightly from 0.6667 to 0.6486.
This indicates that context enrichment can help when the initially retrieved
chunks lack sufficient surrounding information, but it may also introduce ad-
ditional noise in some cases.

5.4 Results for H2

5.4.1 Default Context

Retrieval Performance

Table 5.11 reports email-level retrieval performance for H2, treating theUseful
class as the positive class.

Table 5.11: Retrieval performance for H2.

Retrieval Method Retrieved Emails Precision Recall F1
BM25 53 0.2642 0.9333 0.4118
Dense 39 0.3333 0.8667 0.4815
Hybrid 55 0.2727 1.0000 0.4286

Compared with the random retrieval baseline for H2, all hypothesis-aware
retrieval methods improve retrieval performance. BM25 increases F1 from
0.2365 to 0.4118, while dense retrieval reaches the highest retrieval F1 score
of 0.4815. This shows that the expanded hypothesis queries provide a substan-
tially stronger retrieval signal than random chunk selection.

The three retrieval methods show different trade-offs. Hybrid retrieval
achieves the highest recall, retrieving all useful H2 emails, but it also retrieves
the largest number of emails overall, resulting in lower precision. Dense re-
trieval achieves the highest precision and F1 score, suggesting that seman-
tic similarity is useful for H2. This is likely because the hypothesis involves
document-handling concepts that may be expressed through related but not
identical terms, such as deletion, retention, archiving, preservation, compli-
ance, audits, investigations, and legal scrutiny. BM25 also performs strongly
in recall, but its lower precision indicates that lexical document-management
terms can retrieve many emails that are administrative rather than evidential.
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Inference Label Performance

Table 5.12 reports the useful/not-useful label performance of the inference
module for each retrieval method.

Table 5.12: Inference label performance for H2 with default context.

Retrieval Method Precision Recall F1
BM25 0.6250 0.6667 0.6452
Dense 0.6111 0.7333 0.6667
Hybrid 0.6842 0.8667 0.7647

Table 5.13 reports the end-to-end useful/not-useful confusion matrices
over all 100 emails in the H2 evaluation subset. The false negatives include
both useful emails that were not retrieved and retrieved useful emails that
were incorrectly labeled as not-useful.

Table 5.13: End-to-end useful/not-useful confusion matrices for H2.

Retrieval Method Actual Class Predicted Useful Predicted Not Useful

BM25
Useful 10 5
Not Useful 6 79

Dense
Useful 11 4
Not Useful 7 78

Hybrid
Useful 13 2
Not Useful 6 79

The inference stage improves precision substantially compared with re-
trieval alone for all three retrieval methods. This improvement is particularly
important for H2, where broad document-management language can appear
in both useful and non-useful emails. Terms related to archiving, retention,
document collection, review, and preservation may refer either to ordinary
administrative procedures or to actions relevant to regulatory, audit, or legal
scrutiny.

Among the default-context inference results, hybrid retrieval achieves the
highest F1 score. Although hybrid retrieval has relatively low retrieval pre-
cision, it provides the inference model with the broadest useful candidate set,
including all useful H2 emails at the retrieval stage. The language model is
then able to filter this candidate set and assign the Useful label to a smaller
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and more accurate subset. However, the recall remains lower than retrieval-
stage recall, showing that some useful emails retrieved in the first stage are
not preserved by the inference module.

Reasoning and Evidence-Span Quality

Table 5.14 shows the three reasoning quality criteria: relevance, correctness,
and clarity. Each criterion was assigned one of three scores: good = 1, partial
= 0, and poor = -1.

Table 5.14: Reasoning quality assessment for H2 across retrieval methods.

Retrieval Method Relevance Correctness Clarity
BM25 1.0000 0.9811 1.0000
Dense 1.0000 0.9744 1.0000
Hybrid 1.0000 0.9636 1.0000

Most generated explanations were judged to be relevant, correct, and clear.
The relevance and clarity scores are 1.0000 across all retrieval methods, indi-
cating that the explanations generally addressed the relationship between the
email context and the hypothesis in an understandable way.

The small reductions in correctness are caused by a limited number of
partially correct explanations. For BM25, email 914 was marked as partially
correct because the retrieved context includes the phrase “please archive these
tapes in a secure location,” while the explanation states that there is no men-
tion of selective retention. Since archiving tapes can be interpreted as a form
of retention, the explanation was not fully correct. However, the case was not
marked as completely incorrect because the retrieved context does not explic-
itly connect the retention action to legal, regulatory, or audit-related anticipa-
tion.

For dense retrieval, email 93 was marked as partially correct because the
explanation inferred a connection to scrutiny from an electricity-pricing con-
text, although the retrieved context did not explicitly mention litigation, sub-
poenas, audits, or regulatory investigation. For hybrid retrieval, emails 334
and 914 were marked as partially correct. In email 334, the explanation de-
scribed the context as highly relevant to preparing for scrutiny or audit, but the
retrieved context mainly showed document collection and compliance pres-
sure without an explicit legal or regulatory motivation. Email 914 was treated
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similarly to the BM25 case because the context refers to archiving tapes while
the explanation denies selective retention.

Table 5.15 shows the evidence-span quality criteria: supportiveness and
faithfulness. Each criterion was scored as yes = 1 and no = 0.

Table 5.15: Evidence-span quality assessment for H2 across retrieval methods.

Retrieval Method Total Spans Supportiveness Faithfulness
BM25 28 0.9643 1.0000
Dense 33 0.9697 1.0000
Hybrid 36 0.9444 1.0000

The evidence-span evaluation shows high faithfulness across all retrieval
methods, indicating that the extracted spans were present in the retrieved con-
texts. Supportiveness is also high, but a small number of spans were judged
not to provide sufficient independent support for the H2 hypothesis.

For BM25, one span was not counted as supportive because it referred to
retention timing being driven by database space availability. This provides an
administrative explanation rather than evidence of document handling in an-
ticipation of scrutiny. For dense retrieval, the non-supportive span from email
599 concerned avoiding discussion with other companies or the press, but did
not directly support document alteration, deletion, retention, preservation, or
legal/regulatory anticipation. For hybrid retrieval, two spans were judged too
vague on their own: “remind your troops of the importance of this effort” and
“consider revising and resending.” These spans require surrounding context
to become meaningful and were therefore not counted as independently sup-
portive evidence.

5.4.2 Enriched Context

Inference Label Performance

Table 5.16 reports the useful/not-useful label performance of the inference
module for H2 in the enriched-context setting.
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Table 5.16: Inference label performance for H2 with enriched context.

Retrieval Method Precision Recall F1
BM25 0.6715 0.8000 0.7301
Dense 0.6506 0.7333 0.6895
Hybrid 0.6717 0.9333 0.7812

Context enrichment improves inference performance for all three retrieval
methods in H2. BM25 improves from an F1 score of 0.6452 in the default-
context setting to 0.7301 in the enriched-context setting. Dense retrieval im-
proves from 0.6667 to 0.6895, while hybrid retrieval improves from 0.7647 to
0.7812. Therefore, the enriched-context setting is beneficial for H2 across all
retrieval methods, although the size of the improvement differs.

The largest improvement is observed for BM25. This suggests that neigh-
boring context helps the inference model interpret document-handling refer-
ences that may be ambiguous when viewed in isolation. For H2, terms such
as archiving, retention, deletion, document collection, review, and preserva-
tion can appear in ordinary administrative contexts, but they become more
relevant to the hypothesis when surrounding text connects them to legal, reg-
ulatory, audit-related, or investigative concerns.

Hybrid retrieval remains the strongest method in the enriched-context set-
ting. This is consistent with the default-context results, where hybrid retrieval
already achieved the highest inference F1 score. The result suggests that H2
benefits from a broad candidate set at the retrieval stage, while context enrich-
ment further helps the inference model distinguish between general document-
management language and evidence that is more directly related to the hypoth-
esis.

5.4.3 Summary of H2 Findings

The H2 results show a different pattern from H1. While H1 was strongly
supported by explicit financial terminology, H2 involves a broader and more
ambiguous set of document-handling concepts, including deletion, retention,
archiving, preservation, shredding, compliance, and legal or regulatory
scrutiny. As a result, dense and hybrid retrieval are more competitive for H2
than they were for H1.
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In the retrieval stage, hybrid retrieval achieves the highest recall by retriev-
ing all useful H2 emails, but dense retrieval achieves the highest precision
and F1 score. This suggests that semantic similarity is useful for identifying
document-handling evidencewhen relevant emails do not use exactly the same
terms as the hypothesis. At the same time, the low precision of all retrieval
methods shows that H2 is a difficult retrieval task because many non-useful
emails contain general document-management vocabulary.

In the inference stage, hybrid retrieval achieves the strongest performance
in both the default-context and enriched-context settings. This indicates that
the inference module can benefit from the broader candidate set produced by
hybrid retrieval and can filter many of the non-useful emails retrieved in the
first stage. Context enrichment further improves all three methods, suggesting
that neighboring chunks help clarify whether document-handling references
are merely administrative or connected to scrutiny, audits, investigations, or
legal concerns.

The reasoning and evidence-span evaluations also indicate generally re-
liable generated outputs. Reasoning relevance and clarity are perfect across
all retrieval methods, while correctness is slightly lower due to a small num-
ber of cases where the model either understated retention-related evidence or
inferred legal/regulatory motivation more strongly than the retrieved context
supported. Evidence-span faithfulness is 1.0000 across all methods, showing
that the quoted spans are grounded in the retrieved text. Supportiveness is also
high, although a few spans were too administrative or too vague to indepen-
dently support the hypothesis.

5.5 Results for H3

5.5.1 Default Context

Retrieval Performance

Table 5.17 reports email-level retrieval performance for H3, treating the Use-
ful class as the positive class.
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Table 5.17: Retrieval performance for H3.

Retrieval Method Retrieved Emails Precision Recall F1
BM25 42 0.3333 0.7000 0.4516
Dense 48 0.3542 0.8500 0.5000
Hybrid 44 0.2955 0.6500 0.4062

Compared with the random retrieval baseline for H3, all hypothesis-
aware retrieval methods improve retrieval performance. The random retrieval
baseline reaches an average F1 score of 0.3080 for H3, while BM25, dense
retrieval, and hybrid retrieval reach F1 scores of 0.4516, 0.5000, and 0.4062,
respectively. This shows that the expanded hypothesis queries provide a
stronger retrieval signal than random chunk selection.

Among the three retrieval methods, dense retrieval achieves the highest
recall, precision, and F1 score. This suggests that H3 benefits from semantic
retrieval more than from purely lexical matching. The hypothesis involves
energy-market concepts such as schedules, bids, load volumes, supply avail-
ability, and market prices. These ideas may be expressed indirectly through
operational or market-related language rather than through exact repetitions
of the hypothesis terms. Dense retrieval appears better able to capture these
semantically related expressions. BM25 also improves over the random base-
line, but its lower recall indicates that exact lexical matching does not retrieve
as many useful H3 emails. Hybrid retrieval performs below dense retrieval,
suggesting that combining sparse and dense signals does not provide an addi-
tional benefit for this hypothesis.

Inference Label Performance

Table 5.18 reports the useful/not-useful label performance of the inference
module for each retrieval method.

Table 5.18: Inference label performance for H3 with default context.

Retrieval Method Precision Recall F1
BM25 0.8571 0.6000 0.7059
Dense 0.7647 0.6500 0.7027
Hybrid 0.6667 0.6000 0.6316

Table 5.19 reports the end-to-end useful/not-useful confusion matrices
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over all 100 emails in the H3 evaluation subset. The false negatives include
both useful emails that were not retrieved and retrieved useful emails that
were incorrectly labeled as not-useful.

Table 5.19: End-to-end useful/not-useful confusion matrices for H3.

Retrieval Method Actual Class Predicted Useful Predicted Not Useful

BM25
Useful 12 8
Not Useful 2 78

Dense
Useful 13 7
Not Useful 4 76

Hybrid
Useful 12 8
Not Useful 6 74

The inference stage substantially improves precision compared with re-
trieval alone for all three retrieval methods. For BM25, precision increases
from 0.3333 at the retrieval stage to 0.8571 after inference. Dense retrieval
increases from 0.3542 to 0.7647, while hybrid retrieval increases from 0.2955
to 0.6667. This shows that the inference module is effective as a filtering com-
ponent, assigning the Useful label to a smaller and more accurate subset of the
retrieved emails.

However, this increase in precision comes with lower end-to-end recall.
The final pipeline can lose useful emails at either stage: the retrieval com-
ponent may fail to retrieve them, or the inference component may classify
retrieved useful emails as not useful. Dense retrieval remains the strongest
method in the default-context inference setting, achieving the highest recall
and an F1 score close to BM25. BM25 achieves the highest precision, but
identifies fewer useful emails than dense retrieval. Hybrid retrieval performs
lower than the other two methods, indicating that the additional candidates
introduced by the hybrid retrieval strategy do not lead to better inference per-
formance for H3.

For H3, this trade-off is important because the hypothesis concerns opera-
tional energy-market behavior, where useful evidence may be indirect. Some
emails may discuss schedules, bids, load volumes, or market conditions with-
out explicitly stating an intention to affect supply availability or prices. The
inference module improves precision by filtering weak candidates, but it may
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also reject some useful emails when the connection to the hypothesis is im-
plicit.

Reasoning and Evidence-Span Quality

Table 5.20 shows the three reasoning quality criteria: relevance, correctness,
and clarity. Each criterion was assigned one of three scores: good = 1, partial
= 0, and poor = -1.

Table 5.20: Reasoning quality assessment for H3 across retrieval methods.

Retrieval Method Relevance Correctness Clarity
BM25 1.0000 0.9524 1.0000
Dense 1.0000 0.8958 1.0000
Hybrid 1.0000 0.8636 1.0000

The reasoning-quality results show that relevance and clarity are perfect
across all three retrieval methods, indicating that the generated explanations
generally address the H3 hypothesis and are understandable. The lower cor-
rectness scores show that the main issue is not readability or topic alignment,
but the degree to which the explanation accurately reflects the strength of the
retrieved evidence.

For BM25, one explanation was judged as incorrect. This case corre-
sponds to email 827, where the retrieved context concerns moving “Enovate”
out of a VaR or risk-management position and its effect on central desk VaR.
The generated explanation interpreted this as relevant reallocation for H3.
However, the context does not provide evidence about energy schedules,
bids, load volumes, supply availability, or market prices. Therefore, the
explanation was treated as incorrect rather than partially correct.

For dense retrieval, five explanations were marked as partially correct.
These cases were relevant and understandable, but they slightly over-
interpreted weak or indirect evidence. For example, email 336 mentions gas
supply and mark-to-market position, but does not clearly show adjustment,
restriction, or reallocation of energy schedules, bids, or load volumes. Sim-
ilarly, email 425 mentions bids in ancillary and imbalance energy markets,
but does not clearly show that those bids were adjusted or restricted in a way
that could affect supply availability or market prices.
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For hybrid retrieval, six explanations were marked as partially correct.
These cases follow the same pattern: the retrieved context is generally related
to energy-market activity, but the generated explanation sometimes presents
the evidence as stronger than it is. Overall, the reasoning results suggest that
the model can produce clear and relevant explanations for H3, but it may over-
state the connection between general energy-market discussion and the more
specific hypothesis.

Table 5.21 shows the evidence-span quality criteria: supportiveness and
faithfulness. Each criterion was scored as yes = 1 and no = 0.

Table 5.21: Evidence-span quality assessment for H3 across retrieval methods.

Retrieval Method Total Spans Supportiveness Faithfulness
BM25 35 0.9429 1.0000
Dense 28 0.7143 1.0000
Hybrid 33 0.7576 0.9697

The evidence-span evaluation shows that faithfulness is high across all
retrieval methods. BM25 and dense retrieval achieve a faithfulness score of
1.0000, meaning that all extracted spans were present in the retrieved con-
texts. Hybrid retrieval achieves a slightly lower faithfulness score of 0.9697.
The only faithfulness issue occurs in email 902, where the extracted span dif-
fers slightly from the retrieved text: the extracted span says “began last year”,
while the retrieved context says “began early last year”. Under the stricter
exact-span criterion, this was counted as a minor faithfulness error.

Supportiveness varies more strongly across retrieval methods. BM25
achieves the highest supportiveness score, with 33 supportive spans out of 35.
The two non-supportive spans are associated with email 827. Although these
spans are faithful to the retrieved context, they do not support H3 because
they concern VaR or risk-management position movement rather than energy
schedules, bids, load volumes, supply availability, or market prices.

Dense retrieval has lower supportiveness, with 20 supportive spans out
of 28. This indicates that dense retrieval often retrieves semantically related
energy-market contexts, but the extracted spans do not always provide direct
evidence for the specific hypothesis. Hybrid retrieval shows a similar pattern,
with 25 supportive spans out of 33. Overall, the evidence-span results suggest
that the model is generally reliable in quoting from the retrieved context, but
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span supportiveness is more difficult for H3 because the hypothesis requires
evidence of a specific operational effect, not merely general energy-market
discussion.

5.5.2 Enriched Context

Inference Label Performance

Table 5.22 reports the useful/not-useful label performance of the inference
module for each retrieval method in the enriched-context setting.

Table 5.22: Inference label performance for H3 with enriched context.

Retrieval Method Precision Recall F1
BM25 0.8000 0.6000 0.6857
Dense 0.7778 0.7000 0.7368
Hybrid 0.7059 0.6000 0.6486

Context enrichment has mixed effects for H3. BM25 decreases from an
F1 score of 0.7059 in the default-context setting to 0.6857 in the enriched-
context setting. In contrast, dense retrieval improves from 0.7027 to 0.7368,
while hybrid retrieval improves slightly from 0.6316 to 0.6486. Therefore, the
enriched-context setting benefits dense and hybrid retrieval, but not BM25.

Dense retrieval achieves the strongest enriched-context performance, with
the highest recall and F1 score. This suggests that additional neighboring con-
text is particularly useful when the retrieved evidence is semantically related
to the hypothesis but may not be fully interpretable from the retrieved chunk
alone. Since H3 concerns operational energy-market behavior, relevant evi-
dence may be distributed across nearby sentences or chunks involving bids,
schedules, load volumes, supply, or prices.

At the same time, the decrease observed for BM25 indicates that con-
text enrichment is not universally beneficial. BM25 already retrieves lexi-
cally strong chunks, and adding neighboring text may introduce surrounding
information that weakens or distracts from the original evidence. Overall,
the enriched-context results suggest that context expansion is most helpful
for H3 when the retrieval method captures semantically relevant but context-
dependent evidence.
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5.5.3 Summary of H3 Findings

The H3 results show that dense retrieval is the strongest retrieval method for
this hypothesis. Unlike H1, which is supported by relatively explicit financial
terminology, H3 involves operational energy-market concepts that may be ex-
pressed through varied and indirect language. References to schedules, bids,
load volumes, supply, prices, and market positions do not always appear in the
same lexical form as the hypothesis. This helps explain why dense retrieval
achieves the highest retrieval recall and F1 score.

The inference stage improves precision substantially for all retrieval meth-
ods, showing that the language model is effective at filtering retrieved candi-
dates. However, recall decreases compared with the retrieval stage, indicating
that some useful emails are not preserved after inference. This reflects the dif-
ficulty of H3: useful evidence may be indirect, and the model may require a
clear connection between energy-market discussion and a possible effect on
supply availability or market prices before assigning the useful label.

The reasoning-quality evaluation shows that the generated explanations
are consistently relevant and clear, but correctness is lower than in H1 and H2.
The main issue is over-interpretation. In several cases, the retrieved context is
related to energy-market activity, but the explanation presents it as stronger ev-
idence for schedule, bid, or load manipulation than the text directly supports.

The evidence-span evaluation shows a similar pattern. Faithfulness is high,
meaning that the model usually quotes spans that are actually present in the
retrieved context. Supportiveness is lower, especially for dense and hybrid re-
trieval, because some quoted spans are only generally related to energy-market
activity and do not independently support the specific H3 hypothesis.

Context enrichment has different effects across retrieval methods. It
slightly reduces BM25 performance, but improves dense and hybrid retrieval.
Dense retrieval benefits the most and becomes the strongest method in the
enriched-context setting. Overall, H3 demonstrates that semantic retrieval
and context enrichment are valuable for operational energy-market hypothe-
ses, but it also highlights the difficulty of distinguishing general market
discussion from evidence that directly supports the investigative claim.
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5.6 Multi-Run Analysis

In the previous sections, the results were reported in detail for each hypothe-
sis based on a single pipeline run. However, the query expansion stage may
generate different expanded queries across runs, which can affect the retrieved
contexts and, consequently, the downstream inference labels. Therefore, this
section evaluates the stability of the full pipeline across four runs for each
hypothesis. The same configuration parameters are used as in the previous
experiments, with the difference that all four runs are executed using context
enrichment with a window size of 1.

To keep the analysis focused, this section considers only the useful/not-
useful inference label metrics. Retrieval metrics, reasoning quality, and
evidence-span quality are not repeated, in order to avoid an excessive number
of additional tables. The goal is to examine the robustness of the pipeline
when the expanded queries change, and to analyze whether dense retrieval
contributes complementary evidence to BM25 in the hybrid setting.

The results are reported using precision, recall, and F1 score, together with
the mean and standard deviation across the four runs. Since only four runs are
used, the standard deviation should be interpreted as an indicator of run-to-run
variation rather than as a formal statistical estimate.

5.6.1 Multi-run results of H1

Figure 5.1 shows the precision, recall, and F1 scores obtained across four runs
for H1 using the three retrieval methods.

Figure 5.1: Inference label metrics for H1 across four runs.

Table 5.23 shows the average performance of each retrieval method across
the runs.
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Table 5.23: Mean and standard deviation of H1 inference label metrics across
four runs.

Retrieval Method Precision Recall F1
BM25 0.871 ± 0.035 0.653 ± 0.028 0.746 ± 0.027
Dense 0.814 ± 0.099 0.319 ± 0.070 0.458 ± 0.088
Hybrid 0.827 ± 0.024 0.542 ± 0.095 0.652 ± 0.076

For H1, BM25 is the strongest and most stable method across the four
runs. It achieves the highest mean F1 score of 0.746, with a low standard
deviation of 0.027. It also has the highest recall among the three methods
and shows limited variation across runs. This confirms the pattern observed
in the single-run analysis: H1 is strongly supported by lexical cues related to
prepay transactions, loans, financing, accounting treatment, and balance-sheet
effects.

Dense retrieval achieves relatively high precision, but its recall is substan-
tially lower, with a mean recall of 0.319. This indicates that dense retrieval
identifies a smaller set of useful emails and misses many useful cases for this
hypothesis. Hybrid retrieval improves over dense retrieval, but it does not out-
perform BM25. This suggests that, for H1, dense retrieval does not provide
enough complementary useful evidence to improve the BM25 results. Instead,
the additional dense candidates may introduce noise into the hybrid ranking.

5.6.2 Multi-run results of H2

Figure 5.2 shows the precision, recall, and F1 scores obtained across four runs
for H2 using the three retrieval methods.

Figure 5.2: Inference label metrics for H2 across four runs.

Table 5.24 shows the average performance of each retrieval method across
the runs.
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Table 5.24: Mean and standard deviation of H2 inference label metrics across
four runs.

Retrieval Method Precision Recall F1
BM25 0.628 ± 0.016 0.817 ± 0.100 0.708 ± 0.040
Dense 0.624 ± 0.029 0.717 ± 0.114 0.664 ± 0.050
Hybrid 0.615 ± 0.025 0.900 ± 0.038 0.730 ± 0.018

For H2, hybrid retrieval achieves the strongest overall performance across
the four runs. It obtains the highest mean recall of 0.900 and the highest mean
F1 score of 0.730. It also has the lowest standard deviation for F1, indicating
that its overall performance is more stable than BM25 and dense retrieval.

BM25 and dense retrieval show similar precision, but both have larger
variation in recall. This suggests that their ability to retrieve and preserve
useful H2 emails is more sensitive to the particular expanded queries generated
in each run. Hybrid retrieval appears to reduce this sensitivity by combining
lexical and semantic signals.

These results support the interpretation that H2 benefits from complemen-
tarity between retrieval methods. Dense retrieval alone performs below BM25
in terms of F1, but when combined with BM25 in the hybrid setting, it appears
to contribute additional useful candidates. This helps hybrid retrieval outper-
form both individual methods for H2.

5.6.3 Multi-run results of H3

Figure 5.3 shows the precision, recall, and F1 scores obtained across four runs
for H3 using the three retrieval methods.

Figure 5.3: Inference label metrics for H3 across four runs.

Table 5.25 shows the average performance of each retrieval method across
the runs.
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Table 5.25: Mean and standard deviation of H3 inference label metrics across
four runs.

Retrieval Method Precision Recall F1
BM25 0.857 ± 0.051 0.588 ± 0.025 0.696 ± 0.026
Dense 0.823 ± 0.064 0.613 ± 0.075 0.698 ± 0.040
Hybrid 0.799 ± 0.025 0.588 ± 0.085 0.674 ± 0.049

For H3, the three methods show relatively close performance. Dense re-
trieval achieves the highest mean recall and the highest mean F1 score, but
the difference compared with BM25 is small. BM25 has the highest mean
precision and the lowest standard deviation for recall and F1, indicating more
stable performance across runs.

This suggests that H3 does not have a single clearly dominant method. If
recall is prioritized, dense retrieval is slightly preferable because it identifies
more useful emails on average. If precision and stability are prioritized, BM25
is competitive andmay be preferable. Hybrid retrieval performs slightly below
both BM25 and dense retrieval, suggesting that combining sparse and dense
retrieval does not provide a clear benefit for H3 in the multi-run setting.

Overall, the H3 multi-run results are consistent with the earlier single-run
analysis: semantic retrieval is useful for this hypothesis, but the performance
gap between BM25 and dense retrieval is small. This reflects the difficulty of
H3, where useful evidence may be expressed through varied energy-market
language but still requires a specific connection to schedules, bids, load vol-
umes, supply availability, or prices.

5.6.4 Summary of Findings

Overall, themulti-run analysis confirms that the best retrieval strategy depends
on the hypothesis. BM25 is strongest for H1, where the evidence is closely
tied to explicit lexical cues. Hybrid retrieval is strongest for H2, where dense
retrieval appears to complement BM25 by adding useful semantically related
candidates. For H3, BM25 and dense retrieval are closely matched, with dense
retrieval offering slightly higher recall and BM25 offering stronger precision
and stability.

These results show that query variation affects the pipeline differently
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across hypotheses. The standard deviations are generally moderate, suggest-
ing that the system is reasonably stable across runs. However, the variation in
recall, especially for dense and hybrid retrieval in some hypotheses, indicates
that the expanded query set can influence which useful emails are retrieved
and preserved by the inference stage.

5.7 Discussion

The previous sections evaluated the proposed pipeline from several perspec-
tives, including retrieval performance, useful/not-useful inference, reasoning
quality, evidence-span quality, context enrichment, and multi-run stability.
This section summarizes the main implications of these results and the broader
patterns observed across the experiments.

5.7.1 Retrieval and Inference as Complementary Stages

The results show that retrieval and inference play different but complementary
roles in the pipeline. Retrieval mainly functions as a candidate-generation
stage: it aims to retrieve a broad set of potentially useful emails so that relevant
evidence is available to the language model. This is particularly important
in a forensic setting, because an email that is not retrieved cannot later be
interpreted, explained, or used as evidence by the inference stage.

Across the experiments, retrieval generally achieves high recall but lower
precision. This indicates that the retrieval methods are effective at collecting
candidate emails, but they also return many emails that are only topically re-
lated to the hypothesis. The inference stage partly addresses this limitation
by filtering the retrieved emails according to their actual usefulness for the
hypothesis. In all three hypotheses, inference improves precision compared
with retrieval alone, showing that the language model can reject many weakly
related candidates.

However, this precision gain comes with lower end-to-end recall. A use-
ful email may be absent from the final output because it was not retrieved or
because it was retrieved but rejected by the inference module. When infer-
ence recall is lower than retrieval recall, the difference specifically represents
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useful retrieved emails that were not preserved by the inference stage. There-
fore, the pipeline should be understood as a trade-off: retrieval provides cover-
age, while inference improves selectivity. This supports the two-stage design,
since a retrieval-only system may return too much irrelevant material, while
inference can only operate on evidence that was successfully retrieved.

5.7.2 Differences Between BM25, Dense, and Hybrid
Retrieval

The experiments show that no single retrieval method is best for all hypotheses.
The effectiveness of BM25, dense retrieval, and hybrid retrieval depends on
how the useful evidence is expressed in the emails.

BM25 performs strongest when useful emails contain explicit lexical cues
that overlap with the expanded queries. This is most visible in H1, where the
evidence is closely connected to financial terminology such as prepay transac-
tions, loans, financing, debt, accounting treatment, and balance-sheet effects.
In this type of setting, sparse retrieval is highly effective because the relevant
evidence is tied to specific terms.

Dense retrieval becomes more useful when the hypothesis is expressed
through broader, more indirect, or more varied language. This is particularly
relevant for H3, where useful emails may discuss schedules, bids, load vol-
umes, supply, prices, or market conditions without using the exact wording of
the hypothesis. In such cases, semantic similarity helps retrieve emails that are
conceptually related to the hypothesis even when lexical overlap is weaker.

Hybrid retrieval does not automatically improve performance. Its useful-
ness depends on whether BM25 and dense retrieval contribute complementary
evidence. For H2, hybrid retrieval is beneficial because the hypothesis in-
volves both explicit document-handling terms and broader contextual signals
related to audits, legal scrutiny, regulatory concerns, or preservation. In this
case, the broader candidate set produced by hybrid retrieval can be effectively
filtered by the inference module. In contrast, for H1 and H3, hybrid retrieval
does not consistently outperform the best individual method, suggesting that
combining retrievers can also introduce additional noise when their results are
not sufficiently complementary.

Overall, the retrieval strategy should be selected according to the nature
of the investigative hypothesis. Lexically explicit hypotheses benefit strongly
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from BM25, semantically broader hypotheses benefit from dense retrieval,
and hybrid retrieval is most useful when lexical and semantic signals capture
different useful emails.

5.7.3 Effect of Context Enrichment

The enriched-context experiments show that adding neighboring chunks can
improve inference performance, but the effect is not uniform across all hy-
potheses and methods. Context enrichment is useful when the retrieved chunk
contains only part of the relevant information and surrounding text is needed to
interpret the evidence correctly. This is especially important for email threads,
where the meaning of a sentence or paragraph may depend on earlier or later
parts of the conversation.

The benefit of enrichment is clearest when the retrieved evidence is am-
biguous in isolation. For example, document-handling language in H2 may
refer to ordinary administrative activity, but surrounding context can clarify
whether it is connected to legal, regulatory, audit-related, or investigative con-
cerns. Similarly, in H3, neighboring context can help interpret operational
energy-market language that may otherwise appear too general.

At the same time, enrichment can introduce irrelevant surrounding text.
This may weaken the evidence signal and make the inference decision less
precise. For this reason, context enrichment should not be treated as a guaran-
teed improvement. It is most useful when the retrieved chunk is incomplete,
but it may be less helpful when the original chunk already contains focused
and sufficient evidence.

This finding reflects an important trade-off in RAG-based forensic analy-
sis. Narrow chunks improve focus and reduce noise, while broader contexts
preserve surrounding meaning. The best setting depends on whether the task
requires precise evidence matching or broader contextual interpretation.

5.7.4 Stability Across Multiple Runs

The multi-run analysis shows that the pipeline is affected by variation in the
query expansion stage. Since expanded queries can differ across runs, the
retrieved contexts and downstream inference labels can also change. This
is important because it shows that a single run may not fully represent the
behavior of a pipeline that relies on LLM-generated query expansion.
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At the same time, the multi-run results support the main patterns observed
in the single-run experiments. BM25 remains strongest for H1, where the use-
ful evidence is closely tied to explicit financial terminology. Hybrid retrieval
remains strongest for H2, where combining lexical and semantic retrieval pro-
vides a useful candidate set for inference. For H3, dense retrieval and BM25
remain close, with dense retrieval showing advantages in recall and F1 while
BM25 remains competitive in precision and stability.

These results suggest that the pipeline is reasonably consistent at the level
of broader methodological conclusions, even though individual runs vary. The
best retrieval strategy still depends on the hypothesis, and the same general
interpretation holds across both the single-run and multi-run analyses. Never-
theless, the observed variation indicates that future evaluations should include
multiple runs by default when LLM-generated query expansion is used.

5.7.5 Evidence and Reasoning Quality

The evaluation of reasoning and evidence spans shows that the generated out-
puts are useful for interpretation, but they should not be treated as final forensic
judgments. Reasoning relevance and clarity are consistently strong, indicat-
ing that the model usually produces explanations that address the hypothesis
and are understandable. This supports the interpretability goal of the pipeline,
since the system not only returns emails but also explains why an email may
or may not be useful.

Correctness is more challenging. The main issue is not that explanations
are unrelated, but that the model can sometimes overstate or understate the
strength of the evidence. This is especially relevant when an email is topically
related to the hypothesis but does not directly support the full investigative
claim. In such cases, the explanation may make the evidence appear stronger
than the retrieved text justifies.

The evidence-span evaluation shows a similar distinction. Faithfulness
is generally high, meaning that the extracted spans are usually present in the
retrieved context and are not fabricated. However, supportiveness is lower
than faithfulness. A quoted span can be faithful because it appears in the email,
but still not sufficiently supportive if it only refers to the general topic without
establishing the specific relationship required by the hypothesis.
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This distinction is central to evidence-grounded forensic analysis. The sys-
tem is reliable in grounding its outputs in retrieved text, but selecting the most
independently supportive span remains difficult. Therefore, evidence spans
should be treated as review aids rather than definitive proof. They help direct
the investigator toward relevant parts of the email, but the final interpretation
still requires human verification.

5.7.6 Implications for Hypothesis-Driven Forensic Email
Analysis

Taken together, the results support the usefulness of a RAG-based pipeline
for hypothesis-driven forensic email analysis. The pipeline improves over
random retrieval, identifies useful emails across different types of hypotheses,
and produces interpretable outputs in the form of labels, explanations, and
evidence spans. This is important because the task is not only to search for
emails, but to assess whether emails are useful in relation to an investigative
hypothesis.

The results also show that hypothesis-driven retrieval is sensitive to the
form of the hypothesis. Some hypotheses are lexically grounded and can be
handled effectively by BM25. Others require semantic retrieval because the
evidence is expressed through indirect or domain-specific language. Hybrid
retrieval is useful when sparse and dense methods contribute complementary
candidates that the inference module can filter effectively.

The inference module adds value by improving precision and providing
explanations, but it also introduces the risk of losing useful emails or
over-interpreting weak evidence. For this reason, the proposed system
should be viewed as an investigative support tool rather than an automated
decision-maker. Its main value lies in reducing the search space, highlight-
ing potentially useful emails, and making predictions inspectable through
evidence spans and reasoning.

Overall, the evaluation demonstrates that combining retrieval, context en-
richment, and language-model inference can support hypothesis-driven email
analysis. However, the success of the approach depends on the interaction
between the hypothesis, the retrieval method, the available context, and the
strictness of the inference decision. This reinforces the need to evaluate RAG-
based forensic systems as complete pipelines rather than judging retrieval or
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generation in isolation.



Chapter 6

Conclusion

6.1 Key Findings

The results of this thesis show that the proposed RAG-based pipeline can sup-
port hypothesis-driven forensic email analysis by combining retrieval, infer-
ence, evidence-span extraction, and explanation generation. The system is
able to identify useful emails for different investigative hypotheses and pro-
vide interpretable outputs that help explain why an email may be relevant.

A central finding is that the inference module is comparatively reliable
when it receives sufficient and appropriate context. In many cases, the lan-
guage model is able to filter retrieved emails effectively, improve precision,
and generate understandable explanations. However, when the retrieved con-
text is incomplete, too narrow, or weakly related to the hypothesis, the infer-
ence module cannot fully compensate for this limitation. This indicates that
retrieval is the main bottleneck of the pipeline.

The experiments also show that query expansion is an important but sensi-
tive part of the retrieval process. In the current pipeline, the expanded queries
are generated only from the hypothesis, without considering the vocabulary
and language actually used in the corpus. As a result, some expanded queries
may be semantically reasonable but not well aligned with the way relevant ev-
idence is expressed in the emails. This can affect both retrieval performance
and run-to-run stability.

Another finding is that context enrichment is useful only when the added
context is relevant. Adding neighboring chunks can help when the retrieved
chunk is incomplete or ambiguous, especially in email threads where meaning
may depend on surrounding messages. However, blind enrichment can also
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introduce unrelated text and reduce performance. Therefore, context enrich-
ment should be treated as a conditional improvement rather than a generally
positive step.

The results further show that the best retrieval method depends on the na-
ture of the hypothesis. BM25 performs well when useful evidence is tied to
explicit terms and domain-specific nouns, while dense retrieval is more useful
when evidence is expressed indirectly or through broader semantic relations.
Hybrid retrieval is effective when sparse and dense retrieval provide comple-
mentary candidates, but it does not automatically outperform the individual
methods.

Finally, the experiments suggest that ranking and top-m selection can
cause useful chunks to be lost before they reach the inference stage. Useful
chunks are not always ranked highly enough by the default BM25, dense, or
hybrid scoring procedures. Therefore, even when relevant information exists
in the corpus, the pipeline may fail if that information is not selected among
the final retrieved chunks. This reinforces the importance of improving
retrieval and ranking before focusing on more complex inference strategies.

6.2 Limitations

The main limitation of this thesis is related to the dataset. A public dataset
directly suited to hypothesis-driven forensic email analysis, with hypothesis-
level relevance labels and evidence annotations, was not available. Therefore,
a task-specific subset had to be constructed and manually annotated. Due
to the cost and time required for annotation, the final evaluation was limited
to three hypotheses with 100 emails each. Although this was sufficient for
evaluating the proposed pipeline in a controlled setting, it limits the extent to
which the results can be generalized to larger forensic collections.

A second limitation concerns the granularity of the annotation. In this
work, emails were annotated at the document level as relevant, partially rele-
vant, or not relevant, and these labels were later converted into the useful/not-
useful setting used in the main evaluation. However, the dataset does not in-
clude manually annotated gold evidence spans. As a result, the evidence-span
evaluation could assess whether extracted spans were faithful to the retrieved
context and supportive of the hypothesis, but it could not measure span-level
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precision or recall against gold annotations. This makes the evaluation of ev-
idence extraction less complete than it would be with sentence-level, clause-
level, or span-level ground truth.

Another limitation is the limited diversity of the evaluated hypotheses.
The three hypotheses were selected to represent different investigative themes,
including financial transactions, document handling, and energy-market com-
munication. However, they still cover only a small part of the possible hypoth-
esis types that may occur in forensic or legal investigations. More hypotheses
would be needed to draw stronger conclusions about when BM25, dense re-
trieval, or hybrid retrieval is most appropriate.

The evaluation is also limited to email communication. Although the pro-
posed approach is intended to be relevant to broader communication data,
such as chat logs, reports, or other text-based investigative documents, these
sources were not tested experimentally. Email threads have specific struc-
tural properties, such as replies, quoted messages, and message blocks, so the
results may not transfer directly to other document types without additional
adaptation.

Finally, the experiments were conducted with a fixed set of system choices,
including the embedding model, the number of expanded queries, the query
expansion strategy, the inference model, and the retrieval budget. Keeping
these parameters fixed allowed the pipeline to be evaluated consistently, but
it also means that the thesis does not provide a full optimization study. Alter-
native choices for any of these parameters may lead to different results.

6.3 Future Work

6.3.1 Retrieval and Pipeline

The findings of this thesis suggest several directions for future work. The first
direction is to improve query expansion by making it more corpus-aware. In
the current pipeline, expanded queries are generated from the hypothesis alone,
without feedback from the target corpus. Future work could address this by
incorporating pseudo-relevance feedback methods such as Rocchio relevance
feedback, RM3, or dense-retrieval variants such as ANCE-PRF. More recent
LLM-based approaches, such as Corpus-Steered Query Expansion (CSQE)
and LLM-assisted pseudo-relevance feedback, are especially relevant because
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they use initially retrieved documents or passages to guide query reformula-
tion [26, 27, 53, 54, 55, 56, 57]. Such approaches could help align expanded
queries with the vocabulary and phrasing actually used in the email corpus,
while reducing the risk of corpus-misaligned or overly generic LLM-generated
queries.

A second direction is to replace blind context enrichment with structure-
aware context selection. In this thesis, context enrichment was performed by
adding neighboring chunks around the retrieved chunk. However, neighbor-
ing chunks do not always belong to the same paragraph or the same part of the
email thread, and this can introduce unrelated information. Future work could
store additional structural metadata in the database, such as message-block
identifiers, paragraph identifiers, and chunk positions. During enrichment,
the system could then add only neighboring chunks that belong to the same
paragraph or the same message block. This would preserve useful surround-
ing context while reducing the risk of adding noise from unrelated parts of the
email.

Another important direction is to improve ranking before the final top-m
selection. The experiments suggest that useful chunks may be lost when they
are not ranked highly enough by the initial BM25, dense, or hybrid retrieval
scores. Future work could introduce a second-stage reranking step after first-
stage retrieval. For example, BM25, dense, or hybrid retrieval could first re-
turn a larger candidate set, and a cross-encoder reranker could then score each
hypothesis–chunk pair more precisely before selecting the final top-m chunks
for inference. This would increase the chance that useful evidence is placed
near the top of the retrieved results and passed to the language model.

Finally, future work could investigate adaptive retrieval strategies. The
results showed that the best retrieval method depends on the nature of the hy-
pothesis. Some hypotheses are strongly tied to explicit lexical terms, while oth-
ers depend more on semantic relations, actions, or broader contextual descrip-
tions. A future system could therefore first analyze the hypothesis and then
choose between BM25, dense retrieval, hybrid retrieval, or different weights
in the hybrid strategy. This would make the pipeline less dependent on a fixed
retrieval configuration and more responsive to the linguistic structure of the
investigative hypothesis.
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6.3.2 Dataset, Annotation, and Generalization

In addition to improving the retrieval pipeline, future work should also ad-
dress the limitations of the dataset and annotation process. A larger annotated
dataset would make it possible to evaluate the system more reliably and test
whether the observed patterns hold across a wider range of forensic scenarios.
This would require expanding the number of emails and the number of useful
examples available for each hypothesis.

Future datasets should also includemore detailed annotation. In this thesis,
emails were annotated only at document level, which allowed useful and not-
useful emails to be evaluated, but did not provide gold evidence spans. Amore
detailed annotation scheme could mark the exact sentences, clauses, or spans
that support each hypothesis. For example, the CLAUDETTE corpus provides
clause-level annotation for Terms of Service documents, showing how finer-
grained annotation can support more detailed evaluation than document-level
labels alone [58]. Applying a similar idea to forensic email analysis would
make it possible to evaluate evidence extractionmore directly using span-level
precision, recall, and F1.

Another direction is to design and evaluate a broader range of hypotheses.
The hypotheses used in this thesis follow a cause–effect structure, where a be-
havior is linked to an expected consequence. However, investigative hypothe-
ses may also appear as simpler statements, questions, event descriptions, rela-
tional claims, or combinations of several conditions. Future work should there-
fore test hypotheses with different linguistic structures and different themes.
This would make it possible to better understand how hypothesis structure
influences query expansion, retrieval method selection, and inference quality.

Future work should also evaluate the pipeline on other types of inves-
tigative documents. Although this thesis focuses on email communication,
forensic investigationsmay involve chat logs, reports, attachments, transcripts,
memos, or mixed document collections. These sources may require differ-
ent preprocessing, chunking, metadata handling, and context selection strate-
gies. Testing the system beyond emails would show whether the proposed
hypothesis-driven RAG approach can generalize to broader forensic document
analysis.

Finally, future work should study the effect of system parameters that were
kept fixed in this thesis, such as the embeddingmodel, the number of expanded
queries, the query expansion strategy, the inference model, and the retrieval
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budget. A systematic optimization study could clarify which parameters have
the strongest effect on retrieval and inference performance, and whether dif-
ferent hypotheses require different parameter settings.



Appendix A

Prompts

A.1 Sparse Email Cleaning Prompt

The following prompt instructs the LLM to clean a raw email thread so that
the resulting text is suitable for sparse retrieval.

You are an expert in forensic email extraction. Clean the following
email thread for sparse retrieval (BM25, keyword search).↪→

GOALS:
- Extract the body of each individual email in the thread.
- Preserve all original wording and factual content.
- Remove all metadata and noise.

REQUIREMENTS:
1. Identify each email in the thread.
2. For each email, output ONLY the cleaned body text.
3. Remove:
- All metadata (Date, From, To, CC, Subject, Message-ID, routing

headers)↪→

- Signatures (e.g., “Regards”, “Cheers”, name blocks)
- Legal disclaimers
- Duplicate quoted text from earlier emails
- Formatting artifacts, broken lines, stray characters

4. Keep:
- All original sentences and wording in the body
- All financial, legal, contractual, and operational details
- All entities, numbers, obligations, and instructions

5. Restore natural paragraph formatting:
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- merge wrapped lines within the same paragraph
- preserve paragraph breaks
- preserve bullet lists
- keep each bullet on one line
- do not merge bullets together

6. Do NOT:
- Paraphrase
- Summarize
- Rewrite sentences
- Compress content

7. Separate each cleaned email body with the delimiter:

<--- block --->

OUTPUT FORMAT (for a thread with 2 emails):
<body of email 1>
<--- block --->
<body of email 2>

A.2 Dense Email Cleaning Prompt

The following prompt instructs the LLM to clean a sparse-cleaned email thread
so that the resulting text is suitable for dense retrieval.

You are transforming sparse-cleaned email into a dense-retrieval
version.↪→

Task:
Normalize the content for dense retrieval while preserving the

structure.↪→

Input:
The input contains body-only email already cleaned and separated.

Entity anonymization:
- anonymize person names as [PERSON]
- replace phone/fax numbers with [PHONE]
- replace email addresses and URLs with [URL]
- replace passcodes/access codes with [PASSCODE]
- replace dates/time/week-day/day-time expressions with [DATE]
- replace monetary values with [AMOUNT]
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- replace percentage values with [PERCENTAGE]
- replace standalone sign-offs (e.g., thanks, best, regards) with

[REGARD]↪→

Output rules:
- no explanation
- no summary
- no paraphrasing
- no rewriting beyond anonymization rules
- no touching of the separators ”<--- block --->” which are between

blocks↪→

- no changing of structure of sentences and bullet points
- return only the anonymized version

A.3 Sparse Query Expansion Prompt

The following prompt instructs the LLM to expand a hypothesis into a set of
suitable sparse retrieval queries.

You are assisting with forensic hypothesis-based retrieval over a mixed
corporate email/document corpus.↪→

Given a forensic hypothesis, generate sparse retrieval queries for BM25
or keyword search.↪→

Goal:
Create short lexical queries that preserve the key terms, actions,

entities, and domain-specific concepts in the hypothesis.↪→

Rules:

* Generate exactly {num_queries} queries.
* Each query must be a short keyword-style phrase, not a full sentence.
* Maximum 6 words per query.
* Do not write first-person statements.
* Do not simulate what employees might say.
* Preserve important terminology from the hypothesis.
* Include close lexical variants, abbreviations, and domain synonyms

where appropriate.↪→

* Focus on concrete nouns, verbs, entities, objects, processes, and
outcomes.↪→
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* Avoid vague phrases such as ”handle this carefully” or ”align on
messaging” unless those terms are central to the hypothesis.↪→

* Do not introduce mechanisms, motives, actors, or events that are not
present in the hypothesis.↪→

* Avoid duplicates and near-duplicates.
* Return valid Python list only.

Now generate queries for this hypothesis:
{hypothesis}

A.4 Dense Query Expansion Prompt

The following prompt instructs the LLM to expand a hypothesis into a set of
suitable dense retrieval queries.

You are assisting with forensic hypothesis-based retrieval over a mixed
corporate email/document corpus.↪→

Given a forensic hypothesis, generate dense retrieval queries for
semantic search.↪→

Goal:
Create neutral, third-person, evidence-oriented queries that preserve

the meaning of the hypothesis without simulating confessions or
internal dialogue.

↪→

↪→

Rules:

* Generate exactly {num_queries} queries.
* Each query should be one concise natural-language sentence.
* Do not write first-person statements.
* Do not use phrases such as ”we should”, ”can we”, ”let's”, ”I think”,

or ”please confirm”.↪→

* Do not simulate what employees might write.
* Do not generate admissions of wrongdoing.
* Preserve the core meaning, actions, objects, and domain terminology

of the hypothesis.↪→

* Use neutral evidence-oriented wording such as ”communications
about”, ”documents discussing”, ”internal discussion concerning”,
”records related to”, or ”analysis of”.

↪→

↪→
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* Include semantic variations, but do not add mechanisms, motives,
actors, or events not present in the hypothesis.↪→

* Do not make the hypothesis more accusatory than the original
wording.↪→

* Include queries broad enough to match emails, forwarded articles,
legal materials, regulatory discussions, meeting notes, summaries,
or operational reports.

↪→

↪→

* Avoid vague business language that weakens the investigative
meaning.↪→

* Avoid over-specific wording that depends on knowing the target
documents.↪→

* Avoid duplicates and near-duplicates.
* Return valid Python list only.

Now generate queries for this hypothesis:
{hypothesis}

A.5 Context Analysis Prompt

The following prompt instructs the LLM to analyze a retrieved context and
produce a structured inference output, including a relevance label, referred to
as strength in the prompt, a list of evidence spans, and a reasoning explanation
based on the context’s relevance to the given hypothesis.

You are assisting with forensic evidence analysis.

Definitions:
- A forensic hypothesis: An assertion about a potential wrongdoing or

misconduct that is being investigated.↪→

- An email candidate: An email chosen for evidence analysis and
evaluating the hypothesis.↪→

Email candidate structure:
- The email candidate is represented as chunks of text extracted from

that email.↪→

- The chunks are separated by the delimiter <--chunk-->.
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################ Analysis Procedure
###################↪→

- Hypothesis analysis — A forensic hypothesis typically describes two
parts:↪→

1. Cause: one or more actions, behaviors, decisions, representations,
transactions, communications, or omissions.↪→

2. Effect: one or more intended, actual, or potential outcomes,
effects, motivations, or consequences.↪→

- Email analysis for evidence — The email may include direct or
indirect evidence regarding:↪→

* The Cause.
* The Effect.
* The mechanisms, structures, processes, approvals, accounting

treatments, financial effects, legal arrangements, controls, or
operational activities that could connect the Cause and Effect
described in the hypothesis.

↪→

↪→

↪→

* Evidence that supports, contradicts, explains, contextualizes, or
otherwise helps evaluate the hypothesis.↪→

- Extract evidence spans exactly as they appear in the email. Do not
paraphrase evidence spans.↪→

- Reason: Explain how the extracted evidence helps evaluate the
hypothesis, or how it relates only to the cause, only to the effect,
or to the connection between cause and effect. If there is no
relevant evidence, briefly explain why the email is not useful for
evaluating the hypothesis.

↪→

↪→

↪→

↪→

- Strength: Assign the strength of the email’s relevance to the
hypothesis as one of:↪→

* low
* medium
* high

Use ”low” when the email is weak, vague, or only provides very minor
context.↪→

Use ”medium” when the email mentions, directly or indirectly, only a
part of the hypothesis, like only the Cause, or only the Effect.↪→

Use ”high” when the email mentions, directly or indirectly, both the
Cause and the Effect.↪→
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*** Crucial point: The email does not need to use the exact words
appearing in the hypothesis. Consider the semantic meaning of
the email and whether it provides evidence relevant to assessing
the cause, the effect, or both.

↪→

↪→

↪→

################ Hypothesis analysis examples
###################↪→

Example 1:
Hypothesis: ”Employees discussed adjusting, restricting, or reallocating

energy schedules, bids, or load volumes in ways that could affect
supply availability or market prices.”

↪→

↪→

Cause: ”Adjusting, restricting, or reallocating energy schedules, bids,
or load volumes.”↪→

Effect: ”Affecting supply availability or market prices.”

Example 2:
Hypothesis: ”Employees described prepay transactions as loans or

financing in order to keep associated debt off the balance sheet or
to improve the company’s reported financial position.”

↪→

↪→

Cause: ”Describing, treating, or considering prepays as income, loans,
or financing.”↪→

Effect: ”Keeping debt related to prepays off the balance sheet or
improving the company’s reported financial position.”↪→

For both examples, phrases, sentences, or statements with similar
semantic meaning to the cause or effect can be considered
evidence.

↪→

↪→

################ Output construction
###################↪→

Return valid JSON only.

Output format:
{{
”evidence_spans”: [”exact quoted span extracted from the email”],
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”reason”: ”brief explanation of how the evidence relates to the
hypothesis”,↪→

”strength”: ”low | medium | high”
}}

If the email contains no relevant evidence, return:
{{
”evidence_spans”: [],
”reason”: ”brief explanation why the email is not useful for

evaluating the hypothesis”,↪→

”strength”: ”low”
}}

Now perform the task for the following input:

Hypothesis:
{hypothesis}

Email:
{email}
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