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INTRODUCTION 
Transformer-based language models [1] scaled to billions of parameters, commonly termed Large 

Language Models (LLMs), have advanced, Natural Language Processing (NLP) across machine translation, 

summarization, question answering, and dialogue [2]. These models generate fluent text, yet their reliability 

is limited in settings that require factual correctness, current knowledge, or verifiable sourcing [3]. When 

answers must be grounded in external evidence rather than inferred from parametric knowledge, purely 

generative architectures frequently produce unsupported or outdated content [4]. Retrieval-Augmented 

Generation (RAG) addresses this limitation by separating evidence retrieval from text generation [5]. 

Instead of relying exclusively on parametric knowledge, RAG retrieves evidence from an external 

corpus and conditions generation on the retrieved context. This design enables knowledge updates through 

corpus refresh rather than model retraining and supports evidence-grounded responses when sources are 

available. However, the effectiveness of grounding depends on the retrieval policy: how relevance is 

determined, what context is selected, and how the similarity threshold and ranking strategy shape the 

evidence presented to the generator [6]. It also depends on the generator's capacity to use retrieved context 

consistently rather than overriding it with unsupported content. Evaluating such systems therefore requires 

assessing not only generation fluency but also how retrieval behavior and context selection shape factuality 

and completeness. 

Relevance of the Topic 
RAG systems are increasingly applied in domains where factual accuracy and traceability directly 

influence decision quality, including healthcare [7] and legal research [8]. In such settings, unsupported 

statements carry practical consequences: a misattributed clinical guideline or an unverifiable legal precedent 

can compromise downstream decisions. Retrieval failures, where relevant evidence exists but is not surfaced 

- can negate the intended benefits of grounding. 

Although some LLMs now incorporate web browsing capabilities, such functionality does not 

inherently provide reproducible provenance under controlled evaluation conditions. Web sources vary in 

permanence, access conditions are not always documented, and the criteria by which content is selected or 

retained may be opaque—factors that complicate systematic comparison across experimental runs. 

Parametric LLMs also remain prone to producing fluent but incorrect outputs when evidence is missing, 

conflicting, or weakly linked to the query, and they frequently provide limited or opaque attribution for 

individual claims [3], [9]. 

Research Motivation 
Although surveys describe rapid growth in RAG architectures and pipelines, they also highlight 

fragmentation in configurations and evaluation practices, which limits comparability and informed 

deployment decisions [10]. Three deficiencies motivate the research: 

Deficiency 1: Threshold-aware evaluation. Similarity threshold determines whether retrieved 

documents are included in the generation context and directly influences retrieval precision and recall  [6], 

[11]. In practical deployments, similarity threshold selection is not merely an implementation detail: it 

governs whether a system supplies insufficient context (leading to missing evidence and incomplete answers) 

or excessive context (introducing irrelevant passages that can distract generation and degrade factual 

alignment). Similarity threshold choices also affect computational cost by controlling context size and 

downstream processing. A threshold-aware evaluation procedure is therefore necessary to characterize 

retrieval selectivity systematically and to support evidence-based configuration choices. Retrieval selectivity 

is operationalized through similarity thresholds varied under controlled conditions, enabling systematic 

identification of threshold-sensitive performance patterns across datasets and models. 

Note: "Similarity threshold" refers to the minimum cosine similarity score required for a retrieved passage to 

be included in the generation context. This parameter is also referred to as a "relevance threshold" or 
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"selectivity threshold" in some literature; in the following chapters "similarity threshold" or just "threshold" 

is used for consistency. 

Deficiency 2: Reproducibility infrastructure. RAG pipelines introduce multiple interacting 

configuration layers: corpus preprocessing, chunking strategy, embedding model choice, index construction, 

retrieval settings, generation settings, and evaluation logic. Because these layers interact, independent 

verification becomes difficult when configurations are not captured precisely and reported in a complete and 

comparable form [12], [13]. When configurations are incompletely specified, results cannot be independently 

verified, and apparent improvements may be attributable to hidden differences rather than the intended 

experimental variable. This deficiency is especially acute in threshold-sensitive studies, where small changes 

in retrieval configuration can alter the evidence presented to the model. A reproducibility infrastructure is 

therefore required to record and preserve the complete run context and outputs in a form that supports 

independent verification and cross-study comparison. 

Deficiency 3: Practical guidance for open-source deployments. Organizations that require local or 

on-premises deployment due to security, data governance, or cost constraints must rely on open-source LLMs 

and locally controlled pipelines. However, comparative evidence that links similarity threshold sensitivity in 

retrieval, generation quality, and deployment feasibility under consistent experimental conditions remains 

limited [10], [14]. Without such evidence, model selection and retriever configuration are frequently guided 

by informal benchmarks or mismatched assumptions about retrieval behavior across systems. Practical 

guidance is therefore needed to make threshold sensitivity visible and comparable across open-source 

deployment candidates. 

Research Aim 
The aim of the dissertation is to develop an evaluation framework for Retrieval-Augmented 

Generation that supports evidence-based retrieval configuration decisions for RAG systems with open-source 

LLMs, with particular focus on similarity threshold configuration. 

Research Questions 
Building on the identified deficiencies, three research questions are addressed: 

RQ1: Does varying the similarity threshold produce measurable changes in generation quality? 

RQ2: Do similarity threshold effects differ across language models? 

RQ3: Do comparable similarity threshold ranges hold across knowledge domains? 

Each question corresponds to a specific experimental phase: RQ1 is addressed through systematic 

threshold variation in Phases II–IV, RQ2 through cross-model comparison in Phases III–IV, and RQ3 through 

cross-domain analysis comparing agricultural and biodiversity corpora in Phase IV. Phase I provides system 

demonstration and runtime profiling, establishing baseline platform functionality prior to threshold 

experimentation. 

Objectives 
Four objectives are pursued: 

Objective 1: Define and implement the core components of the evaluation framework by 

integrating three layers: (a) a threshold-aware evaluation procedure with composite scoring, (b) the 

Performance Assessment System for Similarity Evaluation and Retrieval (PaSSER) platform [15] providing 

reproducibility infrastructure with blockchain-based provenance logging, and (c) a controlled experimental 

design producing comparative threshold-aware evidence across models and domains.  

Objective 2: Establish model selection criteria. Define selection criteria aligned with local 

deployment feasibility, licensing constraints, and computational requirements, including profiling of selected 

models with respect to context window size and decoding settings. 

Objective 3: Define metric selection and computation procedures. Select metrics aligned with the 

evaluation constructs of lexical overlap, semantic similarity, fluency, accuracy, and language modeling, and 
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implement metric computation consistently across models and experimental conditions. 

Objective 4: Conduct controlled testing and analysis. Prepare domain corpora and question-answer 

datasets with specified preprocessing and retrieval configurations; execute controlled evaluations under 

systematic parameter variation, including similarity threshold sweeps; and aggregate results to interpret 

outcomes with respect to retrieval selectivity, generation quality, and reproducibility, producing practical 

guidance for model and threshold selection. 

Relationship between research questions and objectives. Research Questions RQ1-RQ3 are 

empirical and examine how similarity threshold configuration affects RAG performance across models and 

domains. Objective 1 defines the core components of the evaluation framework, including the evaluation 

procedure, the reproducibility infrastructure, and the controlled experimental design. Objectives 2-4 

operationalize this framework through model selection, metric definition and computation, and controlled 

testing and analysis. Together, these objectives provide the basis for answering RQ1-RQ3 and for deriving 

practical guidance for model and threshold selection. 

Table I.1 summarizes the mapping between the identified deficiencies, research questions, 

objectives, and resulting contributions. 

Table I.1 Mapping of Deficiencies, Research Questions, Objectives, and Contributions. 

Deficiency 
Research 

Question(s) 
Objective(s) Chapter(s) Contribution 

Framework 

Layer 

D1: Threshold-aware 

evaluation 

RQ1, RQ2, 

RQ3 
Obj 1 (а), Obj 3, Obj 4 Ch. 3–4 C1 

Evaluation 

Procedure 

D2: Reproducibility 

infrastructure 
— Obj 1 (b) Ch. 2 C2 Infrastructure 

D3: Practical 

guidance for open-

source deployments 

RQ1, RQ2, 

RQ3 
Obj 1, Obj 2, Obj 3, Obj 4 Ch. 3–4 C3 Evidence 

* Objective 1 contributes to all three deficiencies by defining the threshold-aware evaluation procedure (D1), implementing 

provenance logging and blockchain recording (D2), and establishing the controlled experimental design that produces comparative 

evidence (D3). Objectives 2-4 operationalize specific components of this framework. 

Three scientific-applied contributions together constitute the evaluation framework.  

The evaluation procedure layer (C1) introduces a threshold-aware evaluation procedure 

incorporating Composite Performance Score, Threshold-aware Composite Performance Score, and Balance 

Score for characterizing retrieval selectivity across similarity threshold settings [15], [16].  

The infrastructure layer (C2) implements reproducibility infrastructure through the PaSSER platform, 

combining blockchain-based provenance logging with complete configuration capture [15], [17].  

The evidence layer (C3) produces practical guidance for open-source RAG deployments, grounded in 

comparative empirical evidence linking similarity threshold sensitivity, generation quality, and deployment 

feasibility across seven models in the 7-8 billion parameter range under controlled experimental conditions 

[16] [18]. 

Structure 
The dissertation consists of an Introduction, five chapters, conclusion, appendices and bibliography.  

Chapter 1 establishes the research foundations and reviews related work on RAG architectures, 

evaluation practices, and reproducibility challenges, positioning Deficiencies D1–D3 within the relevant 

literature. 

Chapter 2 presents the infrastructure of the PaSSER platform. It describes the workflow, the 
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configuration of different settings, the automated testing process, and blockchain-based provenance logging. 

Chapter 3 specifies the model selection rationale and defines the evaluation metrics and computation 

procedures applied in cross-model assessment. 

Chapter 4 reports empirical results from controlled testing across the agriculture and biodiversity 

datasets, analyzing similarity threshold sensitivity, model performance and cross-domain comparison. 

Chapter 5 discusses the research questions and scientific-applied contributions, addresses 

limitations, and outlines future research directions. 

The Conclusion summarizes the main results.  

The back matter includes Supporting Publications, a Citation Record, a Summary of Project 

Participation, Acknowledgements and a Declaration of originality of the results.  

Note: Tables and figures are retained only where required for understanding the summarized content. The 

numbering of all retained tables and figures is preserved as in the dissertation, in accordance with the synopsis 

requirements. 

CHAPTER 1: RETRIEVAL-AUGMENTED GENERATION 
LLMs generate fluent text but remain constrained by static parametric knowledge; outputs may be 

ungrounded, temporally outdated, or difficult to trace. RAG mitigates these limits by incorporating external 

evidence at inference time. Chapter 1 positions the dissertation by tracing RAG's development from 

information retrieval (IR) [11] and natural language processing (NLP) [19], outlining representative RAG 

architectures and failure modes, reviewing evaluation approaches, and identifying research gaps aligned with 

Deficiencies D1–D3. 

1.1 Foundational Developments 
RAG reflects a long convergence of IR and NLP [20]. This section traces that convergence through four 

strands that shaped contemporary RAG systems: (1) basic indexing and data organization, (2) formal IR 

evaluation and early IR–NLP fusion, (3) advanced semantic retrieval and NLP methods, and (4) large-scale IR–

NLP integration with modern embedding-based approaches [20]. Early indexing and evaluation practices 

established retrieval effectiveness concepts such as precision and recall [11], while semantic retrieval evolved 

toward embedding-based similarity matching. These developments provide the technical context for 

integrating retrieval with modern generative models. 

1.2 The Emergence of RAG 

The RAG framework was introduced in 2020 in "Retrieval-Augmented Generation for Knowledge-

Intensive NLP Tasks" [5]. RAG integrates retrieval into generation to mitigate limitations of purely parametric 

models, including reliance on static training data, limited source attribution, and hallucination [21], [22]. 

Architecturally, it separates a retriever and a generator: at inference time, relevant passages are retrieved 

from a document collection and used to condition generation, supporting improved factual accuracy, 

transparency, and domain adaptation without retraining. In the original formulation, retrieval uses dense 

representations (e.g., DPR [23] with BERT-based encoders [24]) and similarity search (e.g., MIPS [25]) with 

approximate nearest-neighbor methods [26], [27], while generation is implemented in a sequence-to-

sequence setting (e.g., BART [28]) grounded in earlier machine translation paradigms [29]. RAG is trained 

end-to-end to align retrieval with generation needs. Reported evaluations covered open-domain question 

answering and related knowledge-intensive tasks, including Natural Questions [30], TriviaQA [31], FEVER [32], 

and MS MARCO NLG [33], demonstrating competitive performance with fewer parameters than purely 

parametric approaches [5]. 

1.3 RAG Innovations and Extensions 
Subsequent research extended RAG to improve retrieval precision, generative accuracy, 

interpretability, and efficiency. A functional categorization of advancements is presented in Table 1.2, 

spanning seven focus areas [20]: architectural efficiency and scalability, data-centric optimization, iterative 
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retrieval and self-refinement, knowledge integration and multimodal extensions, domain adaptation and 

specialization, factual verification and grounding, and few-shot/low-resource enhancement. Many of these 

directions rely on selectivity controls that regulate what evidence is exposed to the generator.  

Table 1.2 Functional Categorization of Recent RAG Advancements. Reproduced from [20]. 

Focus Area Objective 

Architectural Efficiency and Scalability Reduce computational cost, improve inference speed, and 
support real-time applications 

Data-Centric Optimization Improve training quality through noise reduction, sampling, 
and data selection techniques 

Iterative Retrieval and Self-Refinement Introduce mechanisms for multi-step reasoning, response 
revision, or feedback-based retrieval 

Knowledge Integration and Multimodal 
Extensions 

Combine symbolic and neural retrieval to access diverse 
knowledge representations; extend retrieval to additional 

modalities 

Domain Adaptation and Specialization Enable RAG systems to perform well in specialized domains 
or narrow knowledge fields 

Factual Verification and Grounding Reduce hallucinations and improve transparency by 
anchoring outputs in verifiable sources 

Few-Shot and Low-Resource Enhancement Improve generalization with limited training data through 
retrieval-enhanced few-shot learning 

1.3.1–1.3.7 of the dissertation detail each category; the subsection most directly relevant to the evaluation 

framework is summarized below. 

1.3.8 Retrieval Configuration and Similarity Threshold Selection 

Retrieval selectivity is commonly controlled through top-k retrieval and threshold-based filtering. 

Top-k returns a fixed number of the highest-scoring passages, which can include marginally relevant content 

when strong matches are scarce. Threshold-based filtering returns only passages whose similarity exceeds a 

minimum value, enabling variable context sizes and the possibility of returning no passages when evidence 

is weak. Deployments may combine both mechanisms, applying threshold filtering and then truncating to 

top-k (or applying a minimum similarity gate within top-k), creating a configuration space that directly 

influences retrieval precision and recall. 

Across published systems, threshold-like controls are introduced through routing decisions, 

confidence triggers, or decision boundaries (e.g., Self-RAG [34], CRAG [35], Adaptive-RAG [36], FLARE [37]). 

Similarity thresholds are typically selected through local tuning or heuristics rather than systematic sensitivity 

characterization. A published industry case study in the banking domain showed that, under a baseline 

configuration with a fixed similarity threshold of 0.7, the false positive rate for some embedding models could 

reach 99% [38]. Published evaluations commonly report results for a single retrieval configuration and do not 

show how performance changes as thresholds vary. This limits evidence-driven threshold selection, 

confounds model comparisons across selectivity regimes, and reduces transferability across domains. 

1.4 Evaluating RAG 
RAG evaluation requires assessment beyond answer accuracy or lexical overlap [39], including 

whether retrieved evidence is relevant and whether generation remains grounded in that evidence [40], [14]. 

Approaches such as RAGAS [40], RGB [14], and the TREC 2024 RAG Track [41] provide metric suites and shared 

infrastructure, while instrumentation-oriented tooling such as TruLens [42] and tracing/observability 

platforms (e.g., LangSmith [43], [44] and Arize Phoenix [45]) support run-level diagnostics and regression-

style comparisons. Testing harnesses such as DeepEval [46] integrate automated evaluation into development 
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workflows.  

1.4.1–1.4.5 of the dissertation analyze each approach in detail; the resulting research gaps are summarized 

below. 

1.4.6 Research Gaps in RAG Evaluation 

Across the reviewed evaluation approaches, three gaps are observed. 

First, evaluation is commonly reported under fixed retrieval configurations, without systematic 

characterization across similarity threshold ranges. 

Second, reproducibility support often depends on incomplete configuration capture, and trace logs 

do not inherently provide tamper-evident provenance linking datasets, configurations, intermediate artifacts, 

and outputs. 

Third, comparative evidence is frequently reported relative to proprietary baselines, and guidance 

for open-source deployments under practical constraints remains limited or fragmented. 

These gaps motivate the dissertation's framework (Obj.1): Gaps related to fixed retrieval 

configurations correspond to D1 and are addressed by the Evaluation Procedure layer. Gaps related to 

configuration capture and provenance correspond to D2 and are addressed by the Infrastructure layer. Gaps 

related to comparative guidance under open-source constraints correspond to D3 and are addressed by the 

Evidence layer. 

1.5 Persistent Challenges and Emerging Solutions 
Recurring RAG failure points include missing content, missed top-ranked documents, fragmented 

context, poor content extraction, inconsistent output structuring, incorrect specificity, and incomplete 

responses [47]. Emerging methods attempt to address these issues (e.g., Auto-RAG [48], GraphRAG [49], 

relevance sampling [6], FLARE [37], LightRAG [50], Self-RAG [34], Speculative RAG [51]), but their 

effectiveness depends on evaluation approaches capable of systematically detecting failure modes and 

characterizing selectivity effects. 

1.6 Chapter Summary 
Chapter 1 reviewed RAG background, representative innovations, and evaluation approaches, 

identifying retrieval selectivity, particularly similarity threshold selection, as an under-characterized factor 

influencing downstream generation quality. Three research gaps mapped to D1–D3 were articulated: limited 

threshold-aware evaluation evidence, incomplete reproducibility infrastructure beyond logging, and limited 

comparative guidance for open-source deployment decisions. These gaps motivate the infrastructure 

described in Chapter 2, the model and metric selection procedures in Chapter 3, and the controlled threshold-

sweep experiments reported in Chapter 4. 

CHAPTER 2. DESIGN AND ARCHITECTURE OF PaSSER  
Performance Assessment System for Similarity Evaluation and Retrieval (PaSSER) is a modular, 

browser-based platform for configuring and evaluating RAG pipelines with open-source LLMs [15], [16], [17]. 

The platform integrates threshold-aware retrieval, multi-metric scoring, and blockchain-backed provenance 

logging into a unified workflow for controlled experimentation, addressing D2 (reproducibility infrastructure) 

and fulfilling the infrastructure component (b) of Obj.1. Chapter 2 summarizes PaSSER’s design rationale, 

architecture, and the batch evaluation workflow used for the controlled experiments reported in Chapter 4. 

2.1 Initial System Design 

PaSSER was developed as a complementary module to the Smart Crop Production Data Exchange 

(SCPDx) platform [52], [53], [54]. SCPDx combines a blockchain layer, Antelope (formerly EOSIO) [55], with 

the InterPlanetary File System (IPFS) [56] to support secure and decentralized data management. Prior studies 

informed the blockchain choice, including platform suitability analysis [52] and oracle integration work [57]. 

Antelope was adopted to provide auditable, tamper-resistant records with an explicit permission model and 

low-cost transactions suitable for frequent submissions, while Anchor Wallet [58], [59] supports a client-side 
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signing workflow that keeps private keys outside the web application. Although SCPDx integrates IPFS for 

distributed content storage, PaSSER does not currently utilize IPFS; future integration is noted in Section 5.4.2. 

PaSSER was designed as a browser-based environment to improve platform independence and reduce local 

installation requirements, supporting reproducibility across heterogeneous client devices. 

2.2 System Architecture 

PaSSER follows a three-layer architecture comprising a web interface (single-page application, SPA), 

backend services, and a blockchain subsystem. The web interface supports configuration input and result 

visualization, while computation is delegated to backend services to keep retrieval, generation, and scoring 

behavior invariant across client environments. Authentication and transaction signing are handled client-side 

via Anchor Wallet, while the blockchain subsystem persists verifiable records after execution completes [17]. 

2.2.1 of the dissertation describes the web interface in detail; the synopsis focuses on the backend pipeline 

and blockchain subsystem as the core enablers of reproducible evaluation. 

2.2.2 Backend Services 

Backend services implement PaSSER’s execution pipeline, performing retrieval, language model 

inference, evaluation dispatch, and provenance logging. Semantic retrieval is implemented using ChromaDB 

[60]. Document corpora are embedded using the Ollama embedding endpoint and stored as vector 

collections. During ingestion, documents are segmented into overlapping text chunks; PaSSER exposes chunk 

size and overlap as configuration parameters. The default configuration is 1024 characters with 50 characters 

overlap and is used in the controlled experiments reported in Chapter 4. Chunking affects retrieval granularity 

and context continuity and may influence selectivity [61]; implications of chunking sensitivity are discussed 

in Section 5.3.2. 

Retrieval modes. Two retrieval modes are implemented at runtime. Normal Mode invokes the 

LangChain VectorStoreRetriever [62] and returns the top-k passages ranked by cosine similarity, yielding a 

fixed number of passages regardless of absolute similarity values. Score Mode employs a 

ScoreThresholdRetriever to filter passages by a minimum cosine similarity threshold. Score Mode exposes 

three parameters: minSimilarityScore (minimum similarity for inclusion), maxK (upper bound on passages 

returned), and kIncrement (step size for iterative threshold sweeps). Normal Mode provides the fixed top-k 

baseline (Phase I, Section 4.1), while Score Mode supports controlled threshold sensitivity experiments 

(Phase II, Section 4.2). 

Inference and evaluation. Text generation is executed via the Ollama API [63]. Generated outputs are 

evaluated against reference answers by a Python-based evaluation service using established libraries 

including Natural Language Toolkit (NLTK), torch, NumPy, rouge, transformers, and SciPy [17]. Formal metric 

definitions are provided in Chapter 3, while Chapter 4 specifies phase-specific selections and aggregation 

procedures (including CPS and T-CPS). 

Provenance logging. Each execution records the active configuration (model identifier, retrieval 

parameters, decoding settings, dataset/vector store identifiers) together with timing and quality outputs. 

Compact summaries are submitted to the Antelope blockchain via a connector using Pyntelope [64]. 

Transaction signing is performed externally via the Anchor wallet, while submission is handled by the 

backend. 

Figure 2.2 summarizes the execution pipeline (ChromaDB retrieval, Ollama inference, Python scoring, 

and blockchain logging). 
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Figure 2.2 Backend services in PaSSER. Reproduced from [16]. 

2.2.3 Blockchain Integration 

PaSSER employs the Antelope blockchain (formerly EOSIO) to provide immutable logging of 

evaluation results and associated metadata. The blockchain is not part of the retrieval or generation path; it 

persists verifiable records after execution completes. Authentication and transaction signing are handled via 

Anchor Wallet, while the backend prepares payloads and submits signed transactions without accessing 

private keys. 

Evaluation results are stored via the "llmtest" smart contract through two append-only actions: 

"addtest" records accuracy-related metrics, and "addtimetest" records time-related indicators (e.g., model 

load and inference duration). Independent verification can be performed by retrieving the corresponding on-

chain record and comparing persisted fields (submitting account, run identifier, timestamp, descriptive label, 

and numeric payload stored as float64[]) against exported run artifacts used in analysis. 

Figure 2.3 shows "addtest" and "addtimetest" logging actions and the on-chain persistence boundary. 

 
Figure 2.3 Blockchain integration in PaSSER. Reproduced from [16]. 

2.3 PaSSER App Functionalities 

This section summarizes the user-facing workflow and artifacts required for controlled evaluation 
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runs. The platform supports both interactive exploration and batch evaluation; controlled experiments 

reported in Chapter 4 rely on batch evaluation. 

2.3.1 System Configuration 

Configuration proceeds by specifying endpoints for the inference server (Ollama API) and vector store 

(ChromaDB), selecting the active LLM and generation temperature, choosing a retrieval policy (Normal or 

Score mode), and linking data resources (vector store selection and import of a JSON dataset of question–

answer pairs). Once confirmed, configuration is session-scoped and attached to outputs for traceability and 

reproducibility. 

2.3.2 and 2.3.4 of the dissertation provide additional interface-level workflows the synopsis summarizes only 

the configuration, retrieval control, and batch evaluation steps used in Chapter 4. 

2.3.3 Retrieval Configuration 

Retrieval configuration determines how passages are selected and assembled as context. Normal 

Mode provides fixed-size top-k retrieval. Score Mode enables threshold-based filtering using a minimum 

cosine similarity cutoff and supports controlled similarity threshold sweeps via minSimilarityScore, maxK, and 

kIncrement. A sweep is operationalized by repeating the 

same evaluation workload while varying only the 

threshold value and holding all other parameters constant 

(dataset, vector store identifier, chunking configuration, 

and model configuration). Each run is labeled and stored 

as a separate evaluation record to enable direct 

comparison across threshold values under a fixed setup. 

2.3.5 Evaluation and Testing 

PaSSER supports dataset-driven batch evaluation 

under controlled retrieval configurations. For each dataset 

item, the system retrieves context, constructs an 

augmented prompt, generates a response, computes 

evaluation metrics, and records results to the blockchain 

via addtest. A complementary timing evaluation module 

logs latency-related indicators (e.g., model load time, 

inference duration, total response time) via addtimetest. 

Results can be retrieved for inspection and exported for 

offline analysis. 

Figure 2.7 shows the evaluation logic. 

2.4 Chapter Summary 

Chapter 2 presented PaSSER as a reproducibility 

infrastructure for threshold-aware RAG evaluation [15], 

[16], [17]. The platform integrates backend execution 

services coordinating retrieval and inference with an 

Antelope blockchain subsystem providing tamper-evident 

provenance logging. PaSSER operationalizes both fixed 

top-k retrieval and threshold-gated retrieval, enabling 

controlled similarity threshold sweeps under constant 

experimental conditions. By attaching configuration 

metadata to each execution and persisting results as wallet-

signed immutable records via "addtest" and "addtimetest", 

PaSSER supports auditability and independent verification, addressing Deficiency 2 and enabling the 

experiments reported in Chapter 4. 

Figure 2.7 PaSSER evaluation workflow overview. 
Reproduced from [16]. 
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CHAPTER 3. MODEL SELECTION AND EVALUATION METRICS 
Chapter 3 defines the components required for the experimental analyses in Chapter 4: the open-

source LLMs evaluated within PaSSER and the evaluation metrics used to assess generation quality. Sections 

3.1–3.3 document the model sets, selection rationale, and integration constraints (Obj. 2). Section 3.4 

specifies the evaluation metrics, including definitions, computation actions, and reporting formats. Section 

3.5 defines the Composite Performance Score (CPS) and Threshold-aware CPS (T-CPS) formulations used for 

multi-metric aggregation (Obj. 3). Together, these components contribute to Deficiency 1 (threshold-aware 

scoring through CPS, T-CPS, and Balance Score) and Deficiency 3 (practical guidance for open-source 

deployments through model selection criteria and evaluation procedures). 

3.1 Overview of Embedded LLMs and Model Selection Criteria 
 A representative set of open-source LLMs was integrated into PaSSER to support controlled 

comparisons under consistent experimental conditions. Selection prioritized open availability, feasibility of 

local inference on mid-range hardware, and architectural diversity within the 7B–8B parameter range. This 

range balances capability and accessibility and typically enables inference on 16–32 GB RAM without 

dedicated GPU clusters, while avoiding the requirements of larger 40B-class models. Models below 7B were 

excluded due to limited capacity in knowledge-intensive generation, while models above 8B were excluded 

due to higher hardware demands [65]. Proprietary models were also excluded because licensing, cost, and 

limited configuration transparency undermine strict reproducibility [66]. 

Two model sets were evaluated: an initial 7B set used in Phases I–II and an updated set (8B-class plus 

an updated Mistral) used in Phases III–IV. Architectural diversity is relevant because similarity threshold 

sensitivity may interact with model-specific factors such as context-window limits, attention efficiency, and 

instruction/reasoning tuning [5], [67], [68]. Table 3.1 summarizes key characteristics of the evaluated models. 

Table 3.1 Comparative summary of evaluated models. 

Model Param. 
Context 
(tokens) 

Key design emphasis 
Primary evaluation 

role 
Ollama tag 

Mistral 7B / v0.3 ~7.3B 
8,192 / 
32,768 

GQA; sliding-window 
attention 

Efficiency-focused; 
cross-version 

continuity 

Mistral 7B / 
Mistral:latest 

Llama 2 7B 7B 4,096 
Standard transformer; 

widely adopted 
General-purpose 

baseline 
Llama 2 7B 

Orca 2 7B 7B 4,096 
Reasoning-oriented 

fine-tuning 
Reasoning-tuned 

comparator 
Orca 2 7B 

Granite 3.2 8B 8B 8,192 
Enterprise-oriented 

curation 
Enterprise reliability 

comparator 
Granite3.2 8b 

DeepSeek R1 8B 8B 8,192 
Reasoning-focused RL 

training 
Reasoning-focused 

8B comparator 
Deepseek r1:8b 

Llama 3.1 8B 8B 8,192 
Updated LLaMA; 

extended context 
Current-generation 

baseline 
llama3.1:8b 

3.2 Initial Set 
The initial set—Mistral 7B [69], Llama 2 7B [70], and Orca 2 7B [71]—was used to establish end-to-

end functionality and profile runtime behavior under fixed top-k retrieval in Phase I [17]. In Phase II [15], the 

same models were evaluated under systematic threshold variation (0.50–0.80) to characterize threshold 

sensitivity. 

3.2.1 Mistral 7B 

Mistral 7B (2023) targets efficient inference in the 7B parameter range [69], [72]. It employs grouped-

query attention (GQA) and sliding-window attention (SWA), which are relevant for RAG workflows where 
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retrieved passages increase prompt length, stress latency and memory. Reported benchmark results position 

Mistral 7B above Llama 2 7B on standard evaluations [73], including MMLU [74] and GSM8K [75]. Within the 

initial set, Mistral 7B serves as the efficiency-focused representative. 

3.2.2 Llama 2 7B 

Llama 2 7B (2023) is a widely used 7B-class model [70]. In the initial model set, Llama 2 7B is included 

as a baseline reference because it is well established and widely adopted, enabling retrieval-setting effects 

(top-k vs. threshold filtering) to be interpreted against a stable comparator under identical experimental 

conditions. Meta also released instruction-tuned variants [68], [70].  

3.2.3 Orca 2 7B 

Orca 2 7B (2023) is a fine-tuned derivative of Llama 2 designed to strengthen reasoning behavior 

through curated instruction tuning rather than architectural changes [71]. Reported improvements appear 

on reasoning benchmarks such as GSM8K and BIG-bench Hard [76]. Within the initial set, Orca 2 7B serves as 

the reasoning-focused representative. 

3.3 Updated Set 

The updated set—Granite 3.2 8B [77], DeepSeek R1 8B [78], Llama 3.1 8B [79], and Mistral 7B v0.3 [80]—was 

evaluated in Phase III (model-dependent threshold analysis) and Phase IV (cross-domain threshold analysis). 

Mistral was retained as an anchor model but updated to v0.3. 

3.3.1 Granite 3.2 8B 

Granite 3.2 8B (IBM, 2024) is an enterprise-oriented 8B instruct model designed for tasks such as 

question answering, summarization, extraction, coding and RAG [77]. In the updated model set, it is included 

as a representative oriented toward enterprise scenarios where more predictable behavior and deployment 

stability are typically expected. 

3.3.2 DeepSeek R1 8B 

DeepSeek R1 8B (2024) emphasizes reasoning-oriented training regimes and reports reinforcement 

learning components [81], and the released distilled variants transfer reasoning patterns from the larger 

DeepSeek R1 line into smaller open models [78]. Within the updated set, it serves as the reasoning-focused 

comparator at the 8B scale. 

3.3.3 Llama 3.1 8B 

Llama 3.1 8B (Meta, July 2024) is an instruction-tuned multilingual model from the Llama 3.1 family. 

Meta positions the 8B variant as a general-purpose assistant model and reports a 128k context length for the 

Llama 3.1 text-only models. [79]. Within the updated set, it functions as the general-purpose baseline at the 

8B scale [82]. 

3.3.4 Mistral 7B (Latest Edition v0.3) 

Mistral 7B v0.3 (2024) is distributed via Ollama under mistral:latest [63], reports an extended context 

window of 32,768 tokens and function calling support [80], and preserves the efficiency-oriented architecture 

described in Section 3.2.1. It is retained to maintain continuity across phases while capturing revisions within 

the Mistral family  [69], [72]. 

3.4 Evaluation Metrics 
Evaluating RAG requires multi-dimensional assessment because retrieval explicitly shapes generation. 

A multi-metric panel of twenty-four metrics was applied across lexical overlap, semantic alignment, 

fluency/predictability and answer quality, statistical association, and readability proxies. The selection follows 

the principle that diverse measures can yield more reliable aggregate assessment than any single metric [83]. 

Sixteen metrics were implemented in Phase I; eight additional metrics were added in Phase III. Table 3.2 

enumerates the complete 24-metric panel (categories, output columns, and implementation phase). 
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Table 3.2 Complete enumeration of the 24-evaluation metrics. 

Category Metric 
Output 
column 

Description Implementation 

Lexical overlap  

METEOR METEOR 
Token-level alignment with stemming and 

synonym matching; balances precision and recall 

Phase I 

ROUGE-1 Rouge-1.r Unigram overlap recall Phase I 

ROUGE-1 Rouge-1.p Unigram overlap precision Phase I 

ROUGE-1 Rouge-1.f Unigram overlap F1 Phase I 

ROUGE-2 Rouge-2.r Bigram overlap recall Phase I 

ROUGE-2 Rouge-2.p Bigram overlap precision Phase I 

ROUGE-2 Rouge-2.f Bigram overlap F1 Phase I 

ROUGE-L Rouge-l.r Longest common subsequence recall Phase I 

ROUGE-L Rouge-l.p Longest common subsequence precision Phase I 

ROUGE-L Rouge-l.f Longest common subsequence F1 Phase I 

BLEU BLEU n-gram precision with brevity penalty Phase I 

F1 Score F1 Score 
Token overlap F1; diagnostic for answer 

correctness 
Phase I 

Semantic 
similarity  

Cosine 
similarity 

Cosine 
similarity 

Embedding-space similarity between generated 
and reference texts 

Phase I 

BERTScore 
Bert-

Score.precision 
Contextual token similarity precision 

Phase III 

BERTScore 
Bert-

Score.recall 
Contextual token similarity recall 

Phase III 

BERTScore Bert-Score.f1 Contextual token similarity F1 Phase III 

Fluency/ 
Predictability  

Laplace 
perplexity 

Laplace 
Perplexity 

Surface-level predictability under a Laplace-
smoothed bigram n-gram language model 

Phase I 

Lidstone 
perplexity 

Lidstone 
Perplexity 

Surface-level predictability under a Lidstone-
smoothed trigram n-gram language model 

Phase I 

Statistical  
correlation 

Pearson 
correlation 

Pearson 
correlation 

Linear association between generated and 
reference representations 

Phase I 

Readability 
proxy  
(B-RT) 

B-RT 
Coherence 

B-
RT.coherence 

Topic focus and local organization 
Phase III 

B-RT 
Consistency 

B-
RT.consistency 

Self-consistency across claims 
Phase III 

B-RT 
Fluency 

B-RT.fluency Readability and grammatical flow 
Phase III 

B-RT 
Relevance 

B-RT.relevance Alignment to query framing 
Phase III 

B-RT 
Average 

B-RT.average Arithmetic mean of B-RT components 
Phase III 

Sections 3.4.1–3.4.5 provide full definitions, computation actions, and reporting formats for each 

metric. For brevity, formulas (3.1) - (3.24) are provided in the dissertation and are also presented in [17], [15] 

and [18]; the synopsis retains only the minimum descriptive context for Sections 3.4.1–3.4.4 and the defining 

formula block for B-RT in Section 3.4.5. 

3.4.1 Lexical Overlap Metrics 

Lexical overlap metrics compare system outputs to reference answers at the level of tokens and n-

grams. METEOR [84], ROUGE [85], and BLEU [86] provide complementary indicators of surface-form 

alignment. 

3.4.2 Semantic Similarity Metrics 

Semantic similarity metrics assess meaning alignment beyond surface overlap. Cosine similarity [87] 

and BERTScore [88] are used to compare generated answers and references through embedding-based 
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representations. 

3.4.3 Fluency, Predictive, and Answer Quality Metrics 

Fluency and predictability indicators are computed using classical n-gram perplexity measures (NLTK) 

as model-independent proxies; implications are discussed in Section 5.3.3. Token-level F1 is used as an 

answer-quality indicator derived from overlap between generated and reference content. 

3.4.4 Statistical Correlation Metrics 

Statistical association is assessed using Pearson correlation to characterize linear relationships 

between selected metric outputs. 

3.4.5 Human-Readability Inspired Metrics (B-RT) 

The B-RT suite implements a Nubia inspired regression-style proxy intended to approximate human 

readability judgments in RAG [89], [90]. Scores are treated as automated comparative signals rather than 

validated human judgments. The base similarity is defined as: 

𝑠 = cos(𝐸𝑐𝑙𝑠(𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒),   𝐸𝑐𝑙𝑠(𝐺)),      (3.25) 

and the aggregate index is: 

𝐵 − 𝑅𝑇. 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 =
𝐶𝑜ℎ𝑒𝑟𝑒𝑛𝑐𝑒+𝐶𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑐𝑦+𝐹𝑙𝑢𝑒𝑛𝑐𝑦+𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒

4
    (3.26) 

3.5 Composite Performance Scores 

Because individual metrics capture distinct aspects of quality, multi-metric aggregation is required for 

systematic comparison. Although PaSSER computes all 24 metrics, CPS aggregation uses a nine-metric subset 

to avoid double-weighting correlated variants. Metric families from Section 3.4 are regrouped into four 

evaluation constructs. Table 3.3 summarizes the mapping and aggregation logic. 

Table 3.3 Mapping of Section 3.4 Metric Families to CPS Evaluation Constructs 

Section 3.4. metric family (5 
groups) 

Primary purpose of the 
family 

Mapped CPS 
evaluation construct 

(4 constructs) 
Mapping rule / notes 

3.4.1 Lexical overlap 
(METEOR, ROUGE variants, 
BLEU) 

Measures surface-form 
overlap with the 

reference 
(token/phrase overlap) 

Lexical overlap 
Direct mapping. All lexical overlap measures 

belong here. 

3.4.2 Semantic similarity 
(Cosine Similarity, BERTScore 
variants) 

Measures meaning 
preservation beyond 

exact word overlap 

Semantic similarity 
and alignment 

Direct mapping. Embedding-based similarity 
measures form the core of this construct. 

3.4.3 Fluency, predictive, 
answer quality (Laplace 
Perplexity, Lidstone 
Perplexity, F1 Score) 

Captures linguistic 
predictability and 

answer correctness 

Split mapping: 
Language modeling 

(perplexities) and 
Fluency and answer 

correctness (F1) 

This family spans two constructs: perplexity-
based metrics map to Language modeling; 

F1 maps to Fluency and answer correctness. 

3.4.4 Statistical correlation 
(Pearson Correlation) 

Measures linear 
association between 

paired evaluation 
signals 

Semantic similarity 
and alignment 

Pearson Correlation is used as an alignment 
indicator and grouped under Semantic 

similarity and alignment rather than treated 
as a separate aggregation construct. 

3.4.5 Human-readability 
inspired metrics (B-RT suite) 
(B-RT.fluency, B-RT.relevance, 
B-RT.coherence, B-
RT.consistency, B-RT.average) 

Multi-aspect readability 
and quality signals not 

confined to one 
dimension 

Split mapping across 
constructs (by 

component) 

B-RT is a metric suite. Each component is 
mapped to the construct it operationalizes: 

relevance/average → Semantic similarity 
and alignment; fluency → Fluency and 

answer correctness; coherence/consistency 
→ fluency/coherence signals within the 

same construct. 

3.5.1 Composite Performance Score (CPS) Formulation 

CPS aggregates normalized metric values using a weighted sum, addressing three complications in 
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multi-metric comparison: metrics operate on different scales, have opposing polarities, and differ in 

diagnostic importance [15]. 

For a given query q evaluated under model m at similarity threshold t: 

𝐶𝑃𝑆𝑞 =  ∑ 𝑤𝑖
𝑛
𝑖=1 ×  [𝑑𝑖

(𝑚𝑖,𝑞− 𝑚𝑖𝑛𝑖)

(𝑚𝑎𝑥𝑖− 𝑚𝑖𝑛𝑖)
+  

(1− 𝑑𝑖)

2
]     (3.27) 

where 𝑚_(𝑖, 𝑞) is the raw metric value for metric i on query q, min_i and max_i are observed extremes across 

the evaluation set 𝑑_𝑖 ∈  {−1, +1} is the polarity indicator (𝑑_𝑖 =  +1 if higher is better, 𝑑_𝑖 =  −1 if lower 

is better), and w_i is the metric weight(𝛴𝑤_𝑖 =  1). 

 For positive-polarity metrics 𝑑_𝑖 =  +1: 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 =  
𝑚𝑖,𝑞− 𝑚𝑖𝑛𝑖

𝑚𝑎𝑥𝑖− 𝑚𝑖𝑛𝑖
      (3.28) 

 For negative-polarity metrics 𝑑_𝑖 =  −1, normalization is inverted: 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 =  
𝑚𝑎𝑥𝑖− 𝑚𝑖,𝑞

𝑚𝑎𝑥𝑖− 𝑚𝑖𝑛𝑖
      (3.29) 

This ensures all normalized values fall within [0, 1] and higher values consistently indicate better 

performance regardless of original polarity. 

Mean CPS for model m at similarity threshold t across Q queries: 

𝜇𝑚,𝑡 =  
1

𝑄
 ∑ 𝐶𝑃𝑆𝑞

(𝑚,𝑡)𝑄
𝑞=1       (3.30) 

3.5.2 Threshold-Aware Composite Performance Score (T-CPS) 

CPS captures mean performance but not consistency across queries. A configuration with high mean 

CPS but large variance may be less reliable than one with slightly lower mean but stable outputs. T-CPS 

incorporates a reward-penalty structure based on the coefficient of variation (CV) [91]. 

𝐶𝑉𝑚,𝑡 =  
𝜎𝑚,𝑡

𝜇𝑚,𝑡
       (3.31) 

Accordingly, the formulation rewards stable performance while penalizing higher variability: 

𝑇 − 𝐶𝑃𝑆 =  𝜇 × (1 +  𝛼 ×  (1 −  𝐶𝑉))  −  𝛽 ×  𝐶𝑉²    (3.32) 

The reward term (1 +  𝛼 ×  (1 −  𝐶𝑉)) increases scores for low-variability configurations. The 

penalty term 𝛽 ×  𝐶𝑉² applies quadratic reduction as CV increases. Parameters α = 0.1 and β = 0.05 enforce 

a 2:1 asymmetry: the consistency reward contributes up to approximately +10% when variability is low, while 

the penalty reduces scores by up to approximately −5% under the maximum observed CV. These values are 

not claimed as optimal; they represent starting points informed by CPS variation observed in preliminary runs. 

Sensitivity analysis across 25 parameter combinations (𝛼 ∈  {0.05, 0.10, 0.15, 0.20, 0.25}  ×  𝛽 ∈

 {0.025, 0.05, 0.075, 0.10, 0.15}) confirmed ranking stability: 29 of 31 configurations (93.5%) showed no rank 

change across all combinations. α explained 99.87% of T-CPS variance, confirming that the consistency reward 

is the primary driver while the variability penalty plays a secondary moderating role [18]. 

3.5.3 Statistical Significance Testing 

To determine whether observed differences between threshold configurations and baseline are 

statistically meaningful, paired two-tailed t-tests compare per-question CPS distributions between baseline 

and each threshold configuration (𝛼 =  0.05). Pairing is defined at the question level: the same question is 

evaluated under both conditions, controlling for query-specific variation. Significance is reported using 

conventional notation: * for p < 0.05, ** for p < 0.01, *** for p < 0.001. 

Effect size is assessed using Cohen's d for paired samples: 

𝑑 =  
𝑀𝑑𝑖𝑓𝑓

𝑆𝐷𝑑𝑖𝑓𝑓
      (3.33) 

where M_diff is the mean of per-question CPS differences (threshold minus baseline) and SD_diff is 

the standard deviation of those differences. Effect sizes follow standard conventions [92]: negligible (d < 0.2), 

small (0.2 ≤ d < 0.5), medium (0.5 ≤ d < 0.8), or large (d ≥ 0.8). 

Reported p-values are uncorrected. Each phase includes 40 paired comparisons (4 models × 10 

thresholds); at 𝛼 =  0.05, approximately 2 significant results per phase would be expected by chance under 
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the null hypothesis. Significance is therefore interpreted at the pattern level — consistency across thresholds 

within models, coherence across phases, and alignment with effect sizes — rather than as definitive evidence 

from any single comparison (see Section 5.3.3). 

3.5.4 Balance Score (Stability–Performance Ratio) 

While T-CPS incorporates stability directly into the composite score, deployment decisions often 

require an explicit criterion expressing the trade-off between improvement magnitude and output variability. 

Balance Score quantifies how much stability-adjusted improvement is obtained per unit of variability [18]: 

𝐵𝑎𝑙𝑎𝑛𝑐𝑒 𝑆𝑐𝑜𝑟𝑒𝑚,𝑡 =  
(𝑇−𝐶𝑃𝑆i𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 %𝑚,𝑡/100)

𝐶𝑉𝑚,𝑡
    (3.34) 

 Higher Balance Scores indicate configurations providing larger stability-adjusted gains per unit of 

variability. Configurations with large improvements but high variability produce lower Balance Scores than 

configurations with moderate improvement and low variability, reflecting a preference for predictable 

behavior when selecting retrieval parameters for deployment. 

3.6 Chapter Summary 

Chapter 3 defined the model set and evaluation metrics used in Chapter 4. Seven open-weight models 

spanning the 7B–8B range were selected under constraints of open availability and feasibility of local 

inference on mid-range hardware [65], [66]. Evaluation employed a 24-metric panel across lexical overlap, 

semantic similarity, fluency/predictability and answer quality, statistical correlation, and readability proxies. 

Multi-metric aggregation was defined through CPS (3.27)–(3.30), extended with stability-aware T-CPS (3.31)–

(3.32) and Balance Score (3.34), with statistical evaluation procedures and effect size reporting (3.33) 

supporting comparative interpretation. These components support Deficiency 1 through threshold-aware 

composite scoring and Deficiency 3 through reproducible model selection criteria and evaluation procedures 

applied in Chapter 4. 

CHAPTER 4:  EXPERIMENTAL EVALUATION AND RESULTS 
4.1 Phase I: System Testing and Runtime Profiling 

Phase I validates end-to-end platform functionality and profiles baseline behavior by executing the 
complete RAG pipeline for three 7B-parameter models (Mistral 7B, Llama 2 7B, Orca 2 7B) across two 
hardware environments [17]. Retrieval operated in Normal Mode (fixed top-k, K = 100) with generation 
temperature 0.2. This phase supports verification of the infrastructure component (b) of Obj.1; threshold-
aware evaluation begins in Phase II. 
4.1.1 Experimental Design  

The agricultural corpus was constructed from Regulation (EU) 2018/848 on organic production [93] 
and the FAO Climate-Smart Agriculture Sourcebook [94]. Documents were preprocessed, segmented using 
the parameters in Section 2.2.2 (1024 characters, overlap 50), embedded using Mistral 7B, and stored in 
ChromaDB. The evaluation dataset comprises 446 question–answer pairs; questions were generated by 
prompting Mistral 7B, introducing a fairness consideration acknowledged in Section 5.3.2 and mitigated in 
Phase IV through use of Claude Opus. Two hardware environments were used: Apple Mac Mini M1 (macOS, 
16 GB RAM, GPU-accelerated) and Intel Xeon Ubuntu Server (128 GB RAM, CPU-only). Two test procedures 
were executed: a RAG Q&A Score Test (16 metrics) and a Timing Performance Test. Outputs were logged on-
chain via smart contract actions (Section 2.2.3). 
4.1.2–4.1.3 Timing and Quality Results.  

The Mac M1 environment achieved approximately 2.2 times higher throughput than the CPU-only 
Ubuntu configuration (Table 4.1 of the dissertation), while quality metric values remained comparable across 
the two environments. The small difference in load duration indicates that the main performance advantage 
is related to inference speed rather than model initialization. Under a fixed retrieval configuration, Mistral 7B 
showed the strongest overall results on most lexical and semantic alignment metrics, Orca 2 7B achieved the 
highest ROUGE precision values, and Llama 2 7B reported the lowest perplexity. These results indicate that 
the relative ranking of the models depends on the metric family considered. The Phase I results are descriptive 
and establish the baseline for the later threshold-sensitive analyses. 
4.1.4–4.1.5 Analysis and System Verification  
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End-to-end system verification confirmed the correct operation of the full workflow - from data 
ingestion and retrieval, through the generation of 1,338 answers and the computation of 16 metrics, to 
spreadsheet export and blockchain logging. The comparison across the two environments supports the 
interpretation that quality outcomes depend primarily on the model and retrieval configuration rather than 
on the computing environment. 
4.1.6 Phase I Summary 

Phase I establishes PaSSER as a functional and reproducible evaluation environment. With system 
correctness established, Phase II introduces similarity threshold filtering. 

4.2 Phase II: Similarity Threshold and CPS 
Phase II served as a pilot study to examine how similarity threshold influences generation quality 

under a constrained Score Mode configuration and to evaluate CPS aggregation before the broader analyses 

in Phases III-IV [15]. The experiments used three 7B-parameter LLMs - Mistral 7B, Llama 2 7B, and Orca 2 7B 

- with K = 100, K-Inc = 2, and temperature fixed at 0.2. The similarity threshold was varied from 0.50 to 0.80 

in steps of 0.05, producing 2,121 evaluations (3 models × 7 thresholds × 101 questions) on an Apple Mac mini 

M1. This range was selected to capture the transition from more permissive to more selective retrieval while 

avoiding the sparsity conditions examined later in Phases III-IV. Phase II addresses RQ1 within a pilot setting, 

applying components (a) and (c) of Obj. 1 and contributing to Obj.4. 

4.2.1 Experimental Design 

Phase II used a subset of 101 question-answer pairs from the Phase I dataset, while preserving the 

same chunking, embedding, and vector store settings. The main design change was the introduction of Score 

Mode retrieval, which enabled threshold-based filtering of retrieved passages. Per-question exports were 

retained only for thresholds 0.50-0.80, and all Phase II analyses were therefore restricted to this interval. 

4.2.2 CPS Weighting Scheme 

CPS was applied as a weighted aggregation of nine evaluation metrics covering four construct 

families: lexical overlap (METEOR, BLEU, ROUGE-1 F, ROUGE-L F), semantic similarity and alignment (Cosine 

Similarity, Pearson Correlation), fluency and correctness (F1 Score), and language modeling (Laplace 

Perplexity, Lidstone Perplexity). Perplexity metrics are negative-polarity and inverted after normalization 

(Section 3.5.1). Table 4.3 specifies the metric panel and weights. 

Table 4.3 CPS Metric Panel and Weighting Scheme (Phase II). Reproduced from [15]. 

Metric Weight Rationale 

METEOR 0.15 Overall assessment of text quality 

ROUGE-1 F-score 0.075 Different levels of text similarity overlap 

ROUGE-L F-score 0.075 Different levels of text similarity overlap 

BLEU 0.15 Overall assessment of text quality 

Laplace Perplexity 0.075 Predicts performance and accuracy (lower is better) 

Lidstone Perplexity 0.075 Predicts performance and accuracy (lower is better) 

Cosine Similarity 0.10 Measures relevance and retrieval correlation 

Pearson Correlation 0.10 Measures relevance and retrieval correlation 

F1 Score 0.20 Most comprehensive and impactful metric 

TOTAL 1.00  

4.2.3 Results 

Phase II results are reported descriptively, without formal statistical significance testing because this 

phase serves as a pilot study. Within the retained threshold range, the highest CPS was observed at 0.55 for 

Mistral 7B and Llama 2 7B, and at 0.65 for Orca 2 7B. Across the sweep, Orca 2 7B showed the most stable 

CPS profile, whereas Mistral 7B and Llama 2 7B displayed greater threshold sensitivity, including model-

specific declines at intermediate values. Figure 4.1 illustrates these CPS trends across thresholds for all three 

models. 
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Figure 4.1 CPS values for the three models across similarity threshold values 0.50–0.80 (Phase II pilot, Score Mode). 

Adapted from [15]. 

4.2.4–4.2.5 Analysis and Summary  

The Phase II pilot indicates that the threshold associated with the highest CPS is model-dependent 

within the tested configuration. A lower or moderate threshold may remain effective for models that tolerate 

weakly related context more successfully, whereas models more sensitive to retrieval noise may benefit from 

stricter filtering. These interpretations are explanatory rather than causal, since Phase II does not isolate the 

mechanisms linking model characteristics to threshold behavior. The findings are also bounded by the pilot 

conditions: a single domain, a 101-question subset, fixed preprocessing settings, and retained artifacts only 

for thresholds 0.50-0.80. Even with these limits, Phase II provides initial evidence for RQ1 and establishes the 

basis for the broader threshold analyses in Phases III-IV. 

4.3 Phase III: Model-Dependent Similarity Thresholds 
Phase III investigates how open-source LLM performance changes as similarity threshold varies in a 

RAG pipeline, with emphasis on model-dependent sensitivity under progressively more selective retrieval. 

The model set was revised from Phase II: Mistral 7B was retained for continuity in version 0.3, while Llama 2 

7B and Orca 2 7B were replaced by three 8B-class models - DeepSeek R1 8B, Llama 3.1 8B, and Granite 3.2 

8B. Similarity thresholds from 0.50 to 0.95 were evaluated in steps of 0.05. Generation quality was aggregated 

using CPS and T-CPS, with the full 24-metric set computed for each run. Baseline refers to Normal Mode (top-

k retrieval without thresholding), while thresholded runs used Score Mode. Phase III addresses RQ1 and RQ2, 

applying components (a) and (c) of Obj.1 and contributing to Obj. 4. 

4.3.1 Experimental Design 

A subset of 369 question-answer pairs from the Phase I dataset was used, while chunking, 

embedding, and vector store settings were kept unchanged. Experiments were executed across three 

hardware environments - M1 Mac Mini, M2 Mac Mini, and a CPU-only server. Context buffer sizes differed by 

model (2,048-10,000 tokens) because of memory constraints; the implications are discussed in Section 5.3.2. 

To limit hardware-related confounding, statistical comparisons were conducted within each model against its 

own baseline. In total, 16,236 evaluations were executed (4 models × 11 configurations × 369 question-

answer pairs). 

4.3.2 CPS Weighting Scheme 

Phase III applies CPS and T-CPS using an updated metric panel with broader semantic and fluency 

coverage: 30% lexical overlap (METEOR, ROUGE), 25% semantic similarity (BERTScore.f1, B-RT.average), 25% 
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fluency and accuracy (F1 Score, B-RT.fluency), and 20% language modeling (Laplace/Lidstone Perplexity). 

Table 4.6 summarizes the transition from the Phase II panel to the expanded formulation used in Phases III-

IV. 
Table 4.6 Evolution of CPS Metric Panel Across Experimental Phases. 

Category Metric Phase 
II 

Phase 
III-IV 

Change Rationale 

Lexical 
Overlap 

METEOR 0.150 0.150 — Core text quality metric retained 

BLEU 0.150 — Removed Redundant with METEOR; brevity 
penalty less relevant for QA 

ROUGE-1.f 0.075 — Replaced Unigram overlap less informative than 
bigram 

ROUGE-2.f — 0.075 Added Bigram overlap captures phrase-level 
similarity 

ROUGE-L.f 0.075 0.075 — Longest common subsequence retained 

Subtotal 0.450 0.300 −0.150 
 

Semantic 
Similarity 

Cosine Similarity 0.100 — Removed Replaced by contextual embeddings 

Pearson 
Correlation 

0.100 — Removed Statistical measure less interpretable 

BERTScore.f1 — 0.125 Added Contextual token similarity 

B-RT.average — 0.125 Added Multi-dimensional readability proxy 

Subtotal 0.200 0.250 +0.050 
 

Fluency & 
Accuracy 

F1 Score 0.200 0.150 −0.050 Weight redistributed to semantic 
metrics 

B-RT.fluency — 0.100 Added Explicit fluency assessment 

Subtotal 0.200 0.250 +0.050 
 

Language 
Modeling 

Laplace 
Perplexity* 

0.075 0.100 +0.025 Increased emphasis on text 
predictability 

Lidstone 
Perplexity* 

0.075 0.100 +0.025 Increased emphasis on text 
predictability 

Subtotal 0.150 0.200 +0.050 
 

TOTAL 
 

1.000 1.000 
  

4.3.3 CPS Performance Overview  

Table 4.7 summarizes the highest CPS improvement achieved by each model. The best-performing 

threshold was model-dependent: Mistral 7B v0.3 showed the largest gain (+4.58% at 0.95), followed by Llama 

3.1 8B (+1.58% at 0.90), Granite 3.2 8B (+1.25% at 0.95), and DeepSeek R1 8B (+1.01% at 0.90). 

Table 4.7 Top CPS Improvement Configurations by Model (Top 3 Agriculture).  

Model Rank Threshold Mean CPS 
Improvement 

% 

Mistral 7B v0.3 

1 0.95 0.5454 4.58 

2 0.9 0.5338 2.37 

3 0.7 0.5325 2.11 

Granite 3.2 8B 

1 0.95 0.5182 1.25 

2 0.7 0.5179 1.2 

3 0.8 0.5178 1.17 

Llama 3.1 8B 

1 0.9 0.508 1.58 

2 0.7 0.5065 1.33 

3 0.55 0.5052 1.01 

DeepSeek R1 8B 

1 0.9 0.4559 1.01 

2 0.95 0.455 0.8 

3 0.65 0.4548 0.77 
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4.3.4 T-CPS Performance and Stability 

Table 4.8 presents the highest T-CPS configurations per model. For Mistral 7B v0.3, Granite 3.2 8B, 

and Llama 3.1 8B, the best T-CPS thresholds remain close to the CPS optima, indicating broad agreement 

between mean performance and stability-aware ranking. DeepSeek R1 8B differs from this pattern: its highest 

T-CPS occurs at 0.65 (+0.79%), rather than at its CPS-optimal threshold of 0.90, indicating a trade-off between 

performance gain and variability. This shift is consistent with its lower coefficient of variation (CV = 0.085-

0.108) compared with the other models (CV = 0.122-0.148). Figure 4.2 compares threshold-wise CPS and T-

CPS improvements for all models. 

Table 4.8 Top T-CPS Improvement Configurations by Model (Top 3 Agriculture). 

Model Rank Threshold T-CPS T-CPS Impr. % CV Interpretation 

Mistral 7B v0.3 

1 0.95 0.5916 4.54 0.134 Large improvement 

2 0.9 0.5793 2.36 0.131 Moderate improvement 

3 0.7 0.5783 2.17 0.128 Moderate improvement 

Granite 3.2 8B 

1 0.95 0.5628 1.25 0.124 Small improvement 

2 0.8 0.5625 1.2 0.122 Small improvement 

3 0.7 0.5622 1.15 0.129 Small improvement 

Llama 3.1 8B 

1 0.9 0.5501 1.48 0.148 Small improvement 

2 0.7 0.549 1.26 0.142 Small improvement 

3 0.55 0.5484 1.16 0.129 Small improvement 

DeepSeek R1 8B 

1 0.65 0.4961 0.79 0.085 Small improvement 

2 0.9 0.496 0.78 0.108 Small improvement 

3 0.95 0.4958 0.74 0.093 Small improvement 

 

 

Figure 4.2 Phase III (Agriculture, N = 369): Threshold-wise CPS and T-CPS improvements per model. CPS bars indicate percent 
improvement relative to baseline and are colored by significance at p < 0.05 (uncorrected). T-CPS bars (gray) indicate stability-aware 

improvement.  

4.3.5 Correlation Analysis 

Correlation analysis was used to examine metric redundancy and to determine whether T-CPS 

contributes information beyond mean CPS. Figure 4.3 presents the Spearman correlation matrix for the Phase 

III component metrics, pooled across models and thresholds 0.50-0.95 plus baseline using per-question 

results.  
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Figure 4.3 Phase III component metric correlation matrix (Spearman), pooled across models and thresholds 0.50–0.95 plus baseline 

using per-question results. 

Table 4.9 shows that T-CPS is almost perfectly associated with CPS (ρ ≈ 0.999), while also maintaining 

a weaker positive relationship with CV (ρ ≈ 0.392). This indicates that T-CPS remains primarily driven by mean 

performance, while still reflecting stability as a secondary preference. 

Table 4.9 Phase III associations between stability-aware scoring T-CPS, mean CPS, and variability CV (Spearman; N = 44 model and 
threshold configurations). 

Relationship Spearman ρ 

ρ(T-CPS, CPS) 0.999 

ρ(T-CPS, CV) 0.392 

4.3.6 Balance Score 

Balance Score ranks configurations by stability-adjusted improvement per unit of variability (Balance 

Score = (T-CPS improvement % / 100) / CV; Section 3.5.4). Table 4.10 reports the top 10 statistically significant 

positive configurations. Mistral 7B v0.3 dominates this ranking because of its larger T-CPS gains combined 

with moderate variability, whereas DeepSeek R1 8B remains competitive through smaller improvements 

paired with lower CV.  

Table 4.10 Balance Score ranking (top 10 statistically significant positive configurations). 

Rank Model Threshold T-CPS Impr. % CV 
Balance 

Score 
Sig. 

1 Mistral 7B v0.3 0.95 +4.54 0.134 0.339 *** 

2 Mistral 7B v0.3 0.9 +2.36 0.131 0.18 ** 

3 Mistral 7B v0.3 0.7 +2.17 0.128 0.17 * 

4 Mistral 7B v0.3 0.75 +2.06 0.128 0.161 * 

5 Mistral 7B v0.3 0.6 +1.92 0.135 0.142 * 

6 Mistral 7B v0.3 0.55 +1.77 0.132 0.134 * 

7 Granite 3.2 8B 0.95 +1.25 0.124 0.101 ** 

8 Llama 3.1 8B 0.9 +1.48 0.148 0.1 * 

9 Granite 3.2 8B 0.8 +1.2 0.122 0.098 ** 

10 DeepSeek R1 8B 0.65 +0.79 0.085 0.093 ** 
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Table 4.11 summarizes the agreement among the thresholds selected by CPS, T-CPS, and Balance 

Score: full alignment is observed for Mistral 7B v0.3, Granite 3.2 8B, and Llama 3.1 8B, while DeepSeek R1 8B 

again shows divergence, with CPS favoring 0.90 and the stability-aware criteria favoring 0.65. 

Table 4.11 Threshold Alignment Across Selection Criteria by Model. 

Model 
Best CPS 

Threshold 
Best T-CPS 
Threshold 

Best Balance 
Score 

Threshold 
Alignment 

Mistral 7B v0.3 0.95 0.95 0.95 Perfect 

Granite 3.2 8B 0.95 0.95 0.95 Perfect 

Llama 3.1 8B 0.9 0.9 0.9 Perfect 

DeepSeek R1 8B 0.9 0.65 0.65 Divergent 

 Figure 4.4 visualizes the agreement between CPS and T-CPS across thresholds for each model. 

 

Figure 4.4 Phase III (Agriculture, N = 369): CPS–T-CPS Agreement Across Thresholds per Model (Diagonal = Perfect Agreement). 

4.3.7 Statistical Significance  

Two-tailed paired t-tests compared per-question CPS at each threshold against baseline without 

multiple-comparison correction. Significant positive improvements were most frequent for Granite 3.2 8B (7 

of 10 thresholds) and Mistral 7B v0.3 (6 of 10), indicating broader effective threshold ranges under the tested 

configuration. DeepSeek R1 8B showed significant improvement at two thresholds, while Llama 3.1 8B 

showed one significant improvement together with two significant decreases. Table 4.12 summarizes the 

significance distribution, and Figure 4.5 presents the per-threshold heatmap. 

Table 4.12 Significance Distribution by Model (Agriculture Domain). 

Model 
Significant 

Positive 
Significant 
Negative 

Not 
Significant 

Mistral 7B v0.3 6 0 4 

Granite 3.2 8B 7 0 3 

Llama 3.1 8B 1 2 7 

DeepSeek R1 8B 2 0 8 
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Figure 4.5 Statistical significance heatmap of CPS differences from baseline across similarity thresholds (Phase III).  

4.3.8 Model-Specific Similarity Threshold Sensitivity Patterns 

The Phase III results indicate distinct threshold-response profiles across models. Mistral 7B v0.3 

shows the strongest overall pattern, with significant improvements from 0.55 to 0.95 and its highest 

performance at 0.95. Granite 3.2 8B also maintains a broad effective range, from 0.65 to 0.95, combined with 

relatively stable variability. In contrast, Llama 3.1 8B exhibits a narrower effective range and greater sensitivity 

to threshold selection. DeepSeek R1 8B shows more limited improvements and a divergence between the 

thresholds favored by mean performance and by stability-aware criteria. 

4.3.9 Phase III Summary 

Table 4.13 summarizes the best-performing configurations for each model together with their 

significance markers. The results show that similarity-threshold effects are model-dependent: Mistral 7B v0.3 

and Granite 3.2 8B perform best at 0.95, Llama 3.1 8B at 0.90, and DeepSeek R1 8B shows different optima 

depending on whether performance alone or stability-aware criteria are emphasized. These findings provide 

evidence for RQ1 and RQ2 within the agricultural domain, while their generalizability beyond the tested 

configuration is examined in Phase IV. 

Table 4.13 Best-Performing Configurations Summary (Agriculture Domain).  

Model 
Peak 

Threshold 
CPS Impr. % T-CPS Impr. % CV 

Balance 
Score 

Sig. 

Mistral 7B v0.3 0.95 4.58 4.54 0.134 0.339 *** 

Granite 3.2 8B 0.95 1.25 1.25 0.124 0.101 ** 

Llama 3.1 8B 0.9 1.58 1.48 0.148 0.1 * 

DeepSeek R1 
8B 

0.65 / 0.90 0.77 / 1.01 0.79 / 0.78 0.085 / 0.108 0.093 / 0.072 ** / * 

* DeepSeek R1 8B shows divergent optima: similarity threshold 0.65 prioritizes stability-aware selection (T-CPS and Balance Score), 
while similarity threshold 0.90 prioritizes mean performance (CPS). 

4.4 Phase IV: Cross-Domain Evaluation (Biodiversity) 
Phase IV extends the Phase III similarity-threshold analysis to a biodiversity domain in order to 

examine cross-domain generalization. The model set, threshold sweep (0.50-0.95, step 0.05), retrieval 

definitions, prompt format, chunking settings, embedding model, temperature (0.2), and evaluation 

framework remained unchanged. The main changes were the knowledge corpus, the biodiversity test set (N 
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= 426 question-answer pairs), and the use of a single execution environment (M1 Mac Mini). The full 24-

metric set was computed for each run. The aim was to determine whether threshold effects and model-

dependent sensitivity patterns persist when corpus characteristics differ, including vocabulary and 

embedding similarity distributions. Phase IV addresses RQ1, RQ2, and RQ3 by repeating the Phase III 

procedure in a second domain and comparing the resulting threshold-response patterns. 

4.4.1 Experimental Design 

All experiments were executed on a single M1 Mac Mini using a fixed 16,000-token context buffer 

across models and thresholds. This standardization removes context-buffer variation as a confounding factor 

and strengthens the interpretation of observed differences as domain-related rather than hardware-related. 

The biodiversity corpus comprised 426 question-answer pairs derived from authoritative sources, including 

the Convention on Biological Diversity [95] and the EU Biodiversity Strategy [96]. Reference answers were 

extracted from the source documents, and questions were generated with Claude Opus using the same 

general procedure as in Phase I. In total, 18,744 evaluations were conducted (4 models × 11 configurations × 

426 question-answer pairs). 

4.4.2 CPS Weighting Scheme 

The same 9-metric weighting scheme used in Phase III (Table 4.6) was retained without modification. 

The weights preserve the four-construct evaluation framework: lexical overlap (30%), semantic similarity 

(25%), fluency and accuracy (25%), and language modeling (20%). T-CPS was again computed with α = 0.1 and 

β = 0.05. 

4.4.3 CPS Performance Overview 

CPS performance across thresholds 0.50-0.95 was evaluated for all four models in the biodiversity 

domain. Table 4.14 reports the top three CPS improvement configurations for each model. Compared with 

the agriculture domain, the biodiversity results show larger CPS gains and lower peak thresholds across all 

models. The highest CPS improvements were observed for Mistral 7B v0.3 at 0.80 (+13.32%), DeepSeek R1 

8B at 0.55 (+8.45%), Granite 3.2 8B at 0.80 (+6.95%), and Llama 3.1 8B at 0.85 (+2.06%). 

Table 4.14 Top CPS Improvement Configurations by Model (Top 3 Biodiversity) 

Model Rank Threshold Mean CPS 
Improvement 

% 

Mistral 7B v0.3 

1 0.8 0.4911 13.32 

2 0.65 0.4764 9.94 

3 0.7 0.4747 9.53 

Granite 3.2 8B 

1 0.8 0.4473 6.95 

2 0.95 0.4422 5.73 

3 0.55 0.4413 5.51 

Llama 3.1 8B 

1 0.85 0.4713 2.06 

2 0.7 0.4606 −0.25 

3 0.8 0.4567 −1.11 

DeepSeek R1 
8B 

1 0.55 0.5094 8.45 

2 0.6 0.4906 4.45 

3 0.7 0.4775 1.66 

4.4.4 T-CPS Performance and Stability 

Table 4.15 summarizes the top T-CPS configurations for each model, incorporating variability through 

the coefficient of variation (CV). The stability-aware rankings remain model-dependent but largely coincide 

with the CPS results: Mistral 7B v0.3 and Granite 3.2 8B peak at 0.80, Llama 3.1 8B at 0.85, and DeepSeek R1 

8B at 0.55. Among the top configurations, DeepSeek R1 8B shows the lowest variability (CV = 0.129-0.158), 

whereas the other models remain in a higher range (CV = 0.233-0.254), indicating more stable output quality 

across queries. This pattern is also visible in Figure 4.6, which compares threshold-wise CPS and T-CPS 
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improvements per model and highlights where stability adjustment changes the ranking relative to raw CPS 

improvement. 

Table 4.15 Top T-CPS Improvement Configurations by Model (Top 3 Biodiversity) 

Model Rank Threshold T-CPS 
T-CPS 

Impr. % 
CV Interpretation 

Mistral 7B 
v0.3 

1 0.8 0.5254 14.23 0.242 Large improvement 

2 0.65 0.5102 10.93 0.233 Large improvement 

3 0.7 0.5078 10.41 0.24 Large improvement 

Granite 3.2 
8B 

1 0.8 0.4785 7.25 0.239 Moderate improvement 

2 0.55 0.4723 5.87 0.235 Moderate improvement 

3 0.95 0.472 5.8 0.254 Moderate improvement 

Llama 3.1 
8B 

1 0.85 0.5042 2.29 0.24 Small improvement 

2 0.7 0.4928 −0.03 0.24 Minimal change 

3 0.8 0.4884 −0.92 0.241 Minimal change 

DeepSeek 
R1 8B 

1 0.55 0.5529 8.75 0.129 Large improvement 

2 0.6 0.5306 4.38 0.158 Moderate improvement 

3 0.7 0.5165 1.59 0.157 Small improvement 

 

 
Figure 4.6 Phase IV (Biodiversity, N = 426): Threshold-wise CPS and T-CPS improvements per model. CPS bars indicate percent 

improvement relative to baseline and are colored by significance at p < 0.05 (uncorrected). T-CPS bars (gray) indicate stability-aware 
improvement.  

4.4.5 Correlation Analysis 

Correlation analysis was used to assess metric redundancy and to determine whether T-CPS 

contributes information beyond mean CPS. Figure 4.7 presents the Spearman correlation matrix for the Phase 

IV component metrics pooled across thresholds 0.50-0.95 plus baseline. Table 4.16 shows that T-CPS remains 

strongly associated with CPS (ρ ≈ 0.992), while also showing a substantial inverse association with CV (ρ ≈ -

0.724). This indicates that, in Phase IV, T-CPS preserves mean-performance ranking while also expressing a 

stronger stability signal than in Phase III. The correlation structure additionally suggests tighter clustering 

among lexical overlap metrics and a domain-dependent shift in perplexity relationships, indicating that metric 

interdependencies are sensitive to corpus characteristics. 
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Figure 4.7 Phase IV component metric correlation matrix (Spearman), pooled across models and similarity thresholds 0.50–0.95 plus 

baseline using per-question results. 

Table 4.16 Phase IV associations between stability-aware scoring T-CPS, mean CPS, and variability CV (Spearman; N = 44 model and 
threshold configurations). 

Relationship Spearman ρ 

ρ(T-CPS, CPS) 0.992 

ρ(T-CPS, CV) -0.724 

4.4.6 Balance Score 

Balance Score ranks configurations by stability-adjusted improvement magnitude (Balance Score = (T-

CPS improvement % / 100) / CV; Section 3.5.4). Table 4.17 reports the top 10 statistically significant positive 

configurations. DeepSeek R1 8B at threshold 0.55 achieves the highest Balance Score because it combines 

strong improvement with the lowest variability, while Mistral 7B v0.3 occupies several top positions through 

consistently large gains across thresholds.  

Table 4.17 Balance Score Ranking (top 10 statistically significant positive configurations) 

Rank Model Threshold 
T-CPS Impr. 

% 
CV 

Balance 
Score 

Sig. 

1 DeepSeek R1 8B 0.55 +8.75 0.129 0.678 *** 

2 Mistral 7B v0.3 0.8 +14.23 0.242 0.588 *** 

3 Mistral 7B v0.3 0.65 +10.93 0.233 0.469 *** 

4 Mistral 7B v0.3 0.7 +10.41 0.24 0.434 *** 

5 Mistral 7B v0.3 0.9 +8.49 0.236 0.36 *** 

6 Mistral 7B v0.3 0.75 +7.74 0.228 0.34 *** 

7 Mistral 7B v0.3 0.85 +7.17 0.217 0.33 *** 

8 Granite 3.2 8B 0.8 +7.25 0.239 0.303 *** 

9 DeepSeek R1 8B 0.6 +4.38 0.158 0.277 *** 

10 Mistral 7B v0.3 0.5 +6.8 0.26 0.262 *** 
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Table 4.18 shows full agreement among CPS, T-CPS, and Balance Score for all four models in the 

biodiversity domain, making threshold selection more straightforward than in Phase III.  

Table 4.18 Threshold Alignment Across Selection Criteria by Model 

 
Model 

Best CPS 
Threshold 

Best T-CPS 
Threshold 

Best Balance 
Score 

Threshold 
Alignment 

Mistral 7B v0.3 0.8 0.8 0.8 Perfect 

Granite 3.2 8B 0.8 0.8 0.8 Perfect 

Llama 3.1 8B 0.85 0.85 0.85 Perfect 

DeepSeek R1 8B 0.55 0.55 0.55 Perfect 

Figure 4.8 plots CPS improvement against T-CPS improvement for each threshold per model. Points 

on the diagonal indicate that stability adjustment does not change the result, while deviations from the 

diagonal show where variability shifts T-CPS relative to mean CPS. 

 
Figure 4.8 Phase IV (Biodiversity, N = 426): CPS–T-CPS Agreement Across Thresholds per Model (Diagonal = Perfect Agreement). 

4.4.7 Statistical Significance 

Two-tailed paired t-tests compared per-question CPS values at each similarity threshold against 

baseline without multiple-comparison correction. Table 4.19 summarizes the significance distribution by 

model, and Figure 4.9 presents the corresponding heatmap. Mistral 7B v0.3 shows significant positive 

improvements at 9 of 10 thresholds, indicating the broadest effective range in this domain. Granite 3.2 8B 

shows significant improvement at 3 thresholds, DeepSeek R1 8B at 2 thresholds together with 2 significant 

negative effects at stricter settings, and Llama 3.1 8B shows only 1 significant positive result alongside 

multiple significant decreases. 
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Table 4.19 Significance Distribution by Model (Biodiversity Domain) 

Model 
Significant 

Positive 

Significant 

Negative 
Not Significant 

DeepSeek R1 8B 2 2 6 

Granite 3.2 8B 3 0 7 

Llama 3.1 8B 1 5 4 

Mistral 7B v0.3 9 0 1 

 

 
Figure 4.9 Statistical significance heatmap of CPS differences from baseline across similarity thresholds (Phase IV). 

4.4.8 Model-Specific Similarity Threshold Sensitivity Patterns 

Model-dependent sensitivity profiles remain visible under domain shift, although the effective 

threshold ranges and improvement magnitudes change. In the biodiversity domain, Mistral 7B v0.3 shows 

the broadest positive response, with peak performance at 0.80 (+13.32% CPS; +14.23% T-CPS) and 

improvements across most of the tested thresholds. Granite 3.2 8B shows a more moderate response, with 

significant gains at a smaller set of thresholds and its highest performance also at 0.80 (+6.95% CPS; +7.25% 

T-CPS). Llama 3.1 8B remains highly sensitive to threshold selection, with only one significant positive 

threshold at 0.85 and several thresholds associated with significant degradation. DeepSeek R1 8B shows an 

effective range concentrated at lower thresholds, especially 0.55-0.60, with strong gains at 0.55 but negative 

effects under stricter filtering. Owing to its lower variability, it also achieves the highest Balance Score in this 

phase. 

4.4.9 Cross-Domain Comparison 

Comparison between Phase IV and Phase III shows domain-dependent shifts in peak-performing 

thresholds and improvement magnitudes. Across all four models, the CPS-optimal thresholds are lower in the 

biodiversity domain than in agriculture: Mistral 7B v0.3 and Granite 3.2 8B shift from 0.95 to 0.80, Llama 3.1 

8B from 0.90 to 0.85, and DeepSeek R1 8B from 0.90 to 0.55. Improvement magnitudes also increase in 

biodiversity, indicating stronger threshold sensitivity in that corpus. Threshold selection becomes more 

consistent as well: all four models show full agreement across CPS, T-CPS, and Balance Score, whereas in 
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agriculture DeepSeek R1 8B required a trade-off between mean performance and stability-aware ranking. 

Taken together, these results show that best-performing similarity thresholds are domain-dependent and 

should be calibrated for the target corpus rather than transferred unchanged across domains. 

Table 4.20 Cross-Domain Comparison: Agriculture (Phase III) vs. Biodiversity (Phase IV). 

Model Agriculture 
Most Favorable 

Threshold 

Agriculture 
CPS 

improvement % 

Bio Most 
Favorable 
Threshold 

Bio CPS 
improvement % 

Shift 

Mistral 7B v0.3 0.95 +4.58% 0.80 +13.32% -0.15 

Granite 3.2 8B 0.95 +1.25% 0.80 +6.95% -0.15 

Llama 3.1 8B 0.90 +1.58% 0.85 +2.06% -0.05 

DeepSeek R1 8B 0.90 +1.01% 0.55 +8.45% -0.35 
* Agriculture and biodiversity thresholds reflect CPS peaks. For DeepSeek R1 8B, the stability-aware optimum (T-CPS/Balance Score) 

in agriculture is 0.65; see Table 4.13. 

4.4.10 Phase IV Summary 

Phase IV evaluated similarity-threshold sensitivity across four open-source language models using 

426 question-answer pairs from the biodiversity domain under standardized hardware conditions. The best-

performing configurations are summarized in Table 4.21: Mistral 7B v0.3 peaks at 0.80 (CPS +13.32%; T-CPS 

+14.23%), Granite 3.2 8B at 0.80 (+6.95%; +7.25%), Llama 3.1 8B at 0.85 (+2.06%; +2.29%), and DeepSeek R1 

8B at 0.55 (+8.45%; +8.75%). DeepSeek R1 8B also achieves the highest Balance Score (0.678), reflecting the 

combination of strong gains and low output variability. At their peak thresholds, Mistral 7B v0.3, Granite 3.2 

8B, and DeepSeek R1 8B show strong statistical support, while Llama 3.1 8B records a smaller but still positive 

gain. These results are bounded by the tested configuration of four models, 426 questions, the biodiversity 

domain, and a single standardized hardware environment. Within those limits, Phase IV provides evidence 

for RQ1 and RQ2 in the biodiversity domain, while the cross-domain implications for RQ3 are addressed in 

Section 4.4.9. 
Table 4.21 Best-Performing Configurations Summary (Biodiversity Domain). Significance markers summarize paired t-test results;  

Model 
Peak 

Threshold 
CPS  

Impr. % 
T-CPS  

Impr. % CV 
Balance  

Score Sig. 

Mistral 7B v0.3 0.8 13.32 14.23 0.242 0.588 *** 

Granite 3.2 8B 0.8 6.95 7.25 0.239 0.303 *** 

Llama 3.1 8B 0.85 2.06 2.29 0.24 0.095 * 

DeepSeek R1 8B 0.55 8.45 8.75 0.129 0.678 *** 

4.5 Chapter Summary 

Chapter 4 examined how similarity threshold affects RAG generation quality across seven open-

source language models and two knowledge domains using the PaSSER platform described in Chapter 2 and 

the evaluation framework defined in Chapter 3. Phase I established baseline system behavior under fixed top-

k retrieval and compared runtime and quality results for three 7B models across two hardware environments. 

Phase II introduced threshold-based retrieval in a pilot sweep from 0.50 to 0.80 and showed that CPS varies 

by model. Phase III extended the analysis to four models and thresholds up to 0.95 in the agriculture domain, 

demonstrating model-dependent sensitivity under CPS, T-CPS, and Balance Score, supported by paired 

statistical testing against baseline. Phase IV repeated this threshold analysis in the biodiversity domain under 

standardized hardware and showed lower peak thresholds, larger improvement magnitudes, and full 

agreement among CPS, T-CPS, and Balance Score. Taken together, the results show that threshold effects are 

model-dependent and domain-sensitive, and that best-performing thresholds require corpus-specific 

calibration. Across all phases, the evaluation procedure, infrastructure, and experimental design components 

of Objective 1 were applied consistently, fulfilling Objective 4 and providing empirical support for Deficiency 

1, Deficiency 2, and Deficiency 3.  
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CHAPTER 5: DISCUSSION AND FUTURE WORK  
The dissertation is guided by one research aim and four objectives. Its aim is to develop an evaluation 

framework for Retrieval-Augmented Generation that supports evidence-based retrieval configuration 

decisions for RAG systems with open-source LLMs, with particular focus on similarity threshold configuration. 

Objective 1 defines and implements the core components of the framework: a threshold-aware evaluation 

procedure, the PaSSER platform as reproducibility infrastructure, and a controlled experimental design. 

Objectives 2 and 3 establish model selection criteria and define the evaluation metrics and computation 

procedures. Objective 4 applies these foundations through controlled testing and analysis across models and 

domains. Chapter 1 identifies the research gaps and corresponding deficiencies. Chapters 2 and 3 present the 

platform, model selection rationale, metrics, and computation procedures. Chapter 4 reports the 

experimental results. The findings are synthesized below: Section 5.1 addresses the research questions, 

Section 5.2 outlines the scientific-applied contributions, Section 5.3 discusses limitations, and Section 5.4 

indicates future research directions. 

5.1 Answers to Research Questions 
Sections 5.1.1-5.1.3 synthesize the evidence from Phases II-IV in relation to the three research 

questions. 

5.1.1 Threshold Effects on Generation Quality (RQ1) 

Similarity threshold configuration produced statistically significant effects on generation quality. 

Across the agricultural and biodiversity corpora, threshold variation within the tested range of 0.50-0.95 

yielded CPS improvements of up to +4.58% in Phase III and +13.32% in Phase IV relative to baseline. 

The Phase II pilot provided the first indication that CPS varies across threshold settings even within a 

relatively narrow range. Using 101 question-answer pairs and three 7B-parameter models, it showed that 

peak-performing thresholds already differed by model, with Mistral 7B and Llama 2 7B peaking at 0.55 and 

Orca 2 7B at 0.65. These pilot results justified the broader threshold sweep and expanded model set used in 

the later phases. 

Phase III extended the analysis to four models, 369 questions, and thresholds from 0.50 to 0.95, with 

statistical testing against baseline. Under these conditions, Granite 3.2 8B and Mistral 7B v0.3 showed the 

clearest evidence of systematic threshold sensitivity, with significant positive effects at 7 of 10 and 6 of 10 

thresholds, respectively. DeepSeek R1 8B and Llama 3.1 8B showed fewer significant gains, and their 

threshold behavior was more constrained or mixed. 

Phase IV applied the same threshold-evaluation procedure to the biodiversity corpus. The results 

again showed that threshold choice affects generation quality, but the magnitude and direction of those 

effects differed by model. Mistral 7B v0.3 showed significant improvement at 9 of 10 thresholds, whereas 

Granite 3.2 8B contracted from a broad effective range in Phase III to only 3 significant thresholds in Phase IV. 

DeepSeek R1 8B showed positive effects at lower thresholds and degradation at stricter ones, while Llama 

3.1 8B showed predominantly negative threshold effects. Output variability also increased in Phase IV across 

all models, as reflected in higher coefficient of variation values. 

Taken together, these findings provide an affirmative answer to RQ1: similarity threshold 

configuration produced measurable and, in many cases, statistically significant effects on generation quality. 

Improvements of up to +4.58% in agriculture and +13.32% in biodiversity were achieved through threshold 

calibration alone, without model retraining or architectural changes. At the same time, the best-performing 

threshold was not fixed across models or domains, indicating that threshold selection should be established 

empirically for the target configuration rather than assumed in advance. 

5.1.2 Model-Dependent Similarity Threshold Sensitivity (RQ2) 

The results show substantial model-dependent variation in similarity-threshold sensitivity. The 

models differed not only in their best-performing threshold values, but also in the breadth of their effective 

threshold ranges, the magnitude of their CPS improvements, and the consistency of their responses across 
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configurations. 

Mistral 7B v0.3 showed the broadest and most consistent positive response. In Phase III, it achieved 

significant improvements across thresholds from 0.55 to 0.95, and in Phase IV this responsiveness expanded 

further, with significant gains at 9 of 10 tested thresholds and a peak CPS improvement of +13.32% at 0.80. 

Among the models evaluated in Phases III and IV, it was the only one to maintain a broad positive threshold-

response profile across both domains. 

Granite 3.2 8B showed a different pattern. In the agricultural domain, it exhibited a broad plateau of 

significant gains across thresholds from 0.65 to 0.95. In the biodiversity domain, however, that range 

narrowed substantially to 3 significant thresholds. This makes Granite 3.2 8B the clearest example of 

contraction in sensitivity breadth under domain change, although the interpretation remains qualified by the 

Phase III-IV procedural differences discussed in Section 5.3.2. 

Llama 3.1 8B showed a much narrower positive range in agriculture and predominantly negative 

effects in biodiversity. In Phase IV, 6 of 10 thresholds were significant, but only one of these was positive. This 

reversal suggests that threshold calibration for Llama 3.1 8B is especially sensitive to corpus conditions and 

may become unstable when retrieval characteristics change. 

DeepSeek R1 8B showed comparatively limited responsiveness in Phase III, but a more distinctive 

pattern in Phase IV. In biodiversity, it improved at lower thresholds and degraded at stricter ones, producing 

a bifurcated threshold-response profile. Although its mean CPS gains were not the largest overall, its lower 

coefficient of variation contributed to the highest Balance Score observed in Phase IV. This indicates that 

DeepSeek R1 8B becomes more competitive when stability-aware evaluation is taken into account. 

These results provide an answer to RQ2: threshold sensitivity differed substantially across models in 

both magnitude and form. Some models showed broad and stable positive response, others showed narrow 

or contracting effective ranges, and others changed direction across domains. Threshold selection therefore 

cannot be generalized across models, since a setting that improves one model may have little effect or even 

a negative one for another 

5.1.3 Cross-Domain Generalization (RQ3) 

Threshold sensitivity was compared between the agricultural corpus in Phase III and the biodiversity 

corpus in Phase IV. The comparison revealed systematic cross-domain differences, although these must be 

interpreted cautiously because corpus, question-generation procedure, and hardware conditions were not all 

held constant between phases. 

The clearest pattern is that the best-performing thresholds shifted downward in Phase IV for all four 

models. In biodiversity, each model reached its highest CPS at a lower threshold than in agriculture, with the 

largest downward shift observed for DeepSeek R1 8B. Improvement magnitudes also increased for most 

models. Mistral 7B v0.3, Granite 3.2 8B, and DeepSeek R1 8B all achieved substantially larger gains in Phase 

IV than in Phase III, whereas Llama 3.1 8B remained comparatively weak and showed predominantly negative 

threshold effects. The relative ranking of models also changed across domains: DeepSeek R1 8B moved from 

the weakest peak CPS result in agriculture to the second strongest in biodiversity, while Llama 3.1 8B dropped 

from second to fourth. 

The cross-domain shift was visible not only in the peak thresholds and improvement magnitudes, but 

also in the structure of the metric relationships. The correlation patterns among component metrics differed 

between Phases III and IV, indicating that the interaction between overlap, semantic similarity, fluency, and 

variability was sensitive to corpus conditions. In addition, threshold selection behavior became more 

consistent in biodiversity, where CPS, T-CPS, and Balance Score aligned for all four models, unlike the 

agriculture phase where DeepSeek R1 8B showed divergence between mean-performance and stability-

aware criteria. 

Collectively, these results support the answer to RQ3: threshold-response patterns did not transfer 

unchanged across domains. The direction of the shift was systematic, with lower best-performing thresholds 
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and larger gains in the biodiversity phase, but the exact effects depended on the model. This indicates that 

threshold calibration should be treated as corpus-specific rather than assumed to generalize automatically 

from one knowledge domain to another. 

5.2 Scientific-applied Contributions 
Three scientific-applied contributions are defined as layers of an integrated evaluation framework 

that address the deficiencies identified in the Introduction: a threshold-aware evaluation procedure with 

composite scoring (C1, Evaluation Procedure layer, addressing D1), reproducibility infrastructure with 

blockchain-based provenance logging (C2, Infrastructure layer, addressing D2), and comparative empirical 

guidance for open-source LLM deployment (C3, Evidence layer, addressing D3). Sections 5.2.1-5.2.3 

summarize these contributions. 

5.2.1 Threshold-aware Evaluation Procedure 

Section 1.4 showed that existing evaluation frameworks such as RAGAS, RGB, the TREC RAG Track, 

and TruLens typically assess RAG outputs under fixed retrieval settings and do not treat similarity threshold 

as an explicit experimental variable. In many implementations, threshold selection remains a heuristic 

configuration choice, often adopted without systematic justification. Existing approaches also tend to 

emphasize mean performance and rarely evaluate how output quality varies across queries. 

To address this gap, the present work developed a threshold-aware evaluation procedure in which 

similarity threshold is treated as an independent variable and system behavior is evaluated across a retrieval-

selectivity range rather than at a single operating point. This procedure was implemented through the PaSSER 

platform and applied across Phases II-IV. Phase II introduced pilot threshold variation in the range 0.50-0.80. 

Phase III extended the sweep to 0.95 and incorporated statistical testing in the agricultural domain. Phase IV 

repeated the same procedure in the biodiversity domain to examine cross-domain variation. 

The results show that threshold effects are substantial and cannot be reduced to a fixed default. In 

Phase III, peak-performing thresholds by CPS fell within 0.90-0.95, while stability-aware criteria expanded the 

effective range to 0.65-0.95. In Phase IV, the best-performing thresholds shifted downward to 0.55-0.85. 

Performance differences across thresholds reached +4.58% CPS improvement in agriculture and +13.32% in 

biodiversity, indicating that evaluation at a single threshold may fail to represent system behavior across the 

retrieval range. 

This contribution also includes three composite scoring formulations. CPS aggregates heterogeneous 

metrics through weighted summation after normalization, using a 9-metric panel distributed across lexical 

overlap (30%), semantic similarity (25%), fluency and accuracy (25%), and language modeling (20%). T-CPS 

extends CPS by incorporating the coefficient of variation (CV), thereby accounting for output stability across 

queries. Balance Score further evaluates the relation between improvement and variability. 

Across Phases III and IV, T-CPS and CPS were highly correlated (ρ > 0.99), indicating that mean 

performance remained the dominant ranking signal in the tested configurations. This does not make T-CPS 

redundant. Rather, it shows that stability-aware ranking usually aligned with mean performance, while still 

revealing cases in which the preferred threshold changed once variability was considered. The clearest 

example is DeepSeek R1 8B in Phase III, where CPS peaked at 0.90 but T-CPS favored 0.65 because lower 

variability shifted the stability-aware optimum. 

Overall, this contribution addresses Deficiency 1 by replacing fixed-threshold evaluation with a 

threshold-aware procedure that captures both performance level and performance stability. The reported 

findings remain exploratory, and confirmatory studies with stronger statistical control would further 

strengthen generalizability. 

5.2.2 Reproducibility Infrastructure 

The second contribution is the PaSSER platform, developed to address reproducibility problems in 

RAG evaluation. PaSSER provides a browser-based environment for controlled experimentation, integrating 

retrieval configuration, model execution, metric calculation, and result export within a single workflow. 



 

34 

 

A central feature of this infrastructure is blockchain-based provenance logging. For each experimental 

run, the platform records evaluation metrics, timing data, and run identifiers on the Antelope blockchain, 

while the backend preserves the associated configuration context, including the model identifier, retrieval 

parameters, decoding settings, and dataset identifiers. This design supports immutable records, verifiable 

timestamps, and later retrieval of experiment metadata for independent inspection. 

Blockchain logging does not guarantee exact replication of the full computational environment. 

However, it strengthens reproducibility by preserving the experimental conditions and recorded outputs in a 

verifiable form. In this way, the contribution addresses Deficiency 2 not by claiming perfect replicability, which 

would be convenient but false, but by improving transparency, traceability, and post hoc verification of 

evaluation runs. 

The materials associated with this dissertation are publicly available in two GitHub locations. The 

phase-organized thesis archive, containing the experimental results and supporting research materials, is 

available at https://github.com/M33rschaum/passer-thesis-archive. The current PaSSER implementations, 

including the original PaSSER platform and its related repositories such as maPaSSER and the PaSSER-SR, are 

available through the GitHub organization at https://github.com/scpdxtest.   

5.2.3 Practical Guidance for Open-Source Deployments 

The third contribution is comparative empirical guidance for selecting and configuring open-source 

LLMs under RAG conditions. This contribution addresses the lack of systematic evidence for open-source 

deployment candidates, especially where model choice and retrieval configuration must be made under 

security, cost, or infrastructure constraints. 

Using the model selection criteria and metric procedures defined in Chapter 3, and the controlled 

experiments reported in Chapter 4, the dissertation generated more than 38,000 evaluations across four 

phases, two domains, and multiple hardware settings. These results make threshold sensitivity visible and 

comparable across deployment candidates in the 7-8B parameter range. 

Four findings are especially relevant for practice. First, models differ substantially in threshold-

response profile: some show broad and stable positive sensitivity, while others exhibit narrow, unstable, or 

bifurcated behavior. Second, the effective threshold ranges identified in Phases III and IV provide starting 

points for calibration rather than reliance on generic defaults. Third, cross-domain shifts show that threshold 

settings should be re-evaluated when the corpus changes. Fourth, Balance Score provides an additional basis 

for deployment decisions when consistency matters alongside mean performance. 

The observed threshold effects are especially relevant to two retrieval-related failure points described 

in prior work [47]: exclusion of relevant evidence under overly strict filtering, and admission of weakly related 

material under overly permissive filtering. The present results suggest that model susceptibility to these 

failure points differs across systems, although the causal mechanisms were not isolated in this dissertation 

and would require dedicated ablation studies. 

Taken as a whole, this contribution addresses Deficiency 3 by providing empirical guidance for 

threshold calibration and model comparison in open-source RAG deployment scenarios, with attention to 

both average quality and stability under changing corpus conditions. 

5.3 Limitations 
Several factors limit the extent to which the reported findings can be generalized beyond the 

evaluated corpora, models, and experimental settings. 

5.3.1 Scope Constraints 

The experimental analysis covers two domains: agriculture in Phase III and biodiversity in Phase IV. 

Both domains are characterized by technical and regulatory content, formal language, and relatively well-

defined terminology. It therefore remains unclear whether similar threshold-sensitivity patterns would 

appear in domains with less structured language, broader topical variation, or more ambiguous reference 

material. 

https://github.com/M33rschaum/passer-thesis-archive
https://github.com/scpdxtest
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The evaluated model set was limited to open-source systems in the 7-8B parameter range in order to 

keep experimentation feasible on mid-range hardware. Threshold sensitivity may differ for smaller, larger, or 

more heavily specialized models, particularly where retrieval use, context utilization, or decoding behavior 

changes substantially. 

5.3.2 Experimental Design Limitations 

The experiments were conducted under hardware conditions that varied across phases. Phase III used 

M1, M2, and CPU-only environments together with context buffers ranging from 2,048 to 10,000 tokens. 

Phase IV standardized execution to a single M1 environment with a fixed 16,000-token context buffer. While 

this removed hardware and context-buffer variation within Phase IV, it also introduced simultaneous 

differences relative to Phase III in domain, question-generation procedure, and execution setup. 

Vector stores were built using Mistral 7B embeddings through the Ollama embedding endpoint, with 

fixed chunking parameters of 1,024 characters and 50-character overlap across all phases. This ensured 

consistent retrieval inputs across generators, but it may also have introduced embedding-generator 

alignment effects. Because Mistral 7B served both as the embedding model and as one of the evaluated 

generators, a possible alignment confound cannot be excluded. Isolating that effect would require 

experiments with independent embedding models. 

Question generation also differed across phases. Agricultural questions in Phases I-III were generated 

with Mistral 7B, whereas Phase IV used Claude Opus. This provides some procedural variation, but it does not 

isolate the contribution of question generation to the observed threshold patterns. 

As a result, the comparison between Phases III and IV differs in several respects beyond domain 

content alone, including question-generation model, hardware standardization, and corpus characteristics. 

The cross-domain findings should therefore be interpreted as preliminary evidence that calibration may need 

to be corpus-specific, rather than as a clean test of domain effects alone. 

5.3.3 Measurement and Analysis Limitations 

Some of the evaluation metrics also impose interpretive limits. The perplexity metrics, Laplace and 

Lidstone, were computed with NLTK n-gram language models rather than transformer token probabilities and 

therefore function as model-independent proxies rather than direct estimates from the evaluated generators. 

The B-RT metric suite uses [CLS]-based projections and has not yet been validated against human judgments. 

Phases III and IV report uncorrected p-values in order to preserve statistical power. Each phase 

includes 40 paired comparisons against baseline, meaning that at α = 0.05 approximately two significant 

results per phase would be expected by chance under the null hypothesis. For that reason, interpretation 

should focus on broader patterns across thresholds and models rather than on isolated p-values. The reported 

findings are therefore exploratory and should not be treated as definitive threshold prescriptions. 

5.3.4 Causal Interpretation 

The experimental design establishes empirical associations between similarity-threshold 

configuration and generation performance, including model-dependent optima, cross-domain shifts, and 

stability-performance trade-offs captured through Balance Score. However, it does not isolate the 

mechanisms responsible for these patterns. Multiple factors vary simultaneously across conditions, including 

corpus characteristics, question formulation, hardware configuration, and model architecture. This prevents 

attribution of the observed effects to any single cause. Mechanistic claims would require controlled ablation 

studies in which one factor is varied at a time while the remaining components are held constant. 

5.4 Future Work 
Future work can be grouped into three directions: scope extensions, procedural extensions, and 

validation and verification. 

5.4.1 Scope Extensions 

Future studies should extend threshold-sensitivity analysis beyond the agriculture and biodiversity 

domains and beyond open-source models in the 7-8B parameter range. Controlled domain variation, in which 



 

36 

 

only the corpus changes, would help isolate domain effects from the design confounds described in Section 

5.3.2. Model coverage could also be expanded to include smaller and larger models, fine-tuned variants, and, 

where feasible, proprietary systems evaluated under matched conditions. 

5.4.2 Procedural extensions 

Further work should investigate adaptive threshold selection, where retrieval selectivity varies 

according to query characteristics rather than remaining fixed. The PaSSER platform could also be extended 

to record retrieval-level provenance, including retrieved passages and similarity scores, and to integrate IPFS 

for content-addressed storage of corpora and datasets. Another useful direction is the analysis of efficiency-

quality trade-offs through systematic measurement of latency, memory use, and throughput across threshold 

settings. 

5.4.3 Validation and Verification 

Future research should also include human validation studies to determine whether thresholds 

selected by CPS and T-CPS correspond to improvements perceived by human evaluators, and to assess the 

validity of B-RT against human judgments. Controlled ablation studies are also needed to isolate the effects 

of embedding alignment, chunking strategy, question generation, hardware conditions, and domain-only 

changes. In addition, alternative measurement approaches should be explored, including transformer-native 

perplexity where logits are available, together with multiple-comparison corrections such as Bonferroni or 

Benjamini-Hochberg false discovery rate control in confirmatory studies. 

5.5 Chapter Summary 

Chapter 5 interpreted the experimental findings in relation to the three research questions, outlined 

the three scientific-applied contributions of the dissertation, and identified the main limitations affecting 

scope, design, measurement, and causal interpretation. It also defined directions for future work aimed at 

expanding domain and model coverage, improving retrieval-level instrumentation, and strengthening 

validation through human assessment and controlled ablation. These elements position the reported results 

as a structured basis for continued investigation of threshold-aware RAG evaluation rather than as fixed 

prescriptions for all deployment settings. 

CONCLUSION – RESUME OF THE OBTAINED RESULTS 
An evaluation framework for retrieval-augmented generation (RAG) was developed, integrating three 

layers: an Evaluation Procedure layer introducing a threshold-aware evaluation procedure, an Infrastructure 

layer implementing reproducibility infrastructure, and an Evidence layer producing practical guidance for 

open-source deployments. The framework addresses three deficiencies identified in current RAG evaluation 

practice: the absence of threshold-aware evaluation, insufficient reproducibility infrastructure, and the lack 

of practical guidance for open-source RAG deployments. 

The PaSSER platform was designed and implemented as a browser-accessible, open-source 

application supporting configurable retrieval parameter testing, multi-metric evaluation with composite 

scoring, and blockchain-based provenance logging via the Antelope ledger. Three composite scoring 

instruments were developed: the Composite Performance Score (CPS) for unified threshold comparison, the 

Threshold-aware Composite Performance Score (T-CPS) incorporating output consistency through a 

coefficient-of-variation-based reward-penalty structure, and the Balance Score quantifying the stability-

performance trade-off. 

Seven open-source language models in the 7–8 billion parameter range were evaluated across four 

experimental phases, two application domains (agriculture and biodiversity), and over 38,000 individual 

evaluations. Phase I validated end-to-end platform functionality under fixed top-k retrieval. Phase II 

introduced threshold-aware evaluation and provided initial evidence that threshold sensitivity varies across 

models. Phase III extended the analysis to four newer models across a broader threshold range (0.50–0.95) 

with statistical validation, revealing CPS improvements of up to 4.58% in the agricultural domain and 

identifying two distinct sensitivity profiles: broad improvement zones and narrow effective ranges. Phase IV 
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replicated the evaluation in the biodiversity domain, where substantially larger threshold effects were 

observed — peak CPS improvements reached 13.32%. Peak-performing threshold configurations shifted 

downward for all four models when moving from agriculture to biodiversity, with shifts ranging from −0.05 

(Llama 3.1 8B) to −0.35 (DeepSeek R1 8B). Output variability increased by 67–105% (coefficient of variation) 

relative to agriculture, confirming that threshold sensitivity is domain-dependent and not solely a model-

intrinsic property. 

CPS and T-CPS alignment analysis demonstrated that mean performance and consistency-aware 

assessment can yield divergent threshold recommendations, with two of four models showing different 

optima under the two scoring instruments. 

All four objectives were addressed. Objective 1 was realized through three components: the 

reproducibility infrastructure with blockchain-based provenance logging (b, Chapter 2), the threshold-aware 

evaluation procedure with composite scoring (a, Chapters 3–4), and the controlled experimental design 

producing comparative evidence across models and domains (c, Chapter 4). Objective 2 was addressed 

through definition of model selection criteria aligned with deployment feasibility, licensing, and 

computational requirements (Chapter 3). Objective 3 was fulfilled through definition and consistent 

implementation of metric computation procedures across five evaluation constructs, with aggregation into 

three composite scoring instruments (Chapter 3). Objective 4 was achieved through controlled 

experimentation across four phases, two domains, and over 38,000 evaluations under systematic threshold 

variation (Chapter 4). 

Three practical conclusions emerge from the experimental evidence. First, threshold calibration 

produces measurable and statistically significant improvements, but effective configurations depend on both 

model architecture and knowledge domain - no single threshold setting generalizes across all conditions. 

Second, consistency-aware scoring is recommended over mean-performance-only assessment, as it prevents 

selection of high-performing but unstable configurations. Third, systematic threshold evaluation should be 

repeated when changing the application domain, as peak-performing thresholds shifted downward for all 

four tested models when moving from agriculture to biodiversity. 

Three scientific-applied contributions — together constituting the evaluation framework — result 

from the research. The end-to-end traceability from identified deficiencies through research questions and 

objectives to contributions is shown in Figure C.1.
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Figure C.1 End-to-End Traceability Map
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