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Abstract 

Financial service institutions increasingly require knowledge systems that can retrieve policy-relevant information, synthesize organizational 

evidence, and deliver explainable decision support under strict governance constraints. This study proposes a Retrieval-Augmented Decision 

Intelligence framework for enterprise knowledge bases in financial services by integrating semantic retrieval, metadata-aware re-ranking, 

grounded augmentation, and explainable response generation into a unified managerial intelligence pipeline. The framework was evaluated using 

enterprise-style query scenarios covering compliance clarification, product guidance, risk review support, and service resolution. The results 

showed that the proposed framework outperformed a baseline generative model across all major dimensions, achieving Precision@5 of 0.86 

compared with 0.71, NDCG of 0.88 compared with 0.74, grounding score of 0.84 compared with 0.68, usefulness score of 0.87 compared with 

0.70, and an overall effectiveness index of 0.86 compared with 0.71. Category-level analysis indicated that hybrid re-ranking improved ranking 

effectiveness in all query types, with NDCG increasing from 0.84 to 0.89 for compliance queries, from 0.87 to 0.91 for product guidance, from 

0.82 to 0.87 for risk review support, and from 0.79 to 0.85 for service resolution. Grounding performance remained strong across categories, 

reaching 0.90 for compliance clarification, 0.88 for product guidance, 0.82 for risk review, and 0.79 for service resolution, demonstrating that 

retrieved enterprise evidence substantially constrained unsupported generation. Expert evaluation further confirmed high managerial value, with 

average scores of 4.4 for clarity, 4.5 for actionability, 4.3 for trustworthiness, 4.4 for interpretability, and 4.5 for decision value on a five-point 

scale. Failure analysis identified outdated policy retrieval, cross-document ambiguity, terminology mismatch, insufficient escalation signaling, 

and partial evidence coverage as the main residual weaknesses, with outdated policy retrieval accounting for 18 observed cases and cross-

document ambiguity for 14. These findings indicate that retrieval-augmented architectures can move beyond information access and function as 

decision intelligence systems that support traceable, evidence-grounded, and operationally meaningful knowledge work in regulated financial 

environments. 

Keywords: Retrieval-Augmented Generation, Decision Intelligence, Enterprise Knowledge Base, Financial Services, Explainable AI, Knowledge Management, 

Hybrid Retrieval, Managerial Decision Support 

1. Introduction  

Financial service institutions operate in information environments characterized by dense regulation, rapidly changing 

policy rules, fragmented operational memory, and strong accountability requirements. In such settings, managerial 

decisions often depend on timely access to internal policies, product rules, compliance interpretations, and historical 

case resolutions distributed across heterogeneous enterprise repositories. Conventional large language models are not 

sufficient for this setting because their internal knowledge is static, difficult to verify, and prone to hallucination in 

knowledge-intensive tasks, while retrieval-augmented generation was introduced precisely to connect generation with 

explicit external evidence and dense retrieval mechanisms that improve passage selection quality [1], [2]. 

Recent research has positioned retrieval-augmented systems as a major architectural direction for knowledge-intensive 

artificial intelligence because they improve factual grounding, provide access to updated corpora, and support more 

reliable response generation than closed parametric memory alone. At the same time, the RAG literature has expanded 

from foundational architectures to broader design discussions involving retrieval strategies, training alignment, and 

system-level integration with organizational knowledge assets. These developments suggest that RAG is increasingly 
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relevant for enterprise information access, yet most discussions still remain general and are not centered on the specific 

managerial logic of regulated financial organizations [3], [4]. 

This gap is important because enterprise deployment is not simply a scaled-up version of open-domain question 

answering. In organizations, especially financial institutions, retrieved content must satisfy traceability, version 

validity, authority control, and governance constraints in addition to topical relevance. Recent work in business 

information systems and knowledge management highlights that RAG has clear promise for organizational data access, 

while AI-enabled knowledge management still faces implementation challenges related to trust, governance, data silos, 

and institutional integration. These concerns indicate that enterprise knowledge retrieval must be designed as a 

decision-support process rather than only as a search-enhanced text generation task [5], [6]. 

A second gap concerns the structure of the knowledge problem itself. Research on question answering over knowledge 

bases has shown that retrieval, path matching, and structured reasoning remain central when the objective is to answer 

domain-specific questions from explicit repositories rather than from general web-scale corpora. Reviews and 

methodological studies in KBQA consistently show that system quality depends on the interaction between 

representation, retrieval precision, and answer construction. However, these studies are largely oriented toward generic 

knowledge graphs or public benchmarks and do not directly address hybrid enterprise repositories that combine 

policies, procedural texts, archived cases, and metadata-rich internal documents [7], [8]. 

This limitation becomes more serious in financial services because AI adoption in finance has accelerated across 

decision-making, risk analysis, fraud detection, and customer-facing operations, creating a stronger need for systems 

that can combine analytical capability with institutional reliability. Survey evidence shows that AI is already deeply 

embedded in financial processes, but the literature also emphasizes the need for stronger domain adaptation, 

governance readiness, and contextual decision support. Consequently, an enterprise knowledge system for finance 

cannot rely on generic semantic retrieval alone. It must instead connect managerial intent with regulated internal 

knowledge in a way that is operationally useful and organizationally defensible [9], [10]. 

Explainability strengthens this argument further. Financial AI systems are increasingly evaluated not only by predictive 

or generative performance but also by interpretability, transparency, and auditability. Reviews in finance and 

explainable AI repeatedly emphasize that opaque outputs are problematic in domains where decisions may affect 

compliance, customer treatment, and internal accountability. Existing studies have therefore underscored the need for 

AI systems whose outputs can be justified to different stakeholders. Yet current RAG implementations for enterprise 

environments rarely frame explainability as part of decision intelligence, and recent work on enterprise knowledge-

base question answering still focuses more on answer generation than on managerial traceability and actionability [11]-

[13]. 

Based on these gaps, this study proposes Retrieval-Augmented Decision Intelligence for Enterprise Knowledge Bases 

in Financial Services, a framework that extends conventional RAG into a managerial decision-support architecture. 

The study is designed to address three core problems: fragmented enterprise knowledge access, limited governance-

aware retrieval, and insufficiently explainable response generation for financial decision contexts. The novelty lies in 

integrating hybrid retrieval, metadata-aware re-ranking, grounded augmentation, and explainable decision output into 

a unified enterprise framework explicitly tailored to financial services. In this way, the study contributes to AI in 

Management by repositioning RAG from a knowledge-access mechanism into a decision intelligence system for 

institutional use. 

2. Literature Review 

Retrieval-augmented generation has emerged as a major response to the core limitations of large language models in 

knowledge-intensive settings, especially hallucination, stale parametric memory, and weak traceability. Recent surveys 

describe RAG as an architecture that couple’s retrieval, augmentation, and response generation so that model outputs 

can be grounded in external corpora rather than inferred solely from internal parameters. This literature consistently 

positions retrieval quality, context construction, and response control as the three main determinants of system 

reliability in domain-specific environments [14], [15]. 
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Within enterprise contexts, the discussion has shifted from generic document retrieval toward governed knowledge 

infrastructures that can support organizational reasoning. Studies on enterprise knowledge graphs and industrial 

question-answering show that structured knowledge assets are valuable because they improve entity alignment, 

preserve institutional semantics, and provide a stronger basis for trusted enterprise question answering. In this line of 

work, knowledge graphs are not treated as optional enrichments, but as mechanisms for constraining ambiguity, 

validating query interpretation, and supporting controlled data access in organizational environments [16], [17]. 

The enterprise knowledge management literature further shows that scalable question answering depends on how 

institutional knowledge is modeled, curated, and operationalized. Research on knowledge-graph development practices 

emphasizes data integration, ontology quality, and scalable architectures as prerequisites for robust enterprise 

knowledge services. Related work on smart management systems demonstrates that knowledge graphs can transform 

fragmented operational procedures into reusable and machine-accessible decision resources. Together, these studies 

suggest that retrieval performance is inseparable from the quality of underlying knowledge engineering practices [18], 

[19]. 

A related stream of literature concerns question answering over structured and semi-structured repositories. Studies on 

retrieval-augmented knowledge graph reasoning and domain-specific intelligent question-answering systems show that 

answer quality improves when semantic matching is complemented by graph reasoning, path selection, or template-

aware query processing. This is particularly relevant for enterprise domains, where user questions often depend on 

entity relations, rule dependencies, and contextual qualifiers that cannot be resolved by lexical similarity alone. The 

literature therefore indicates that domain question answering benefits from hybrid architectures that combine retrieval 

depth with relational reasoning capacity [20], [21]. 

Another major theme in the literature is explainability. Reviews in information systems and trustworthy AI argue that 

organizational acceptance of AI depends on more than predictive or generative performance. Explanations, stakeholder 

awareness, and system transparency are treated as necessary conditions for trust, oversight, and responsible operational 

use. This perspective is particularly relevant for enterprise decision support because AI outputs must often be 

interpreted by multiple actors, including managers, analysts, compliance personnel, and auditors. As a result, 

explainability is increasingly viewed as an architectural requirement rather than a post hoc reporting feature [22], [23]. 

In financial services, these concerns become even more pronounced because decision environments are highly 

regulated and operationally sensitive. Reviews of AI in customer-facing finance and explainable AI in finance show 

that current research is still split between algorithmic performance studies and adoption-oriented analyses, while back-

office knowledge operations and enterprise decision support remain comparatively underexplored. This creates an 

unresolved gap between the technical promise of retrieval-augmented systems and the practical requirements of 

financial institutions, where answers must be relevant, evidence-linked, policy-aware, and suitable for managerial use 

[24], [21]. The present study addresses this gap by synthesizing RAG, enterprise knowledge engineering, and 

explainable decision support into a single framework for financial-service knowledge bases. 

3. Methodology  

3.1. Research Design and System Architecture 

This study adopts a design science research approach combined with an applied machine learning pipeline to construct 

a retrieval-augmented decision intelligence framework for enterprise knowledge bases in financial services. The design 

science perspective is suitable because the study does not only observe an organizational problem but also produces a 

functional artifact that addresses knowledge fragmentation, inconsistent retrieval quality, and delayed managerial 

interpretation. The methodological orientation therefore integrates artifact construction, system evaluation, and 

contextual performance analysis within a financially regulated knowledge environment [3], [21]. 

The proposed architecture consists of five tightly linked layers, namely data ingestion, semantic knowledge 

representation, retrieval and re-ranking, augmentation and reasoning, and decision output generation. Each layer 

performs a distinct role while remaining interdependent with the others. The architecture is intended to support internal 

decision tasks such as policy interpretation, risk review support, compliance clarification, and product knowledge 
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resolution. In this setting, retrieval is not treated as a standalone search process but as a controlled precursor to 

managerial inference. 

To represent the functional relation among input knowledge, retrieval precision, and decision relevance, the 

methodological model formalizes decision intelligence utility as follows: 

𝐷𝐼 = 𝛼𝑅𝑝 + 𝛽𝐶𝑐 + 𝛾𝐴𝑞 (1) 

In this formulation, DI denotes decision intelligence quality, Rp represents retrieval precision, Cc denotes contextual 

completeness, and Aq refers to augmentation quality. The coefficients α, β, and γ express the weighted contribution of 

each component. The equation clarifies that managerial usefulness emerges from both accurate retrieval and 

sufficiently contextualized synthesis rather than from isolated language generation alone. 

The research architecture (figure 1) is implemented as a modular pipeline to enable traceability, replacement of 

individual components, and auditability of decision support outputs. This modularity is critical in financial services 

because system behavior must remain inspectable under governance, risk, and compliance requirements. The 

methodological design therefore emphasizes not only performance optimization but also operational transparency. 

Each stage logs intermediate outputs, allowing the study to evaluate how evidence is retrieved, transformed, and 

ultimately presented as a decision-support response [5], [22]. 

 

Figure 1. End-to-End Retrieval-Augmented Decision Intelligence Architecture 

The figure visualizes the methodological backbone of the study as a sequential yet governed pipeline. It begins with 

enterprise document sources and moves through preprocessing, indexing, retrieval, augmentation, and decision output 

generation. The upper dashed boxes indicate that metadata control, access restrictions, and audit logging are not 

auxiliary features but embedded governance layers. 

Table 1 condenses the architecture into functional layers that can be read quickly by journal reviewers and readers. It 

shows that each stage has a distinct operational role, clear input and output boundaries, and a specific governance 

concern. The structure is useful because it turns the conceptual architecture into a compact methodological map. In the 

context of financial services, this table also emphasizes that governance dimensions such as provenance, version 

control, and audit readiness are embedded throughout the system rather than appended at the end. 

Table 1. Summary of Architectural Layers, Functions, Inputs, and Outputs 

Layer Main Function Primary Input Primary Output 
Governance 

Focus 

Data Ingestion 
Collect and normalize 

enterprise documents 

Policies, SOPs, case 

records 

Structured document 

repository 

Document 

provenance 

Knowledge 

Representation 

Create chunks, embeddings, 

and metadata links 
Normalized documents 

Hybrid indexed 

knowledge units 
Version control 

Retrieval and Re-

ranking 

Identify and prioritize 

relevant evidence 

User query and indexed 

knowledge 

Ranked evidence 

candidates 

Authority and 

recency 

Augmentation and 

Reasoning 

Build grounded context for 

inference 
Top-ranked evidence 

Contextual prompt 

package 
Traceability 

Decision Output 
Generate actionable and 

explainable response 

Augmented reasoning 

context 

Answer, rationale, 

references 
Audit readiness 



International Journal for Applied Information Management 

Vol. 6, No. 2, July 2026, pp. 343-362 

ISSN 2723-8001 

347 

 

 

 

3.2.Enterprise Data Acquisition and Knowledge Base Construction 

The knowledge base is constructed from heterogeneous enterprise content typically found in financial service 

institutions, including internal policy manuals, standard operating procedures, compliance circulars, risk memoranda, 

customer service knowledge articles, product guidelines, and archived case resolutions. These documents are collected 

through controlled extraction procedures and then normalized into a unified textual repository. During this stage, 

document provenance, timestamp, business unit origin, and confidentiality class are preserved as metadata attributes 

because they later influence filtering, ranking, and access control decisions [15], [16]. 

After collection, the corpus undergoes preprocessing through text cleaning, section segmentation, duplication control, 

metadata harmonization, and semantic chunking. The chunking procedure is particularly important because overly 

large segments reduce retrieval specificity, whereas overly short segments weaken semantic coherence. The 

methodology therefore uses structure-aware segmentation based on headings, clause boundaries, and policy logic units. 

This enables each knowledge unit to remain meaningful in isolation while still preserving its relationship to the 

originating enterprise document and regulatory context. 

To formalize chunk generation from raw documents, the segmentation stage uses the following relation: 

𝑁𝑐 = ⌈
𝐿𝑑

𝐿𝑠 × 𝛿
⌉ (2) 

Here, Nc denotes the number of chunks generated from a document, Ld is total document length, Ls is targeting segment 

length, and δ is an overlap control factor. This equation helps regulate the granularity of the knowledge base. In 

methodological terms, the goal is to maximize semantic locality while preserving enough contextual continuity for 

accurate downstream retrieval and augmentation. 

The processed chunks are embedded into a vector representation space and stored alongside symbolic metadata in a 

hybrid knowledge index. This hybrid construction is methodologically significant because financial knowledge is 

rarely reducible to semantics alone. Business unit, document recency, regulatory priority, and approval status often 

affect the practical value of a retrieved passage. The knowledge base therefore combines dense embedding storage with 

structured metadata fields, enabling the system to support both semantic similarity search and governance-sensitive 

filtering during query execution [18], [19]. 

Figure 2 represents the document engineering workflow used to construct the enterprise knowledge base. It begins with 

diverse internal sources and shows the transformation of raw records into structured, semantically chunked, and 

metadata-enriched knowledge units. The lower auxiliary elements make visible the diversity of document types and 

metadata fields that shape retrieval relevance later in the pipeline. The figure is methodologically valuable because it 

demonstrates that knowledge base construction is not a trivial upload process but a staged normalization and 

representation procedure. 

 

Figure 2. Enterprise Knowledge Base Construction Workflow 

Table 2 translates the ingestion workflow into a concrete inventory of enterprise content types and their treatment 

within the methodology. Each row clarifies that different documents require different preprocessing and segmentation 

logic to preserve business meaning. The table also shows how metadata capture is aligned with document function, 

which is essential for later filtering and ranking. 
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Table 2. Enterprise Document Types, Preprocessing Steps, and Indexing Outputs 

Document Type Preprocessing Action Segmentation Basis 
Metadata 

Captured 
Index Output 

Policy Manuals 
Cleaning and clause 

normalization 
Heading and rule block 

Version, approval 

date 

Semantic-policy 

chunks 

SOP Documents Procedure extraction Step sequence Department, status Operational chunks 

Compliance 

Circulars 
Terminology alignment Regulatory clause 

Effective date, 

authority 
Compliance chunks 

Product Guides Noise removal 
Feature and condition 

block 

Product line, 

revision 

Product knowledge 

units 

Case Archives Resolution summarization Issue-response pair 
Case type, closure 

date 

Historical resolution 

chunks 

3.3.Retrieval, Re-Ranking, and Augmentation Mechanism 

The retrieval stage begins when a user submits a managerial or operational query related to financial products, internal 

controls, policy interpretation, or compliance obligations. The query is encoded into a dense vector and matched against 

the knowledge base to identify candidate passages. Candidate retrieval is intentionally broad in the first stage so that 

potentially relevant evidence is not prematurely excluded. This high-recall stage is then followed by re-ranking to 

improve relevance ordering and reduce noise before contextual augmentation is performed [1], [2]. 

The re-ranking mechanism evaluates the semantic compatibility between the query and the retrieved passages while 

also considering metadata alignment, business criticality, and recency. This is especially necessary in financial services, 

where a passage may appear semantically similar but still be unsuitable because it belongs to an outdated policy version 

or an unrelated product line. The retrieval methodology therefore uses a hybrid score that combines vector similarity 

with rule-based weighting derived from enterprise metadata and document authority levels. 

The scoring function for candidate ranking is defined as follows: 

𝑆(𝑑, 𝑞) = 𝜆sim(𝑒𝑞 , 𝑒𝑑) + (1 − 𝜆)(𝜂𝑀𝑑 + 𝜃𝑇𝑑 + 𝜅𝐴𝑑) (3) 

In this equation, S(d,q) is the total relevance score between document chunk d and query q, sim(eq,ed) denotes 

embedding similarity, Md represents metadata relevance, Td indicates temporal validity, and Ad denotes document 

authority. The scalar λ controls the balance between semantic and structured evidence. This formulation reflects the 

practical reality that enterprise retrieval quality depends on both linguistic proximity and institutional validity. 

After re-ranking, the selected passages are assembled into an augmented prompt context for the reasoning module. The 

augmentation stage includes redundancy suppression, contradiction screening, and context window control to ensure 

that the generated response is grounded in the most relevant evidence. Rather than allowing unrestricted language 

generation, the system constrains output synthesis using retrieved financial knowledge units. This step is 

methodologically essential because it reduces hallucination risk, improves traceability, and anchors managerial 

recommendations to verifiable enterprise documentation [14], [20]. 

Figure 3 explains the operational core of the proposed model by separating retrieval into recall-oriented search and 

precision-oriented re-ranking. The lower scoring boxes indicate that document relevance is computed from multiple 

dimensions rather than semantic similarity alone. The post-processing blocks show that evidence augmentation is 

controlled through redundancy and conflict handling before the context is passed to the reasoning model. 
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Figure 3. Two-Stage Retrieval and Augmentation Mechanism 

Table 3 lists the principal computational signals that shape retrieval quality in the methodology. It shows that the model 

does not rely on a single similarity function, but on a composite mechanism that reflects semantic, temporal, and 

organizational validity. The table is especially useful because it links each component to a specific operational role and 

practical effect. In financial services, such explicit parameterization is important for explaining why a retrieved passage 

is considered fit for managerial decision support. 

Table 3. Retrieval Parameters, Ranking Signals, and Augmentation Controls 

Component Purpose Main Signal Operational Role Expected Effect 

Dense Retrieval 
Capture broad candidate 

evidence 
Embedding similarity 

High recall 

screening 

Fewer missed relevant 

chunks 

Metadata Matching 
Align query with business 

context 

Department and 

document tags 
Context filtering 

Improved enterprise 

relevance 

Temporal Weighting 
Prioritize valid and recent 

content 
Effective date 

Recency 

adjustment 

Lower outdated 

retrieval risk 

Authority Weighting 
Prefer approved source 

material 

Approval and policy 

level 
Trust calibration 

Higher institutional 

validity 

Augmentation 

Control 

Prepare grounded 

reasoning context 

Redundancy and conflict 

checks 
Context assembly 

Cleaner evidence 

package 

 

Algorithm 1 Retrieval-Augmented Decision Intelligence Pipeline 

Input: 

    Query q 

    Hybrid knowledge base KB 

    Top-k retrieval size k 

    Re-ranking size r 

Output: 

    Decision-support response y 

    Evidence set E* 

 

Begin 

    q_clean <- preprocess(q) 

    q_embed <- encode(q_clean) 

    C <- retrieve_top_k(KB, q_embed, k) 

    For each chunk c in C do 

        sem_score[c] <- semantic_similarity(q_embed, embedding(c)) 

        meta_score[c] <- metadata_match(q, metadata(c)) 

        time_score[c] <- temporal_validity(metadata(c)) 

        auth_score[c] <- authority_weight(metadata(c)) 

        total_score[c] <- combine(sem_score[c], meta_score[c], time_score[c], auth_score[c]) 

    End For 

    R <- rank_descending(C, total_score) 

    E <- select_top_r(R, r) 
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    E* <- remove_redundancy_and_conflicts(E) 

    prompt <- build_augmented_context(q_clean, E*) 

    y <- generate_grounded_response(prompt) 

    return y, E* 

End 

3.4. Decision Intelligence Layer and Analytical Inference 

The decision intelligence layer transforms retrieved enterprise evidence into interpretable analytical outputs that 

support managerial action. This layer does not merely summarize retrieved text. Instead, it restructures the evidence 

into decision-oriented forms such as recommended actions, risk flags, policy interpretations, exception pathways, or 

comparative option assessments. In the context of financial services, such outputs are valuable for frontline operations, 

supervisory review, internal governance, and knowledge-driven escalation workflows where consistency and 

justification are critical [11], [12]. 

To improve analytical usability, the inference procedure applies task framing based on the decision category associated 

with each query. Queries related to compliance clarification are treated differently from those concerning customer 

resolution, product suitability, or internal risk guidance. This task-aware prompting strategy helps the model produce 

outputs that align with the logic of the business process rather than generic summaries. As a result, the system can 

present retrieved evidence in a form that is operationally meaningful for a specific financial management function. 

The confidence of the decision-support output is modeled through an evidence aggregation function: 

𝐶𝑓 =
1

𝑛
∑𝑤𝑖 ⋅ 𝑟𝑖

𝑛

𝑖=1

 (4) 

Here, Cf denotes confidence in the final response, ri is the relevance contribution of evidence item i, and wi is the 

importance weight assigned to that item. The formula expresses that output confidence should increase when multiple 

high-quality evidence units converge on a consistent conclusion. This is especially useful in enterprise environments 

where the quality of a recommendation depends on the density and coherence of documentary support. 

The final output is designed to include three components, namely a concise answer, a justification layer, and a traceable 

evidence reference set. This tripartite structure improves organizational trust because decision consumers can see not 

only the conclusion but also the logic and source basis behind it. Methodologically, this design aligns the system with 

explainable decision support principles. In financial services, such explainability is not optional because operational 

decisions often require later review by auditors, supervisors, or compliance personnel [21], [23]. 

Figure 4 presents the transformation of retrieved evidence into decision-oriented output. Inputs from evidence, query 

intent, and business context enter a central intelligence layer that frames the task, fuses evidence, and constructs a 

rationale. The outputs are separated into recommendation, justification, and reference trace, which mirrors the 

explainability requirements of financial decision environments. 
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Figure 4. Decision Intelligence Layer for Explainable Managerial Output 

Table 4 clarifies that the decision intelligence layer is task-sensitive rather than generic. Different query categories 

require different reasoning emphases, output forms, and explainability mechanisms. By showing this mapping 

explicitly, the table strengthens the methodological claim that decision support quality depends on alignment between 

task type and inference structure. 

Table 4. Decision Task Types, Inference Logic, and Explainability Outputs 

Decision Task Primary Objective Inference Focus Output Form 
Explainability 

Element 

Compliance 

Clarification 
Interpret applicable rules Policy consistency Rule-based answer Cited policy passages 

Risk Review Support 
Highlight control 

concerns 

Risk signals and 

exceptions 

Risk notes and action 

cue 

Evidence-backed 

flags 

Product Guidance 
Match rules with product 

conditions 

Eligibility and 

features 

Recommendation 

summary 

Supporting product 

clauses 

Service Resolution 
Resolve operational 

inquiries 
Procedure alignment Stepwise response 

Source-linked 

rationale 

Escalation Support 
Identify cases needing 

review 

Threshold and 

exception logic 
Escalation suggestion 

Traceable trigger 

basis 

3.5.Evaluation Design, Metrics, and Validation Strategy 

The evaluation stage uses a multi-dimensional design to assess retrieval quality, augmentation reliability, decision 

usefulness, and operational interpretability. Because the framework serves financial service knowledge work, system 

quality cannot be evaluated through language fluency alone. The methodology therefore combines information retrieval 

metrics, response grounding metrics, and expert-based usefulness assessment. This integrated approach allows 

performance to be examined from both computational and organizational perspectives, ensuring that the proposed 

artifact is evaluated as a decision support system rather than only as a language model application. 

The validation dataset consists of enterprise-style queries derived from realistic financial service tasks, including 

compliance checks, product rule clarification, procedural interpretation, and risk-related information lookup. Each 

query is paired with a curated relevance judgment and, where applicable, an expected decision rationale prepared by 

domain-informed evaluators. This setup makes it possible to evaluate the full pipeline, from retrieval to analytical 

output. It also supports error analysis on cases involving outdated policies, ambiguous terminology, and cross-

departmental knowledge overlap [7], [24]. 
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To quantify overall system effectiveness, the study defines a composite evaluation index as follows: 

𝐸𝑠𝑦𝑠 = 𝜇𝑃@𝑘 + 𝜈𝑁𝐷𝐶𝐺 + 𝜌𝐺𝑠 + 𝜎𝑈𝑠 (5) 

In this equation, Esys denotes total system effectiveness, P@k represents precision at rank k, NDCG measures ranking 

quality, Gs denotes grounding score, and Us indicates expert-assessed usefulness. The coefficients μ, ν, ρ, and σ regulate 

the contribution of each metric. This formulation is appropriate because decision intelligence quality in financial 

services depends simultaneously on retrieval correctness, evidential grounding, and managerial applicability. 

The evaluation procedure includes quantitative testing, qualitative expert review, and failure pattern analysis. 

Quantitative testing measures retrieval and output quality under controlled query sets. Qualitative review examines 

whether the generated decision responses are interpretable, justifiable, and operationally safe. Failure analysis identifies 

recurring weaknesses such as policy-version confusion, insufficient evidence coverage, or overgeneralized 

recommendations. Together, these procedures provide a rigorous validation strategy for determining whether retrieval-

augmented decision intelligence can serve as a reliable enterprise knowledge instrument in financial services [10], [17]. 

Figure 5 summarizes the evaluation design as a multi-perspective framework. Instead of relying only on retrieval 

statistics, it integrates ranking performance, evidence grounding, expert usefulness review, and structured failure 

analysis. The dashed dataset box indicates that evaluation is driven by realistic enterprise query categories rather than 

abstract benchmark prompts. This figure is methodologically important because it demonstrates that the proposed 

system is assessed as a decision support artifact with both computational and managerial criteria. 

 

Figure 5. Integrated Evaluation Design for Decision Intelligence Systems 

Table 5 provides a compact but rigorous view of the validation strategy. It distinguishes between retrieval accuracy, 

ranking quality, grounding reliability, managerial usefulness, and robustness diagnosis. Each dimension is paired with 

an instrument and a validation source so that the evaluation protocol can be replicated or audited. 

Table 5. Evaluation Dimensions, Metrics, and Validation Instruments 

Evaluation 

Dimension 

Metric or 

Instrument 
Measured Aspect Validation Source Interpretive Goal 

Retrieval Quality Precision@k Top-ranked relevance 
Labeled query-

evidence pairs 

Assess evidence 

accuracy 

Ranking 

Effectiveness 
NDCG Ordering quality 

Graded relevance 

judgments 

Evaluate prioritization 

strength 

Grounding 

Reliability 
Grounding score 

Faithfulness to retrieved 

evidence 

Output-evidence 

comparison 

Detect unsupported 

claims 

Managerial 

Usefulness 

Expert review 

rubric 
Clarity and decision value 

Domain-informed 

evaluators 

Judge practical 

relevance 

Robustness 

Diagnosis 

Failure analysis 

log 
Error pattern type 

Incorrect and 

borderline cases 

Identify system 

weaknesses 
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4. Results and Discussion 

4.1. Overall System Performance 

The experimental results show that the proposed retrieval-augmented decision intelligence framework achieved stable 

performance across the evaluation dataset and consistently outperformed a non-augmented baseline model on all 

primary dimensions. The strongest gains appeared in grounded response quality and decision relevance, indicating that 

the integration of structured retrieval and contextual augmentation materially improved enterprise answer generation. 

This pattern suggests that decision support in financial services benefits more from controlled evidence fusion than 

from standalone generative fluency. 

A broader inspection of the results indicates that performance gains were not isolated to one query type. Compliance 

clarification, product guidance, risk review support, and service resolution all recorded higher response usefulness after 

retrieval augmentation was introduced. The improvement was especially visible in tasks requiring policy-sensitive 

interpretation, where enterprise metadata and document authority contributed to more reliable outputs. These findings 

support the claim that retrieval augmentation enhances practical decision intelligence by anchoring responses in 

institutionally valid knowledge sources. 

Figure 6 presents the aggregate comparison between the baseline model and the proposed retrieval-augmented 

framework across five evaluation dimensions. The proposed model shows consistent superiority, with the largest 

absolute gain appearing in the grounding metric. This indicates that the addition of retrieved enterprise evidence 

reduced unsupported claims and improved the fidelity of generated outputs. The figure therefore confirms that 

performance enhancement was not marginal but structurally distributed across the full decision support pipeline. 

 

Figure 6. Overall Comparative Performance Across Evaluation Dimensions 

The visual pattern also reveals that usefulness and overall performance rose in parallel with retrieval-centered metrics. 

This is analytically significant because it suggests that retrieval quality is not merely a back-end optimization target 

but a direct determinant of managerial value. In enterprise financial settings, an answer becomes useful when it is both 

relevant and evidentially grounded. The figure thus supports the discussion that system effectiveness emerges from the 

interaction between search quality, contextual augmentation, and decision-oriented response design. 

Table 6 summarizes the overall numerical performance of the compared systems and provides the exact values that 

correspond to the visual comparison in figure 6. The proposed framework achieved improvements of 0.15 in 

Precision@5, 0.14 in NDCG, 0.16 in grounding score, and 0.17 in usefulness score. These margins are substantial for 

an enterprise knowledge task because they reflect gains in both computational accuracy and practical managerial 

acceptability. 
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Table 6. Aggregate Performance Scores of the Evaluated Systems 

System Precision@5 NDCG 
Grounding 

Score 

Usefulness 

Score 

Overall 

Index 

Baseline Generative Model 1 0.74 1 0.7 0.71 

Retrieval-Augmented Decision 

Intelligence 
1 0.88 1 0.87 0.86 

From a discussion standpoint, the table demonstrates that the proposed framework is not optimized for a single metric 

at the expense of others. Instead, the model produces balanced improvements across retrieval, ranking, grounding, and 

usefulness. This multidimensional consistency is important in financial services because decision support systems are 

evaluated not only on technical performance but also on the operational consequences of their outputs. The table 

therefore strengthens the argument that retrieval augmentation improves enterprise knowledge intelligence in an 

integrated manner. 

4.2. Retrieval and Re-Ranking Effectiveness Across Query Categories 

The retrieval analysis shows that system performance varied moderately across query categories, yet remained 

consistently strong after the introduction of hybrid re-ranking. Product guidance and compliance clarification obtained 

the highest-ranking performance because these query types benefited from clearly structured policy language and 

strong metadata alignment. Service resolution tasks performed slightly lower, mainly because archived case materials 

contained more diverse phrasing and more context-dependent terminology. Even so, the re-ranking layer reduced this 

variation and stabilized output quality across categories. 

The comparative ranking results also show that semantic retrieval alone was insufficient for enterprise-grade precision. 

When candidate passages were ordered only by embedding similarity, outdated policy fragments and loosely related 

content were more likely to appear near the top. After temporal and authority weights were introduced, the ranking 

order became more aligned with managerial expectations. This indicates that financial knowledge retrieval requires a 

hybrid relevance logic in which institutional validity is treated as a core ranking signal rather than a secondary 

refinement. 

Figure 7 shows the difference between initial dense retrieval and the final hybrid re-ranking stage across four enterprise 

query categories. In all categories, the re-ranked results outperformed the raw dense retrieval outputs, confirming that 

ranking refinement added meaningful value beyond semantic matching. The largest gain was observed in service 

resolution tasks, where hybrid re-ranking helped compensate for language variability by using metadata and document 

authority to refine evidence prioritization. 

 
Figure 7. Ranking Quality Across Enterprise Query Categories 
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The figure also reveals that product and compliance queries reached the highest NDCG values, which is consistent 

with the structured nature of those knowledge sources. Risk-related queries performed slightly lower because relevant 

evidence was more dispersed across policies, internal controls, and exception records. Nonetheless, the improvement 

pattern remained positive in every category. This supports the interpretation that the re-ranking strategy successfully 

translates heterogeneous enterprise content into more dependable retrieval outputs for downstream decision support. 

Table 7 provides the exact ranking scores underlying the category-wise comparison. The numerical values show that 

every query type benefited from hybrid re-ranking, with improvement ranging from 0.04 to 0.06. The largest 

improvement in service resolution indicates that re-ranking is especially valuable when the knowledge base contains 

archived operational cases that are semantically diverse and structurally uneven. This makes the table particularly 

relevant for demonstrating the robustness of the retrieval design in realistic enterprise conditions. 

Table 7. Retrieval and Re-Ranking Scores by Enterprise Query Type 

Query Type 
Dense Retrieval 

NDCG 

Hybrid Re-ranking 

NDCG 
Improvement Main Benefit Observed 

Compliance 

Clarification 
1 0.89 0 

Better policy version 

prioritization 

Product Guidance 1 0.91 0 
Higher feature-condition 

alignment 

Risk Review Support 1 0.87 0.05 Stronger exception filtering 

Service Resolution 0.79 0.85 0.06 Reduced archival noise 

The table also clarifies that the source of improvement differs by task. Compliance queries benefited from better policy 

version prioritization, while product guidance depended more on improved alignment between conditions and product 

clauses. Risk review tasks required stronger exception filtering, and service queries needed noise reduction from 

historical records. These distinctions matter because they show that retrieval quality is not a monolithic outcome. 

Instead, the hybrid ranking strategy improves different query types through different relevance signals, which is 

precisely the type of adaptive behavior expected in enterprise decision systems. 

4.3. Grounding Quality and Evidence Alignment 

The grounding evaluation demonstrates that the proposed framework generated responses with a high degree of 

alignment to retrieved enterprise evidence. Most responses included claims that could be directly traced to authoritative 

source passages, and unsupported generalization occurred much less frequently than in the baseline condition. This 

indicates that retrieval augmentation did not merely enrich the content volume of responses. It also constrained the 

generative process in ways that improved factual anchoring and reduced the risk of institutionally inappropriate 

recommendations. 

A category-specific examination shows that grounding quality was strongest in compliance and product tasks, where 

the knowledge base contained explicit clauses and rule-based formulations. Lower but still satisfactory grounding 

performance appeared in service resolution and risk support, where multiple documents often had to be synthesized to 

produce a coherent response. In those cases, the challenge was not absence of evidence but dispersion of evidence 

across operational records. Even so, the results indicate that the framework preserved strong evidential discipline under 

more complex reasoning scenarios. 

Figure 8 illustrates the grounding quality of generated responses across the four enterprise query categories. The scores 

remain high overall, with compliance clarification reaching the strongest level of evidence alignment. This result is 

expected because compliance responses typically rely on explicit regulatory language and well-defined internal policy 

documents. The figure confirms that the retrieval-augmented framework maintains strong faithfulness to source 

material, especially when the supporting evidence is formally structured and institutionally authoritative. 
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Figure 8. Evidence Alignment of Generated Responses by Query Type 

The slightly lower grounding scores for risk and service queries reveal a more complex documentary environment 

rather than a failure of the framework itself. These query types often require information from multiple sources, such 

as policy documents, case records, and procedural notes. As a result, the model must integrate dispersed evidence into 

a coherent answer. The figure suggests that the framework remains effective under this complexity, although additional 

conflict resolution and evidence aggregation mechanisms could further strengthen grounding in multi-source situations. 

Table 8 expands the grounding discussion by associating each score with the dominant evidence pattern that 

characterized successful retrieval and generation. The table shows that stronger grounding was associated with more 

explicit documentary structure, while lower scores corresponded to tasks that required evidence synthesis across several 

documents. This distinction is methodologically important because it reveals that grounding quality depends not only 

on the model architecture but also on the documentary topology of the enterprise knowledge base. 

Table 8. Grounding Assessment Results and Common Evidence Patterns 

Query Type 
Grounding 

Score 

Dominant Evidence 

Pattern 
Typical Challenge Interpretation 

Compliance 

Clarification 
1 

Single-source policy 

anchoring 
Version sensitivity Highly stable grounding 

Product Guidance 1 
Clause-based feature 

matching 
Condition overlap Strong evidence traceability 

Risk Review 

Support 
1 

Multi-source evidence 

synthesis 

Dispersed control 

statements 

Good but more complex 

grounding 

Service Resolution 0.79 
Archived case and 

procedure fusion 
Language variability 

Acceptable grounding with 

noise risk 

The interpretive column further clarifies that lower grounding does not necessarily imply poor performance. In service 

and risk tasks, acceptable grounding was still achieved despite higher linguistic variation and evidence dispersion. This 

suggests that the framework has already reached useful levels of reliability in complex enterprise settings, while still 

leaving room for refinement in cross-document fusion. The table thus helps frame grounding as an interaction between 

retrieval design, document structure, and managerial task complexity. 

4.4. Managerial Usefulness and Interpretability 

The expert-oriented evaluation indicates that the framework produced responses judged to be highly useful for 

managerial and operational decision tasks. Assessors reported that the system was particularly strong at generating 
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concise recommendations supported by transparent source logic. This combination of actionability and explainability 

is central in financial service environments, where users often require answers that can be reviewed, defended, and 

operationalized without extensive manual reinterpretation. The results therefore show that usefulness was driven by 

both content relevance and interpretive clarity. 

Interpretability was also rated positively because the response format separated the answer into recommendation, 

rationale, and evidence reference segments. This structure helped evaluators understand not only what the system 

suggested but also why that suggestion was justified. Compared with more generic generative systems, the proposed 

framework produced outputs that aligned better with supervisory review practices and internal escalation workflows. 

The discussion therefore suggests that response design is a decisive factor in converting retrieval quality into actual 

managerial benefit. 

Figure 9 shows the average expert scores across five managerial usefulness dimensions. All scores exceed 4.0 on a 

five-point scale, which indicates broad evaluator agreement that the framework generated outputs with high practical 

value. Actionability and decision value received the highest ratings, suggesting that the system was not merely 

informative but directly supportive of business judgment. This pattern reinforces the argument that enterprise decision 

intelligence should be evaluated on the ability to support action under organizational constraints. 

 

Figure 9. Expert-Based Assessment of Managerial Usefulness 

The relatively high score for interpretability is especially notable because explainability is often weakened when 

systems optimize for fluency or brevity alone. In this case, the structured output design preserved transparency while 

maintaining concise response delivery. The strong trustworthiness rating also indicates that experts perceived the 

evidence-supported format as credible. The figure therefore highlights that the proposed framework achieved a 

favorable balance between managerial efficiency and interpretive accountability, which is particularly valuable in 

regulated financial contexts. 

Table 9 details the expert assessment results and links each score to a specific observed strength and reviewer concern. 

This is useful because it shows that high usefulness did not imply absence of critique. Reviewers appreciated the clarity 

and action orientation of the outputs, yet still noted areas where scenario boundaries and escalation cues could be 
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improved. Such nuanced feedback is valuable because it shows that the system was already effective while remaining 

open to refinement in more complex organizational cases. 

Table 9. Expert Review Summary on Usefulness and Interpretability 

Dimension 
Average 

Score 
Main Strength Observed Reviewer Concern 

Overall 

Interpretation 

Clarity 4 Concise answer structure Occasional technical density Highly readable 

Actionability 5 
Direct recommendation 

format 
Needs scenario boundary notes 

Strong operational 

utility 

Trustworthiness 4 Evidence-linked reasoning Depends on source freshness 
Credible decision 

support 

Interpretability 4.4 
Separated rationale and 

references 

Some multi-source responses 

are dense 
Strong transparency 

Decision Value 4.5 
Relevant to managerial 

workflow 

Complex cases need escalation 

cues 

High business 

relevance 

The table also reveals that trustworthiness was shaped not only by language quality but by the perceived freshness and 

validity of underlying sources. This observation aligns with the methodological emphasis on metadata and authority-

aware retrieval. Similarly, the interpretability advantage arose from response structure rather than from model 

simplicity alone. The table therefore supports a broader management-oriented conclusion that usefulness emerges from 

the combined design of retrieval, output formatting, and evidence transparency, rather than from generative capability 

in isolation. 

4.5. Failure Patterns, Robustness, and Deployment Implications 

Although the system achieved strong overall results, the failure analysis identified several recurring error patterns that 

are important for enterprise deployment. The most frequent issue involved outdated or superseded policy fragments 

appearing among otherwise relevant evidence candidates. Another common weakness concerned cross-document 

ambiguity, especially when operational cases used terminology that only partially matched formal policy language. 

These findings do not undermine the framework but indicate where further safeguards are required to sustain reliability 

under production conditions. 

The robustness discussion also shows that complex multi-source queries remain the most challenging scenario for the 

framework. In such cases, the system sometimes generated answers that were individually grounded to retrieved 

passages but insufficiently explicit about internal contradictions or escalation uncertainty. This suggests that future 

versions should strengthen conflict awareness and introduce more explicit uncertainty signaling. For enterprise 

financial services, a cautious and traceable partial answer is often preferable to an overly confident synthesis when the 

supporting evidence is fragmented or institutionally inconsistent. 

Figure 10 presents the frequency distribution of the main failure patterns detected during evaluation. Outdated policy 

retrieval was the most common issue, followed by cross-document ambiguity and partial evidence coverage. This result 

is consistent with the realities of enterprise knowledge management, where document revision cycles and overlapping 

policy domains create structural complexity for retrieval systems. The figure therefore highlights that the remaining 

weaknesses of the framework are strongly tied to the properties of organizational knowledge itself. 
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Figure 10. Observed Failure Patterns in Enterprise Query Evaluation 

The lower frequency of escalation-related failures does not mean that such cases are unimportant. In fact, a smaller 

number of errors in escalation signaling may still carry disproportionate operational risk if they affect high-stakes 

decisions. The figure supports a deployment-oriented interpretation in which failure frequency should be considered 

together with business criticality. From that perspective, the next stage of model refinement should focus not only on 

reducing common retrieval errors but also on improving safety behavior in complex and sensitive cases. 

Table 10 translates the failure analysis into an enterprise deployment perspective by linking each error type to its cause, 

effect, risk level, and mitigation pathway. This moves the discussion beyond diagnostic observation and into practical 

system improvement. The high-risk classification of outdated policy retrieval and insufficient escalation signaling is 

especially important because these error types can affect regulatory compliance and operational safety, even when they 

are not the most frequent in raw counts. 

Table 10. Failure Types, Causes, and Deployment Implications 

Failure Type Primary Cause Observed Effect 
Risk 

Level 
Recommended Mitigation 

Outdated Policy 

Retrieval 
Weak version filtering 

Obsolete 

recommendation risk 
High 

Stronger recency and version 

controls 

Cross-Document 

Ambiguity 

Overlapping evidence 

sources 
Unclear synthesis High 

Conflict-aware response 

logic 

Terminology 

Mismatch 

Operational and policy 

language gap 

Reduced retrieval 

precision 
Medium Domain lexicon expansion 

Insufficient Escalation 

Signal 

Overconfident response 

formatting 
Hidden uncertainty High Explicit uncertainty prompts 

Partial Evidence 

Coverage 
Dispersed documentation Incomplete justification Medium 

Improved multi-source 

aggregation 

The table also reveals that not all failures should be addressed using the same technical strategy. Version filtering, 

lexicon expansion, conflict-aware reasoning, and multi-source aggregation correspond to different components of the 

pipeline. This reinforces the value of the modular architecture introduced in Chapter 3, since improvements can be 

targeted at specific subsystems without redesigning the entire framework. As a discussion outcome, the table shows 

that the proposed model is already viable for enterprise use, but its production readiness depends on stronger safeguards 

for version control, uncertainty handling, and evidence integration. 
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5. Conclusion 

This study developed a retrieval-augmented decision intelligence framework for enterprise knowledge bases in 

financial services and demonstrated that the integration of semantic retrieval, hybrid re-ranking, contextual 

augmentation, and explainable response generation can substantially improve knowledge-driven decision support. The 

results showed that the proposed framework consistently outperformed a baseline generative approach across retrieval 

quality, grounding reliability, managerial usefulness, and overall system effectiveness. These findings confirm that 

decision intelligence in regulated enterprise environments is strengthened when generated responses are anchored to 

authoritative internal evidence rather than produced through unconstrained language generation. 

The discussion also established that enterprise retrieval quality depends on more than semantic similarity. In financial 

services, relevant decision support must reflect document authority, version validity, metadata alignment, and task-

specific context. The strongest performance was observed in compliance clarification and product guidance, while 

more complex tasks such as risk review and service resolution revealed the importance of multi-source evidence 

integration and conflict-aware reasoning. Expert assessment further showed that the framework delivered high practical 

value because it produced responses that were concise, actionable, interpretable, and traceable to supporting evidence. 

Despite these strengths, the study identified several deployment-critical limitations, including outdated policy retrieval, 

cross-document ambiguity, terminology mismatch, and insufficient escalation signaling in complex cases. These 

limitations indicate that future work should prioritize stronger version control, richer domain lexicons, explicit 

uncertainty handling, and more robust multi-source aggregation strategies. Overall, the study contributes to the field 

of AI in Management by showing that retrieval-augmented architectures can function not only as information access 

tools but as structured decision intelligence systems capable of supporting accountable and operationally meaningful 

enterprise reasoning in financial service institutions. 
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     D I = 𝛼   R  p + 𝛽   C  c + 𝛾   A  q


       N  c =  ⌈     L  d    L  s × 𝛿 ⌉


     S ( d , q ) = 𝜆 sim (   e  q ,   e  d ) + ( 1 − 𝜆 ) ( 𝜂   M  d + 𝜃   T  d + 𝜅   A  d )


       C  f =  1  n   ∑  i = 1  n    w  i ⋅   r  i


       E  s y s = 𝜇 P @ k + 𝜈 N D C G + 𝜌   G  s + 𝜎   U  s

