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Retrieval-augmented artificial intelligence (AI) systems increasingly support decision-making in

domains such as finance, medicine, law, software engineering, and scientific research, yet

contemporary retrieval architectures optimize semantic relevance without evaluating evidentiary

eligibility. This paper investigates whether evidence admissibility is a distinct retrieval correctness

construct, independent of semantic relevance, that determines whether retrieved information is

eligible to participate in downstream reasoning. We argue that relevant information is not necessarily

admissible evidence: an expired regulation, a retracted study, or an overturned legal precedent may

remain topically relevant while unsuitable for evidentiary use. Through cross-domain conceptual

synthesis, we formalize evidence admissibility as a knowledge representation construct and develop a

domain-general ontology of its recurring dimensions. We examine the recurrence of these dimensions

across finance, medicine, law, software engineering, and scientific research, and introduce an

Admissibility Failure Matrix identifying evidentiary failure as a retrieval outcome distinct from

conventional relevance failure. A 40-document feasibility pilot across four domains provides

preliminary evidence that the construct is empirically observable and that admissibility failure occurs

at substantial rates. We propose that admissibility evaluation must precede relevance ranking,

formalized here as the architectural principle Eligibility Before Ranking. This work contributes a

previously unformalized retrieval correctness construct, its formal ontological representation, and an

architectural principle with implications for trustworthy AI, knowledge engineering, and enterprise

decision support.
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1. Introduction

Retrieval-augmented artificial intelligence (AI) systems increasingly support decision-making in

domains such as healthcare, finance, law, software engineering, and scientific research. In these

environments, system performance depends not only on reasoning quality but also on the correctness of

the information retrieved to support that reasoning. As AI systems are deployed in higher-consequence

settings, retrieval correctness has become a critical challenge.

Viewed from a knowledge-engineering perspective, this is fundamentally a knowledge representation

problem. Before a retrieval or reasoning system can act on retrieved information, it must be able to

represent, and reason over, formal criteria that determine whether that information is eligible for

evidentiary use. These criteria are not reducible to learned relevance signals: they are structured,

symbolic knowledge about temporal validity, lineage, authority, and other properties that govern

whether information may legitimately support a decision. Admissibility, in this sense, is not merely a

retrieval filter: evidence admissibility functions as a knowledge representation layer that determines

which information objects are eligible to participate in downstream reasoning, independent of their

semantic relevance to a query. Formalizing this layer, rather than leaving it implicit, is the central

knowledge engineering task this paper undertakes.

Contemporary retrieval architectures primarily optimize semantic relevance. Documents are retrieved

and ranked according to their estimated correspondence with a query, while evaluation focuses on

measures such as precision, recall, and ranking effectiveness. Implicit in these approaches is the

assumption that information relevant to a question is also suitable to serve as evidence in answering that

question.

However, relevant information is not necessarily admissible evidence. An expired regulation may remain

relevant to a compliance inquiry, a retracted study may remain relevant to a clinical question, and an

overturned legal precedent may remain relevant to a legal dispute. Although each document pertains to

the query, its use as evidence may produce incorrect, unsafe, or non-compliant outcomes. These

examples suggest that relevance and evidence eligibility represent distinct concepts.

Despite extensive research in information retrieval, retrieval-augmented generation, provenance, trust,

and knowledge governance, existing retrieval frameworks generally treat evidence validity as a filtering

or ranking consideration rather than as a separate retrieval correctness construct. Consequently, current
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retrieval theory lacks an explicit construct for determining whether information is eligible to be used as

evidence before relevance evaluation occurs.

This paper investigates the following research question:

Does evidence admissibility represent a distinct construct from semantic relevance, and is it a

necessary prerequisite for retrieval correctness in knowledge-intensive AI systems?

To address this question, we introduce evidence admissibility as a theoretical construct governing the

eligibility of information for evidentiary use, and we examine whether this construct recurs across

banking, medicine, law, software engineering, and scientific research. To formalize the construct, Section

4 develops a domain-general ontology of its recurring dimensions. Based on this analysis, we argue that

admissibility evaluation should precede relevance evaluation and propose admissibility as a retrieval

correctness construct for trustworthy AI systems.

The contributions of this paper are fourfold:

1. We introduce evidence admissibility as a previously unformalized retrieval correctness construct,

distinct from semantic relevance.

2. We develop a formal ontology representing this construct and demonstrate its recurrence across

multiple domains.

3. We provide preliminary empirical evidence, from a cross-domain feasibility pilot, that the construct

is observable in real documents.

4. We propose Eligibility Before Ranking, an architectural principle under which admissibility

evaluation precedes relevance ranking in retrieval-augmented AI systems.

The remainder of the paper is organized as follows. Section 2 reviews related work and identifies the

research gap. Section 3 formalizes admissibility as a retrieval correctness problem. Section 4 presents the

proposed ontology. Section 5 examines admissibility across domains. Section 6 discusses implications

for retrieval correctness. Section 7 discusses architectural implications for AI system design. Section 8

discusses limitations and future research directions, and Section 9 concludes.
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2. Related Work

2.1. Information Retrieval

Information retrieval (IR) is concerned with identifying and ranking information resources that satisfy a

user's information need. Since the emergence of modern retrieval theory, relevance has served as the

primary construct guiding retrieval effectiveness and system evaluation  [1][2]. Traditional retrieval

systems estimate relevance using lexical, statistical, and probabilistic representations of document-query

similarity, while evaluation frameworks assess performance through relevance-oriented measures such

as precision, recall, and ranking effectiveness [3][4].

Although retrieval methodologies have evolved substantially, their underlying objective has remained

largely consistent. Classical approaches such as TF-IDF and BM25 estimate relevance through term

occurrence and distribution patterns [5], whereas contemporary neural retrieval systems employ learned

vector representations to capture semantic relationships that extend beyond exact keyword matching [6]

[7]. Benchmarking efforts similarly evaluate retrieval quality using relevance-centered metrics including

mean average precision (MAP), normalized discounted cumulative gain (nDCG), and related ranking

measures [8].

The emergence of large language models has further increased the importance of retrieval systems.

Retrieval-Augmented Generation (RAG) architectures integrate retrieval components with generative

models to provide external knowledge during response generation  [9]. Subsequent retrieval-augmented

architectures have demonstrated that retrieval quality directly influences downstream reasoning and

generation quality, making document selection a critical determinant of overall system performance [10]

[11][12].

Despite these advances, the dominant notion of retrieval correctness remains fundamentally relevance-

centered. Documents are generally considered desirable when they are relevant to a user's query, and

retrieval effectiveness is typically evaluated according to the system's ability to identify and rank relevant

information [3][8]. Consequently, relevance continues to serve as the principal theoretical and operational

criterion for retrieval success across both classical and neural retrieval paradigms.

The success of relevance-centered retrieval has enabled substantial progress in search, question

answering, and retrieval-augmented AI systems. However, as retrieval increasingly serves as a
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foundation for evidence-based decision support, an important question emerges: Is relevance alone

sufficient to determine whether retrieved information should be relied upon?

The following sections examine related work in provenance, trust, information quality, and governance

that suggests additional considerations may be necessary when retrieved information is used as evidence

rather than merely as information.

2.2. Retrieval-Augmented Generation and Knowledge-Intensive AI Systems

The emergence of large language models (LLMs) has substantially expanded the role of information

retrieval within AI systems. While traditional retrieval systems primarily support information access,

contemporary retrieval-augmented architectures employ retrieved information as an input to reasoning,

generation, and decision-support processes. As a result, retrieval quality increasingly influences not only

what information is presented to users, but also how AI systems formulate responses and

recommendations.

Retrieval-Augmented Generation (RAG) architectures represent one of the most widely adopted

approaches for integrating external knowledge into LLM-based systems  [9]. By retrieving relevant

documents and incorporating them into the model's context, RAG systems mitigate knowledge staleness

and improve performance on knowledge-intensive tasks. Subsequent architectures, including

REALM  [10], Atlas  [11], and Self-RAG  [12], further reinforced the central role of retrieval in modern AI

systems.

A common assumption underlying these architectures is that improvements in retrieval quality lead to

improvements in downstream task performance. Consequently, substantial research has focused on

enhancing retrieval effectiveness through improved ranking models, dense retrieval techniques, query

reformulation strategies, retrieval correction mechanisms, and hybrid search architectures. Across these

approaches, retrieval effectiveness remains predominantly evaluated using relevance-oriented

objectives, with the expectation that more relevant retrieved information will support better reasoning

outcomes.

As retrieval systems become increasingly integrated into decision-support environments, however,

retrieved documents assume a role that extends beyond information access. Retrieved information often

functions as evidence supporting recommendations, explanations, compliance decisions, diagnostic

assessments, and other forms of knowledge-intensive reasoning. In these settings, retrieval errors may
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propagate directly into downstream outputs, causing reasoning systems to rely upon information that is

incomplete, outdated, superseded, unauthorized, or otherwise inappropriate for the decision context.

Recent work addressing hallucination, trustworthiness, provenance, and retrieval robustness implicitly

recognizes the importance of retrieval correctness beyond ranking performance alone. Nevertheless,

most retrieval-augmented architectures continue to frame retrieval quality primarily in terms of

relevance and information access. Relatively little attention has been devoted to the question of whether

retrieved information is eligible to serve as evidence before it is incorporated into downstream reasoning

processes.

This observation does not diminish the importance of relevance. Rather, it highlights a consequence of

retrieval's evolving role within AI systems. As retrieval transitions from a mechanism for locating

information to a mechanism for supplying evidence used in reasoning and decision-making, additional

criteria may be required to determine whether retrieved information should be relied upon. The

following section examines research streams concerned with trust, provenance, information quality, and

governance that begin to address aspects of this broader challenge.

2.3. Knowledge Governance and Information Governance

Beyond information retrieval, organizations have long recognized the need to govern how information is

created, maintained, accessed, and used. Research in knowledge governance, information governance,

records management, and enterprise knowledge management emphasizes that information assets

possess characteristics that extend beyond their informational content alone  [13][14]. Questions of

ownership, authority, access rights, provenance, retention, and compliance frequently influence whether

information may be used within a particular organizational context.

Information governance frameworks generally focus on ensuring that information remains trustworthy,

compliant, secure, and fit for organizational use throughout its lifecycle. Governance mechanisms

commonly address issues such as document version control, retention schedules, access restrictions,

provenance tracking, policy management, and regulatory compliance. These controls operate

independently of topical relevance and are instead concerned with determining whether information

satisfies organizational requirements for appropriate use [15][16].

Recent governance initiatives in artificial intelligence have extended these concerns to AI-enabled

decision-support systems. Frameworks such as the NIST AI Risk Management Framework emphasize

governance, transparency, accountability, data quality, and risk management as prerequisites for
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trustworthy AI deployment [17]. Similarly, emerging AI governance literature highlights the importance

of provenance, traceability, documentation, and oversight mechanisms in ensuring reliable system

behavior [18][19].

A common theme across these governance traditions is that information is rarely treated as universally

eligible for use. Instead, organizations routinely evaluate conditions under which information may be

accessed, relied upon, disclosed, retained, or acted upon. Access permissions determine who may view

information. Retention policies determine whether information remains valid for operational purposes.

Version control mechanisms identify authoritative documents. Compliance processes establish whether

information satisfies regulatory requirements. These governance decisions are fundamentally concerned

with information eligibility rather than information relevance.

Despite this operational emphasis on information eligibility, governance concepts remain largely

separate from retrieval theory. Retrieval systems focus on identifying information relevant to a query,

while governance systems focus on controlling the conditions under which information may be used. As

retrieval-augmented AI systems increasingly support organizational decision-making, these

traditionally separate concerns begin to converge. Retrieved information may be relevant to a user's

question, yet still violate governance constraints related to authority, provenance, currency,

completeness, or access rights.

This convergence suggests an unresolved challenge at the intersection of retrieval and governance.

Existing governance frameworks provide mechanisms for controlling information use, while retrieval

frameworks provide mechanisms for identifying relevant information. However, neither tradition

provides a unified construct for determining whether retrieved information is eligible to serve as

evidence within a decision-support process. The following section examines related work in information

quality, provenance, and trust that further highlights this gap.

2.4. Provenance, Trust, and Trustworthy Retrieval

As retrieval systems become embedded in knowledge-intensive AI workflows, researchers have

increasingly recognized that retrieval quality cannot be reduced to topical relevance alone. Recent work

on trustworthy retrieval-augmented generation (RAG) identifies concerns such as reliability, privacy,

safety, fairness, explainability, accountability, transparency, robustness, factuality, and attribution as

central to trustworthy system behavior [20][21]. These concerns indicate that retrieved information affects
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not only whether a system can answer a query, but also whether its answer can be trusted, verified,

explained, and safely acted upon.

Provenance research provides one foundation for this broader view. Provenance concerns the origin,

derivation, and transformation history of information artifacts, and has long been treated as important

for confidence, auditability, and evidentiary traceability  [22][23]. In retrieval and RAG settings, related

concerns appear in work on attribution, grounding, source transparency, and citation correctness. Recent

studies emphasize that generated answers should be traceable to supporting sources and that correctness

and faithfulness must be evaluated separately when deploying RAG systems in information retrieval

applications  [20][24]. Recent empirical work has further demonstrated that faithfulness and grounding

require independent evaluation even when retrieval performance remains strong, reinforcing the

distinction between relevance and evidentiary reliability [25].

A related literature on credibility and trust shows that users evaluate information using factors such as

source authority, expertise, transparency, consistency, and reputation rather than topical relevance

alone  [26][27][28][29]. This concern has reappeared in current RAG research as a system-level

trustworthiness problem. Recent trustworthy RAG surveys argue that RAG systems introduce risks

involving robustness, privacy, adversarial attacks, accountability, and explainability, and that these risks

require broader evaluation frameworks than relevance-based retrieval metrics alone [20][21].

Taken together, this literature provides strong evidence that relevance alone does not fully determine

whether information should be relied upon in reasoning or decision-making. Information may be

relevant while lacking provenance, coming from an unreliable source, failing attribution checks, violating

privacy expectations, or producing unfaithful downstream outputs. Current research therefore identifies

many symptoms of the problem addressed in this paper: retrieved information must satisfy conditions

beyond semantic relevance before it can safely support a decision.

However, these concerns remain distributed across separate conceptual frameworks. Provenance

addresses origin and lineage; trust and credibility address reliability; attribution and grounding address

source support; explainability addresses transparency; and trustworthy RAG frameworks address

system-level risks such as safety, privacy, fairness, robustness, and accountability. These are essential

contributions, but they do not yet provide a unified construct for determining whether retrieved

information is eligible to serve as evidence in a particular decision context. We therefore treat this
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literature not as evidence that admissibility has already been solved, but as evidence that multiple

research communities have identified related fragments of a broader evidence-eligibility problem.

2.5. Evidence-Based Decision Support

The distinction between information relevance and evidence suitability is not unique to artificial

intelligence. Across medicine, public policy, scientific research, governance, and regulatory compliance,

decision-support disciplines have long recognized that information must satisfy standards beyond

topical relevance before it can be relied upon. As AI systems become increasingly integrated into

consequential decision-making, these evidentiary considerations have become correspondingly more

important.

Evidence-based medicine remains one of the most mature examples of evidence-centered decision

support. While the foundational principles of evidence-based medicine emphasize the use of the best

available evidence in clinical decision-making  [30], recent research has increasingly explored how AI

systems can support evidence acquisition, synthesis, dissemination, and maintenance while preserving

evidentiary rigor and traceability requirements [31].

The continued emphasis on evidence quality, provenance, and applicability reflects a broader principle

that extends beyond medicine: information must not only be relevant to a decision but also suitable for

use as evidence within that decision process.

Across these decision-support disciplines, a common pattern emerges. Information is rarely relied upon

solely because it is topically relevant. Instead, decision-support processes routinely evaluate additional

considerations, including provenance, authority, traceability, contextual applicability, evidentiary quality,

integrity, and governance requirements, before information is considered suitable for use. Although these

requirements are expressed through different terminology and operational practices across domains,

they consistently distinguish the suitability of information for evidentiary use from its relevance to the

decision at hand.

This observation is particularly significant because it suggests that the challenge emerging in retrieval-

augmented AI systems may not be unique to AI. Rather, it appears to reflect a broader characteristic of

evidence-based decision-making itself. While individual disciplines employ different terminology and

operational mechanisms, they repeatedly confront the same underlying question:

Under what conditions is information sufficiently suitable to function as evidence?
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The following section examines whether these recurring conditions can be expressed through a single

conceptual framework.

2.6. Research Gap

The preceding review reveals a notable pattern across multiple research communities. Information

retrieval research has developed increasingly sophisticated mechanisms for estimating and optimizing

semantic relevance. Retrieval-augmented generation research has demonstrated the importance of

retrieval quality for downstream reasoning and decision support. Knowledge governance research has

established the need to manage information throughout its lifecycle, while provenance, trust, credibility,

and information quality research have identified numerous factors that influence whether information

should be relied upon. Similarly, evidence-based decision-support disciplines routinely evaluate

information according to criteria extending beyond topical relevance alone.

Taken individually, these literatures provide important insights into the conditions under which

information may be used effectively and responsibly. Collectively, they suggest that information

suitability depends upon considerations such as provenance, authority, timeliness, applicability, integrity,

transparency, traceability, and contextual fit. Recent work in trustworthy retrieval and trustworthy RAG

has further expanded attention to issues including attribution, grounding, accountability, robustness,

and explainability, reinforcing the view that relevance alone may be insufficient for high-consequence

decision-support applications.

Despite this convergence, the existing literature remains conceptually fragmented. Information retrieval

focuses primarily on relevance. Provenance research focuses on origin and lineage. Trust and credibility

research focuses on reliability and confidence. Information quality research focuses on multidimensional

measures of information fitness. Governance research focuses on organizational controls and lifecycle

management. Trustworthy AI research focuses on system-level properties such as accountability,

transparency, robustness, and safety. While these perspectives address related concerns, they generally

do so within separate conceptual frameworks and at different levels of analysis.

Recent trustworthy retrieval and trustworthy RAG frameworks have expanded evaluation beyond

relevance to include attribution, grounding, faithfulness, transparency, accountability, robustness,

privacy, and governance considerations  [20][21][24]. These developments represent an important shift

toward evaluating the suitability of retrieved information for downstream reasoning. However, these

frameworks generally treat such concerns as collections of desirable system properties rather than

qeios.com doi.org/10.32388/U0UTRP 10

https://www.qeios.com/
https://doi.org/10.32388/U0UTRP


manifestations of a unified evidence-eligibility construct. Consequently, despite substantial progress, the

literature still lacks a unifying construct that explicitly separates evidence eligibility from semantic

relevance.

At its core, this gap reflects the absence of a clear distinction between two fundamentally different

questions:

1. Is the information relevant to the question being asked?

2. Is the information eligible to serve as evidence in answering that question?

The first question has been the central concern of information retrieval research for decades. The second

appears repeatedly in practice through mechanisms such as provenance controls, evidence hierarchies,

governance processes, compliance requirements, attribution frameworks, and decision-support

protocols. Yet despite its practical importance, it has not been formalized as a distinct retrieval construct

nor systematically separated from semantic relevance within retrieval theory.

This distinction becomes increasingly important as retrieval systems transition from information-access

tools to evidence providers for AI-enabled reasoning and decision support. A document may be highly

relevant to a query while simultaneously being expired, superseded, inapplicable to the decision context,

incomplete, unauthorized, or otherwise unsuitable for evidentiary use. Existing frameworks provide

mechanisms for evaluating many of these individual concerns, but they do not provide a unified

conceptual framework for evaluating evidence eligibility prior to relevance optimization.

Importantly, this paper does not argue that provenance, trust, governance, information quality, or related

concepts are absent from the existing literature. Rather, these research traditions identify individual

determinants of evidentiary suitability, each addressing a particular aspect of when information may be

relied upon. Rather than replacing these constructs, this paper introduces an orthogonal retrieval

correctness construct that organizes one recurring question they frequently address: whether retrieved

information is eligible to function as evidence within a decision context. Evidence admissibility is

proposed as that construct, while the Universal Admissibility Ontology provides its formal

representation.

The research question introduced in Section 1 motivates the next stage of this investigation. To address

that question, the following section introduces evidence admissibility as a retrieval correctness construct

governing the eligibility of information for evidentiary use. We then examine whether recurring
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admissibility patterns can be identified across multiple domains and whether those patterns can be

formalized through the Universal Admissibility Ontology (UAO).

3. Admissibility as a Retrieval Correctness Problem

The preceding review suggests that multiple research communities—including information retrieval,

retrieval-augmented generation, knowledge governance, trustworthy AI, and evidence-based decision

support—have identified concerns that extend beyond semantic relevance. Although these concerns are

expressed through different constructs such as provenance, attribution, trust, transparency,

accountability, and information quality, they converge on a common question: under what conditions

may information be relied upon in support of a decision?

We argue that this question represents a distinct retrieval correctness problem. Specifically, retrieval

systems increasingly operate as providers of evidence for downstream reasoning rather than as

mechanisms for information access alone. Recent trustworthy retrieval and trustworthy RAG research

reflects this shift by expanding evaluation beyond relevance to include grounding, faithfulness,

attribution, robustness, and accountability [20][21][24]. However, these frameworks generally evaluate such

concerns as system properties rather than as manifestations of a common evidence-eligibility construct.

To address this gap, we introduce evidence admissibility as the degree to which information is eligible to

serve as evidence within a specific decision context. We propose that retrieval correctness depends not

only on whether information is relevant, but also on whether it is admissible.

3.1. Relevance Versus Admissibility

Information retrieval has historically defined success in terms of relevance—the degree to which

information corresponds to a user's information need  [3][8]. Relevance therefore addresses a

straightforward question:

Relevance: Does the information pertain to the question being asked?

Admissibility addresses a different question:

Admissibility: May the information be used as evidence in answering that question?

The distinction is subtle but consequential. Relevance evaluates topical correspondence between a query

and an information resource. Admissibility evaluates evidentiary suitability within a particular decision

context.

qeios.com doi.org/10.32388/U0UTRP 12

https://www.qeios.com/
https://doi.org/10.32388/U0UTRP


A document may therefore remain relevant while becoming inadmissible. An expired regulation remains

relevant to a compliance inquiry but may no longer be relied upon as authoritative guidance. A retracted

scientific study remains relevant to a clinical question but may no longer constitute acceptable evidence.

A superseded policy remains relevant to an operational inquiry but may no longer support decision-

making. In each case, relevance is preserved while evidentiary eligibility is lost.

Conversely, information may be admissible yet irrelevant. A current, authoritative, and complete

document may satisfy all requirements for evidentiary use while contributing little to the question under

consideration. Admissibility therefore does not imply relevance, just as relevance does not imply

admissibility.

We therefore treat relevance and admissibility as orthogonal constructs. Information may be relevant and

admissible, relevant but inadmissible, admissible but irrelevant, or neither relevant nor admissible. This

distinction is increasingly important in retrieval-augmented AI systems because retrieved information

functions as evidence for downstream reasoning processes. When retrieval outputs are used to support

recommendations, decisions, or generated responses, correctness depends not only on identifying

relevant information but also on ensuring that such information is eligible for evidentiary use.

Accordingly, we propose that retrieval correctness in knowledge-intensive AI systems requires two

sequential evaluations: relevance determines whether information pertains to the question, while

admissibility determines whether that information may legitimately be relied upon as evidence.

3.2. Relevant-but-Inadmissible Evidence

The distinction between relevance and admissibility becomes apparent when information remains

topically related to a query but is unsuitable for evidentiary use. Such situations occur routinely across

domains and are increasingly consequential in retrieval-augmented AI systems, where retrieved

information functions as evidence for downstream reasoning rather than merely as information for user

consumption [20][21].

Examples include expired regulations that are no longer legally effective, retracted scientific studies that

no longer satisfy standards of scientific reliability, deprecated software documentation that no longer

reflects operational reality, and overturned legal precedents that no longer constitute valid authority. In

each case, the information remains relevant to the topic under consideration but fails one or more

conditions necessary for evidentiary use.
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These examples suggest that retrieval failure is not limited to the retrieval of irrelevant information. In

knowledge-intensive environments, systems may retrieve information that is highly relevant yet

unsuitable for supporting decisions, recommendations, explanations, or generated responses. Recent

trustworthy retrieval and RAG research increasingly emphasizes grounding, attribution, faithfulness,

and evidentiary support as determinants of downstream reasoning quality, while empirical evaluations

demonstrate that retrieved information may remain relevant despite failures in these dimensions [20][24]

[32].

To clarify the distinction, Table 1 presents a conceptual classification of retrieved information according

to relevance and admissibility.

Admissible Inadmissible

Relevant

Quadrant I

Relevant and Admissible

Current regulation

Valid clinical guideline

Active policy document

Quadrant II

Relevant but Inadmissible

Expired regulation

Retracted study

Deprecated API documentation

Overturned legal precedent

Irrelevant

Quadrant III

Admissible but Irrelevant

Current but out-of-scope regulation

Valid but unrelated policy

Quadrant IV

Irrelevant and Inadmissible

Obsolete unrelated content

Unauthorized historical artifacts

Table 1. Relationship Between Relevance and Admissibility. Relevance determines whether information

pertains to a question, whereas admissibility determines whether that information may be relied upon as

evidence. The existence of relevant-but-inadmissible information reveals a previously unformalized class of

retrieval failure in which a system successfully retrieves topically relevant content that is nevertheless

unsuitable for evidentiary use. This distinction motivates the treatment of admissibility as a separate

dimension of retrieval correctness.
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Traditional retrieval systems primarily distinguish between relevant and irrelevant information. The

existence of Quadrant II demonstrates that this distinction is insufficient when retrieved information is

intended to function as evidence. A system may successfully retrieve information that is relevant while

simultaneously failing to retrieve information that is admissible.

Accordingly, retrieval correctness in knowledge-intensive AI systems cannot be defined solely in terms of

relevance. Correct retrieval requires both the identification of information that pertains to the question

being asked and the verification that such information is eligible for evidentiary use. This observation

motivates the need to identify the dimensions that govern admissibility and to determine whether such

dimensions recur across domains.

3.3. Admissibility Failure Modes

The distinction between relevance and admissibility implies that retrieval outcomes cannot be fully

characterized by relevance alone. While traditional retrieval evaluation distinguishes between relevant

and irrelevant information, the existence of relevant-but-inadmissible information introduces an

additional class of retrieval failure. Recent trustworthy retrieval and RAG research has similarly

expanded evaluation beyond relevance to include grounding, attribution, faithfulness, and evidentiary

support, reflecting growing recognition that downstream reasoning depends upon more than semantic

correspondence [20][21][24].

To formalize this distinction, Table 2 presents the Admissibility Failure Matrix.
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Retrieval Outcome Relevant Admissible Interpretation

Correct Evidence ✓ ✓ Relevant and eligible for evidentiary use.

Evidentiary Failure ✓ ✗ Relevant but inadmissible.

Retrieval Miss ✗ ✓ Admissible but irrelevant.

Complete Failure ✗ ✗ Neither relevant nor admissible.

Table 2. Admissibility Failure Matrix. Retrieval outcomes classified according to semantic relevance and

evidentiary admissibility. Traditional retrieval evaluation primarily distinguishes between relevant and

irrelevant information. The introduction of admissibility reveals an additional failure mode—evidentiary

failure—in which a system successfully retrieves relevant information that is nevertheless ineligible for

evidentiary use.

The matrix highlights a limitation of relevance-centered retrieval. A system may successfully retrieve

information that is topically relevant while simultaneously failing to retrieve information that is suitable

for evidentiary use. In knowledge-intensive environments, such failures may expose users or AI systems

to expired regulations, superseded policies, retracted studies, or other forms of inadmissible evidence.

Empirical evaluations of agentic RAG systems similarly report failures involving attribution, grounding,

and evidentiary support despite successful retrieval, illustrating the practical significance of evidentiary

failure as a distinct class of retrieval error [32].

This observation motivates a reformulation of retrieval correctness.

Definition 1 (Retrieval Correctness). A retrieval outcome is correct if and only if the returned information is

both semantically relevant to the query and admissible as evidence within the decision context in which it is

used.

Proposition 1. Retrieval correctness in knowledge-intensive AI systems requires both semantic relevance and

evidentiary admissibility.

Under this formulation, relevance is necessary but not sufficient for retrieval success. Correct retrieval

occurs only when information both addresses the question being asked and is eligible to serve as
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evidence in answering that question. The next section examines the dimensions that govern

admissibility across domains.

4. A Universal Admissibility Ontology

The preceding sections established that evidence admissibility is distinct from semantic relevance and

that relevant-but-inadmissible information represents a recurring retrieval failure mode across

knowledge-intensive domains. These observations motivate the Universal Admissibility Ontology (UAO),

a formal representation of the dimensions that govern evidentiary eligibility across contexts.

If evidence admissibility is to function as an independent retrieval correctness construct, it must be

represented in a form that permits systematic evaluation across heterogeneous domains. A formal

ontology provides this representation by identifying the recurring dimensions that govern evidentiary

eligibility independently of any single application domain. The objective of the following section is

therefore not merely to enumerate admissibility criteria, but to formalize the knowledge representation

required to operationalize admissibility as a retrieval correctness construct.

4.1. Ontology Development Method

The ontology was developed through cross-domain conceptual synthesis. Candidate dimensions were

derived from the literature reviewed in Section 2 and the admissibility failure modes identified in Section

3.

Three criteria guided dimension selection. First, each dimension had to represent a factor capable of

independently affecting evidentiary eligibility. Second, each dimension had to recur across multiple

domains rather than reflect a domain-specific requirement. Third, each dimension had to explain at least

one class of relevant-but-inadmissible retrieval failure.

Candidate dimensions were evaluated against representative examples from healthcare, law, scientific

research, software engineering, enterprise governance, and regulatory compliance. Dimensions that

lacked cross-domain applicability or represented special cases of broader concepts were excluded.

The resulting ontology comprises six recurring dimensions of evidentiary eligibility. Together, these

dimensions provide a framework for explaining why information may be relevant yet inadmissible and

for evaluating admissibility as a construct independent of relevance.
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4.2. Dimensions of the Admissibility Ontology

Application of the development method described above resulted in six recurring dimensions of

evidentiary eligibility. Collectively, these dimensions determine whether information may be relied upon

as evidence within a particular decision context.

1. Temporal Validity – Whether information is valid at the time of use.

2. Lineage Validity – Whether information represents the appropriate version within its evolutionary

history.

3. Contextual Scope – Whether information applies to the specific context in which it is being used.

4. Authority and Provenance – Whether information originates from a legitimate and authoritative

source.

5. Access and Entitlement – Whether information is eligible to be used by the requesting entity.

6. Completeness and Integrity – Whether information is sufficiently complete, intact, and reliable for

evidentiary use.

These dimensions are proposed as independent but complementary determinants of admissibility.

Failure of any dimension may render information inadmissible despite its semantic relevance to a query.

Together, they provide a framework for evaluating evidentiary eligibility separately from relevance and

for explaining recurring classes of relevant-but-inadmissible retrieval failures observed across domains.

4.3. The Proposed Admissibility Ontology

Table 3 presents the proposed admissibility ontology. The ontology consists of six dimensions that

collectively determine evidentiary eligibility: temporal validity, lineage validity, contextual scope,

authority and provenance, access and entitlement, and completeness and integrity.

The dimensions are complementary and independently evaluable. Failure of any dimension may render

information inadmissible regardless of its semantic relevance.

Together, the six dimensions provide a structured framework for evaluating admissibility and explaining

relevant-but-inadmissible retrieval outcomes. The ontology therefore serves as a domain-independent

model of evidentiary eligibility for knowledge-intensive AI systems.
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Dimension Admissibility Question Example Failure

Temporal Validity Is the information valid at the time of use? Expired regulation

Lineage Validity Is this the correct version within its evolution history? Superseded policy

Contextual Scope Does the information apply to the current context?
Guidance for another

jurisdiction

Authority & Provenance
Does the information originate from an authoritative

source?
Unverified third-party content

Access & Entitlement Is the information eligible for use by this requester? Restricted document

Completeness &

Integrity
Is the information sufficiently complete and reliable? Retracted study

Table 3. Proposed Admissibility Ontology. The ontology organizes evidentiary eligibility into six recurring

dimensions. Each dimension evaluates a distinct condition under which information may become

inadmissible despite remaining semantically relevant.

The ontology does not claim to enumerate every possible domain-specific admissibility rule. Rather, it

identifies six recurring admissibility dimensions that were consistently observed across the domains

examined in this study. Although additional domain-specific admissibility criteria may exist, these six

dimensions were sufficient to characterize every relevant-but-inadmissible retrieval failure observed

during the feasibility assessment.

4.4. Contextual Scope

Contextual scope concerns whether information is applicable to the specific circumstances of a decision.

Information may be current, authoritative, complete, and otherwise admissible while remaining

unsuitable because it falls outside the context in which the decision is being made. Admissibility

therefore depends not only on the properties of information itself but also on the conditions under which

that information is applied.
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Although each admissibility dimension addresses a different aspect of evidentiary eligibility, they share

one important characteristic: none is reducible to semantic relevance. Relevance determines whether

retrieved information pertains to a query, whereas admissibility determines whether that information is

suitable to function as evidence within a particular decision context. Consequently, information may

remain highly relevant while simultaneously becoming inadmissible for different reasons depending on

which admissibility dimension is violated. The dimensions that follow identify the principal mechanisms

through which evidence eligibility is established across domains.

Scope-based admissibility constraints recur across multiple domains. Regulatory guidance applicable to

one jurisdiction may be unsuitable in another. Clinical recommendations developed for specific patient

populations may not generalize across demographic or treatment contexts. Likewise, retrieval and

decision-support systems increasingly operate across heterogeneous users, organizations, and

environments, where context-sensitive applicability directly affects the validity of retrieved evidence [32].

Recent retrieval and retrieval-augmented generation (RAG) research similarly emphasizes contextual

grounding, task alignment, and environment-specific evidence selection for reliable downstream

reasoning [20][21].

Within the proposed ontology, contextual scope determines whether otherwise admissible information is

applicable within the operational context of the decision being supported.

4.5. Trustworthiness Dimensions of Admissibility

Beyond temporal validity, lineage validity, and contextual scope, admissibility also depends upon the

trustworthiness of evidence itself. Whereas the preceding dimensions determine whether evidence is

temporally and contextually applicable, the following dimensions determine whether that evidence may

legitimately be relied upon. Collectively, they address three complementary questions:

Does the evidence originate from an authoritative and traceable source?

Is the evidence eligible for use by the requester?

Is the evidence sufficiently complete and reliable to support a decision?

The proposed ontology formalizes these trustworthiness concerns through the dimensions of authority

and provenance, access and entitlement, and completeness and integrity.
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4.5.1. Authority and Provenance

Authority and provenance concern the origin and traceability of evidence. Information may be current,

applicable, and highly relevant while remaining inadmissible because its source cannot be verified or

because it does not originate from an appropriate authority. Admissibility therefore depends not only on

informational content but also on source legitimacy and evidentiary traceability [22][23].

Concerns regarding authority and provenance recur across multiple domains. Regulatory decisions

depend upon officially issued guidance rather than unofficial interpretations. Scientific conclusions rely

upon traceable and verifiable sources of evidence. Enterprise governance frameworks emphasize lineage,

accountability, and auditability, while modern retrieval and AI systems increasingly incorporate

attribution and source-grounding mechanisms to support trustworthy decision-making [20][24].

Within the proposed ontology, authority and provenance determine whether evidence originates from a

source that can be verified and legitimately relied upon in support of a decision.

4.5.2. Access and Entitlement

Access and entitlement concern whether information is eligible for use by a particular requester. Recent

permission-aware retrieval research emphasizes that access decisions depend not only on information

relevance but also on the identity, authorization, and privileges of the requesting entity [33]. Information

may therefore be current, authoritative, complete, and highly relevant while remaining inadmissible

because the requester lacks the rights necessary to access or rely upon it.

Access restrictions recur across multiple domains. Healthcare systems restrict access to patient

information, legal environments protect privileged materials, and enterprise knowledge systems

routinely enforce role-based access controls. Modern retrieval and RAG architectures have similarly

introduced permission-aware retrieval mechanisms to ensure that retrieved information satisfies

identity, authorization, and entitlement requirements [33][34].

Within the proposed ontology, access and entitlement determine whether evidence is eligible for use by a

specific requester within a particular decision context.

4.5.3. Completeness and Integrity

Completeness and integrity concern whether evidence is sufficiently complete, accurate, and reliable to

support a decision. Information quality research has long recognized these properties as essential
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determinants of information fitness, while recent evidence-maintenance and retrieval research

emphasizes preserving evidentiary quality throughout the information lifecycle [31][35]. Information may

therefore be current, authoritative, applicable, and highly relevant while remaining inadmissible because

it is incomplete, corrupted, altered, or otherwise unreliable.

Failures of completeness and integrity recur across multiple domains. Retracted scientific studies,

incomplete medical records, corrupted datasets, and partially documented policies may remain relevant

to a question while being unsuitable for evidentiary use. Recent evaluations of retrieval-augmented

systems similarly emphasize evidentiary quality, faithfulness, and grounding in determining whether

retrieved information can support downstream reasoning [25].

Within the proposed ontology, completeness and integrity determine whether evidence is sufficiently

complete and reliable to support a decision.
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Figure 1. Universal Admissibility Ontology (UAO). The proposed ontology conceptualizes evidence

admissibility as a multidimensional retrieval correctness construct comprising six recurring dimensions.

Temporal validity, lineage validity, and contextual scope establish the temporal and contextual eligibility of

evidence, while authority and provenance, access and entitlement, and completeness and integrity establish

its trustworthiness. Collectively, these dimensions determine whether retrieved information is eligible to

function as evidence within a specific decision context independent of semantic relevance.

5. Cross-Domain Manifestation Analysis

This section examines whether the admissibility dimensions identified in Section 4 recur across

otherwise unrelated domains. If admissibility represents a general retrieval construct rather than a

domain-specific artifact, similar evidentiary eligibility patterns should emerge despite substantial

differences in subject matter, governance structures, and decision processes.
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Dimension Banking Medicine Law Software Engineering
Scientific

Research

Temporal

Validity
Effective dates

Guideline

currency
Current precedent Supported version

Current

evidence

Lineage

Validity
Supersession chain

Guideline

revision

history

Appeals /

precedent lineage
Version lineage

Citation

lineage

Contextual

Scope
Jurisdiction/product

Patient

population

Jurisdiction/case

type
Platform/environment

Experimental

scope

Authority &

Provenance
Regulator source Issuing body Court authority Official vendor

Peer-reviewed

source

Access &

Entitlement

Internal policy

access

Patient

privacy

Privileged

information
License tier

Data

restrictions

Completeness

& Integrity
Complete policy

Complete

record
Complete filing

Complete

documentation

Complete

dataset

Table 4. Admissibility Convergence Matrix. Recurring manifestations of the proposed admissibility

dimensions across banking, medicine, law, software engineering, and scientific research. Despite substantial

differences in subject matter, governance structures, and decision processes, each domain exhibits

mechanisms corresponding to temporal validity, lineage validity, contextual scope, authority and provenance,

access and entitlement, and completeness and integrity. This convergence supports the proposition that

admissibility represents a general evidentiary construct distinct from semantic relevance.

As shown in Table 4, all six admissibility dimensions recur across banking, medicine, law, software

engineering, and scientific research despite substantial differences in subject matter, governance

structures, and operational objectives. Although these domains employ different terminology and

mechanisms, they exhibit remarkably similar evidentiary eligibility patterns.

Temporal validity appears wherever information possesses a bounded period of applicability. Banking

regulations become effective and expire, clinical guidance evolves, legal precedents change through
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subsequent rulings, software versions reach end-of-support, and scientific conclusions are revised as

new evidence emerges  [17][19][30]. In each case, admissibility depends on whether information remains

current within the relevant decision context.

Lineage validity similarly recurs through mechanisms governing supersession, revision, and version

control. Regulatory guidance, clinical recommendations, legal precedents, software artifacts, and

scientific publications all maintain explicit or implicit lineage relationships that determine which version

of information is authoritative [22][23].

Contextual scope governs whether otherwise valid information applies within a specific environment.

Jurisdiction, patient population, case type, platform configuration, and experimental conditions each

function as scope constraints that determine evidentiary applicability. Information may therefore remain

accurate and authoritative while being inadmissible outside its intended context [32].

The trustworthiness dimensions show similar convergence. Authority and provenance establish source

legitimacy and traceability, access and entitlement govern permissible use, and completeness and

integrity ensure evidentiary reliability  [22][23][25][33][34][35]. Although implemented through different

governance mechanisms, these dimensions serve analogous functions across all five domains.

Collectively, these observations suggest that admissibility is not a domain-specific artifact. Rather, the

same evidentiary eligibility mechanisms recur across otherwise unrelated decision-support

environments. The consistency of these patterns supports the proposition that admissibility represents a

general construct governing whether information may function as evidence across domains.

5.1. Empirical Feasibility Assessment

Having established the construct's cross-domain generality through conceptual analysis (Section 5), we

next assessed whether evidence admissibility is also empirically observable by conducting a small

feasibility pilot rather than a full validation study. Forty documents were examined across four public

knowledge domains (finance, medicine, law, and software engineering; ten per domain), deliberately

selected to include both known admissibility failures (e.g., retracted studies, overruled precedents, end-

of-life software) and documents with no known issues. One domain (finance) was sampled via live

retrieval from SEC EDGAR; the remaining three domains were assessed using documented, publicly

verifiable facts about specific, well-known documents. Each document was coded across the six
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admissibility dimensions using a three-point ordinal scale (0 = not triggered, 1 = triggered, 2 = explicit

failure). Because this was a single-coder feasibility pilot, inter-rater reliability was not assessed.

Dimension Finance Medicine Law Software

Temporal Validity 10% 30% 40% 40%

Lineage Validity 50% 30% 40% 40%

Contextual Scope 10% 10% 30% 20%

Authority and Provenance 0% 20% 30% 10%

Access and Entitlement 0% 0% 10% 20%

Completeness and Integrity 20% 20% 0% 20%

Table 5. Cross-Domain Observability of Admissibility Failures (% of documents with score = 2). Percentage

of documents exhibiting failures across the six admissibility dimensions within each evaluation domain.

Admissibility failures were observed in all four domains despite the retrieved documents remaining

semantically relevant, providing preliminary feasibility evidence that the proposed admissibility dimensions

are empirically observable across diverse knowledge domains.

In every domain, documents exhibiting admissibility failures remained semantically relevant to the

motivating query. Failures arose from temporal expiration, version supersession, jurisdictional or

population mismatch, insufficient authority, access restrictions, or incompleteness rather than from a

lack of semantic relevance. These observations are consistent with the relevant-but-inadmissible failure

mode introduced in Section 3.2 and provide preliminary evidence that evidence admissibility is

empirically observable across diverse knowledge domains.

Given the small, non-random sample and the reliance on documented facts for three of the four domains,

these findings should be interpreted as feasibility evidence of construct observability rather than

prevalence estimates or validation of a measurement instrument. A larger, randomly sampled, multi-

coder evaluation is proposed as future work in Section 8.
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6. Implications for Retrieval Correctness

Because admissibility recurs independently across domains, retrieval correctness must extend beyond

semantic relevance alone. A retrieval system that optimizes only semantic relevance may still retrieve

information that is expired, superseded, unauthorized, incomplete, or otherwise ineligible for evidentiary

use. If admissibility is accepted as an independent retrieval correctness construct, retrieval architectures

optimized solely for semantic relevance remain incomplete for evidence-based decision support.

To illustrate the implications of admissibility failure, Table 6 presents representative examples drawn

from the dimensions identified in the proposed ontology.

Failed Dimension
Representative

Example
Retrieval Result Consequence

Temporal Validity Expired regulation
Relevant information

retrieved

Incorrect compliance

recommendation

Lineage Validity Superseded policy
Relevant information

retrieved
Obsolete guidance presented

Contextual Scope Wrong jurisdiction
Relevant information

retrieved
Inapplicable recommendation

Authority &

Provenance
Unofficial source

Relevant information

retrieved
Unsupported conclusion

Access & Entitlement Restricted record
Relevant information

retrieved
Governance or privacy violation

Completeness &

Integrity
Partial dataset

Relevant information

retrieved
Distorted reasoning

Table 6. Admissibility Failure Propagation. Retrieval failure is not limited to the retrieval of irrelevant

information. In each example, the retrieved information remains semantically related to the query and may

therefore satisfy conventional relevance-oriented evaluation criteria. Nevertheless, the resulting evidence is

unsuitable for decision support because one or more admissibility dimensions have failed.
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This observation exposes a limitation of relevance-centered retrieval evaluation. Metrics such as

precision, recall, mean average precision, and ranking quality assess whether systems identify

information related to a query [3][8]. They do not directly evaluate whether that information is eligible to

function as evidence within a decision process. Consequently, retrieval systems may achieve strong

relevance performance while simultaneously exposing users or downstream AI systems to inadmissible

evidence.

The distinction becomes increasingly important in retrieval-augmented AI systems, where retrieved

information frequently serves as evidence supporting recommendations, explanations, decisions, and

generated responses  [9][12]. Recent trustworthy retrieval and RAG research similarly emphasizes

grounding, attribution, faithfulness, and evidentiary support as critical determinants of system

reliability [20][24][32]. Under these conditions, admissibility failures propagate beyond document retrieval

into downstream reasoning processes.

Collectively, the cross-domain recurrence of admissibility dimensions and the consequences of

admissibility failure support the central proposition of this paper:

Proposition 1. Retrieval correctness in knowledge-intensive AI systems requires both semantic relevance and

evidentiary admissibility.

Under this formulation, relevance remains necessary but is not sufficient for retrieval success. Correct

retrieval occurs only when information both addresses the question being asked and is eligible to

function as evidence within the relevant decision context. Admissibility should therefore be viewed not

as an additional ranking feature, but as a prerequisite condition governing whether retrieved information

may legitimately participate in downstream reasoning and decision support. Operationally, this

reformulation is sequential rather than merely conjunctive: knowledge sources are first gated by

admissibility evaluation, and only the resulting eligible evidence is subject to semantic relevance ranking

before reaching reasoning and decision support, the architecture developed in Section 7.

7. Implications for AI System Design

The distinction between relevance and admissibility has implications extending beyond retrieval

evaluation. If admissibility represents a prerequisite condition for retrieval correctness, future AI systems
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must treat evidentiary eligibility as an explicit architectural concern rather than an indirect consequence

of relevance optimization.

For retrieval architectures, this perspective suggests that admissibility evaluation should precede

ranking and generation, an architectural principle we term Eligibility Before Ranking. Rather than

optimizing over all retrievable information, systems should first determine whether candidate evidence

satisfies admissibility requirements before allowing it to participate in downstream reasoning processes.

Whether statistical or neural models can successfully predict admissibility is a separate question from

whether admissibility has been formally represented as a retrieval correctness construct. This paper

addresses the latter. Learning that a document is frequently useful, trustworthy, or cited does not itself

formalize the conditions under which that document is eligible to function as evidence. Eligibility Before

Ranking therefore requires explicit representation of admissibility so that evidence eligibility can be

evaluated before ranking and downstream reasoning occur.

Similar principles already appear in governance-oriented architectures that enforce policy, access, and

compliance constraints prior to system action [17][19]. Figure 2 illustrates this architectural sequence.

Figure 2. Eligibility Before Ranking: The Admissibility-Gated Retrieval Pipeline. Candidate evidence drawn

from knowledge sources first passes through admissibility evaluation, which filters out temporally invalid,

superseded, out-of-scope, unauthoritative, inaccessible, or incomplete documents. Only the resulting eligible

evidence is then subjected to semantic relevance ranking, the stage conventional retrieval architectures treat

as the primary (and often only) filtering step, before passing to reasoning and, ultimately, decision support.

Positioning admissibility evaluation as a prerequisite stage, rather than a ranking feature, ensures that

inadmissible documents cannot reach reasoning or decision support regardless of their semantic relevance to

the query.

The proposed ontology also has implications for trustworthy AI and enterprise knowledge management.

Recent work emphasizes grounding, attribution, transparency, accountability, and evidentiary support as
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critical determinants of trustworthy AI behavior  [20][24]. From an admissibility perspective, many of

these concerns may be interpreted as mechanisms for ensuring evidentiary eligibility rather than merely

improving retrieval quality. Similarly, knowledge governance frameworks routinely enforce controls

related to validity, provenance, entitlement, and information quality, all of which correspond to

dimensions of the proposed ontology.

Finally, the ontology suggests several directions for future research, including admissibility

measurement frameworks, admissibility enforcement mechanisms, governance-oriented retrieval

architectures, and human-AI collaboration models that explicitly distinguish evidentiary eligibility from

semantic relevance. Collectively, such efforts may contribute to retrieval systems that are not only more

relevant, but also more reliable.

8. Limitations and Research Roadmap

This paper introduces admissibility as a theoretical construct distinct from semantic relevance and

proposes the UAO, derived through cross-domain conceptual synthesis, as its formal representation,

supported by an initial feasibility pilot. Consistent with theory-building research, the primary objective

remains conceptual development rather than large-scale empirical validation [36][37], and the pilot should

be understood as preliminary support for feasibility rather than as validation of the ontology's

measurement properties. Consequently, several limitations remain.

First, empirical support for the ontology is currently limited to a small feasibility pilot rather than a

validated measurement instrument. The pilot reported in Section 5.5 indicates that the six dimensions

can be identified in real documents and that admissibility failure is observable rather than purely

hypothetical, but it relied on a single coder, a small and deliberately non-random sample, and, for three of

the four domains, assessment of documented facts about known cases rather than live, blinded corpus

retrieval. Consequently, the reported triggering and failure rates should be treated as preliminary

feasibility evidence, not as prevalence estimates or a validated measurement protocol. This work does not

yet provide a psychometrically validated instrument for measuring admissibility or evaluating its impact

on retrieval performance at scale. Future research should focus on a larger, randomly sampled, multi-

coder study with formal inter-rater reliability assessment, followed by the development of admissibility

metrics and evaluation frameworks.
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Second, the ontology has been examined across a limited set of representative domains. Although

banking, medicine, law, software engineering, and scientific research exhibit strong convergence,

additional investigation is needed to determine whether similar admissibility patterns emerge in other

knowledge-intensive environments.

Third, the ontology should be viewed as an initial theoretical model rather than a finalized taxonomy.

Additional dimensions, refinements, or domain-specific specializations may emerge as empirical

evidence accumulates. Continued validation is therefore necessary to assess the completeness and

stability of the proposed framework.

These limitations suggest a natural research progression. The present work establishes the existence of

admissibility as a distinct retrieval construct. Subsequent research must determine how admissibility can

be measured, enforced, created, and scaled within operational AI systems.

Figure 3 summarizes the proposed research roadmap.

Figure 3. Research Roadmap for Admissibility. The proposed roadmap outlines a progression from

conceptual identification of admissibility as a distinct retrieval construct to its operationalization within AI

systems. Future research should focus on measuring admissibility, enforcing admissibility constraints during

retrieval and reasoning, creating and maintaining admissible evidence, and scaling admissibility-aware

capabilities across enterprise and regulatory environments.

The existence stage establishes admissibility as a construct distinct from relevance. The measurement

stage develops quantitative methods for evaluating admissibility and its dimensions. The enforcement

stage investigates mechanisms for preventing inadmissible evidence from participating in retrieval and

reasoning processes. The creation stage explores how admissibility-aware systems can generate,

maintain, and curate admissible evidence over time. Finally, the scaling stage examines how

admissibility can be operationalized across large-scale enterprise, regulatory, and AI ecosystems.
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Collectively, these stages define a broader research agenda for advancing admissibility from a theoretical

construct to an operational capability supporting trustworthy AI, knowledge governance, and evidence-

based decision support.

9. Conclusion

This paper introduced evidence admissibility as a construct distinct from semantic relevance and

examined its implications for retrieval correctness in knowledge-intensive AI systems. Through

conceptual analysis and cross-domain synthesis, we argued that systems may successfully retrieve

information that is semantically relevant yet unsuitable for evidentiary use.

Accordingly, this paper advances Proposition 1: retrieval correctness requires both semantic relevance

and evidentiary admissibility, evaluated sequentially rather than merely conjunctively. Admissibility

evaluation determines which information is eligible to participate in reasoning at all; relevance then

determines which eligible evidence is prioritized. We formalize this ordering as an architectural principle,

Eligibility Before Ranking, for retrieval-augmented AI systems.

As AI systems increasingly participate in reasoning, decision support, and knowledge-intensive

workflows, this distinction becomes increasingly important. Evidence admissibility functions as a

knowledge representation layer that determines which information is eligible to participate in reasoning

at all: before an AI system can determine whether information is relevant, it must first determine

whether that information is admissible as evidence.
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