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This paper introduces a framework for evaluating citation readiness in AI answer
engines, including ChatGPT, Perplexity and Google AI Overviews. It defines a seven-
dimension scoring model, the BRAG evidence protocol and the CITE LEDGER
infrastructure for transforming web content into structured, verifiable citation-ready
records. The work aims to bridge the gap between traditional SEO practices and the
structural requirements of retrieval-augmented generation systems.
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Executive Summary

The rise of Al answer engines: ChatGPT, Perplexity AI, Google AI Overviews and
Claude, has fundamentally altered the competitive landscape for online visibility.
Brands that spent years earning top positions in traditional search now find themselves
absent from the AI generated answers their prospective customers rely on daily. The
reason is rarely content quality. It is structural signal failure.

This framework provides a structured method for transforming Al citation invisibility
into measurable, evidence-grounded evaluation. It is grounded in observable page-
level evidence rather than theoretical best practices or opaque scoring models. Each
finding is tied to a verifiable element, each recommendation is linked to its originating
issue, and all scores are reproducible across audit cycles.

This white paper explains the mechanics behind Al citation selection, the seven-
dimension framework this infrastructure uses to measure citation readiness and the
CITE LEDGER infrastructure that converts messy scraped content into structured,
citable ground truth. It is written for marketing leaders, technical SEO practitioners
and digital strategists who need to understand not just what to fix, but why AI systems
are ignoring their content in the first place.

"A page can rank first in traditional search and still be invisible to
answer engines if structural signals are missing." - Ryan Mason,
Technical Founder
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1. The Al Citation Problem

1.1 How Answer Engines Select Sources

Modern AI answer engines do not perform a simple keyword-to-result lookup. They
run a multi-stage pipeline that fetches candidate pages, extracts passages, validates
trust signals, and finally constructs an attributed answer. At each stage, pages that lack
the right structural markers are deprioritized, silently and automatically, with no error
message and no recourse unless you know where to look.

The three core extraction phases are:

« Entity Resolution: The model identifies what the page is about by reading the
title, H1, first paragraph, and any schema markup with a name or description
field. Pages with ambiguous or inconsistent entity signals receive lower retrieval
priority regardless of content quality.

» Passage Extraction: The model scans for short, self-contained answer units,
sentences or paragraphs that fully respond to a question without requiring
surrounding context. Direct answer blocks and FAQ-style sections consistently
outperform long narrative content in citation selection, even when the narrative
is substantively richer.

» Trust Verification: The model cross references the source against signals of
authority: an accessible methodology or about page, internal links to trust
documents such as privacy policy and terms of service, external corroboration
from other indexed sources and schema that asserts organizational identity.

Pages that pass all three phases become citation candidates. Pages that fail at any stage
are excluded from the generated answer and the brand receives no notification of the
failure.

1.2 Why Traditional SEO Does Not Transfer

Search engine optimization was built for a crawl and rank paradigm: a crawler indexes
your page, an algorithm assigns a relevance score and your listing appears when
queries match. AT answer engines operate differently. They do not rank pages. They
extract and attribute passages. A page optimized for ranking may be structured in ways
that are actively hostile to passage extraction.

Common structural patterns that harm Al citation readiness include:

« Heavy use of JavaScript rendering that delays or prevents full content delivery
to crawlers

» Long form narrative content without clearly demarcated, self-contained answer
sections

» Absence of JSON-LD structured data, leaving entity relationships implicit
rather than machine-readable

« Inconsistent heading hierarchies that prevent AI models from understanding
topical structure

» Missing or thin meta descriptions that weaken entity resolution at the title-
inference stage
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None of these issues would necessarily harm a traditional search ranking. All of them
measurably reduce Al citation frequency. The optimization targets are different and
treating them as identical produces predictable underperformance.

1.3 The Measurement Gap

Before the core system, there was no reliable way to measure Al citation readiness with
evidence-grounded precision. Practitioners could observe that AI models were not
citing their content. They could guess at causes. But they could not generate a
reproducible, evidence-linked diagnosis, the kind that maps each problem to a specific
page element and each recommendation to a measurable fix.

This framework addresses that measurement gap. The system evaluates the specific
structural, semantic and trust signals that answer engines evaluate, produces a scored
report tied to verifiable evidence and tracks improvement across audit cycles so users
or teams can measure the actual impact of the changes they make.
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2. The Dimensional Scoring Framework

The AiVIS composite score is a weighted average of seven independent dimensions,
each scored on a 0-to-100 scale. Dimension weights were derived from observed
citation patterns across major answer engines and reflect how heavily each signal
category influences whether a page gets extracted and quoted in a generated response.

2.1 The Composite Score Formula

Score = (Content Depth x 0.18) + (Schema & Structured Data x 0.20) +
(Technical Trust x 0.15) + (Meta Tags & Open Graph x 0.15) + (AI Readability x
0.12) + (Heading Structure x 0.10) + (Security & Trust x 0.10)

Each dimension is scored independently before weighting. A page that scores 90 on
content depth but zero on schema coverage achieves only a composite of approximately
52, illustrating exactly why single-dimension optimization consistently underperforms
balanced, systematic improvements.

2.2 The Seven-dimensions

Dimension Weight | Key Signals Evaluated

Word count, topical coverage breadth, factual claim density,
Content Depth 18% example and evidence presence, section-level explanatory depth,
absence of thin filler content

JSON-LD presence, schema type appropriateness, relationship
Schema Coverage 20% completeness, entity reference accuracy, FAQPage and HowTo
block validity, absence of schema errors

Direct answer block density, Q&A formatted sections, concise
Al Readability 12% factual statements, extractable claim units, passive filler ratio,
sentence-level answer completeness

Title tag specificity, meta description length and content match
15% (120-155 characters), Open Graph completeness, canonical tag
correctness, image alt text coverage

Meta Tags & Open
Graph

Single H1 presence, H1-to-title alignment, H2/H3 hierarchy logic,
Heading Structure 10% heading density relative to content length, keyword-bearing
headings versus generic labels

robots.txt accessibility, sitemap presence, 200 status delivery,

Technical 17% internal link graph density, llms.txt governance file presence,

SEO/Bot-Trust 5% crawlability, indexing signals, canonical integrity, system
accessibility

Security & Trust 10% HTTPS, identity validation, trust pages, external corroboration.

Entity clarity and authority signals across the web.

2.3 Why Schema Outweighs Technical SEO
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The weighting of Schema Coverage at 22% versus Technical SEO at just 8% frequently
surprises practitioners accustomed to traditional SEO where technical health is
foundational. The difference reflects how generative engine pipelines function.

In retrieval-augmented generation, structured data provides machine readable entity
relationships that directly inform knowledge graph construction. A technically pristine
page with no schema markup is functionally opaque to extraction models, they can
reach it, but cannot confidently identify what it is about, who produced it or whether
its claims are attributed. Schema errors score near zero in the Schema Coverage
dimension regardless of performance across other dimensions. Hard blocker caps
prevent inflated composite scores when critical signals like schema validity are absent.

The practical implication: teams that fix every technical SEO issue first while leaving
schema and content depth unaddressed will improve their composite score by at most
8 percentage points, from the Technical SEO weight alone. Teams that prioritize
schema coverage and content depth improvements first will see substantially larger
score movements because those dimensions carry combined weight of 47%.
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3. Citation Readiness Tiers

The framework maps composite scores to five citation readiness tiers. These thresholds
reflect observed behavior across Perplexity, ChatGPT Browse, and Google Al
Overviews - not theoretical ideals. Pages below 50 face structural extraction barriers
that content improvements alone cannot resolve.

|
Tier Score Citation Behavior
Range

A: Elite 85—100 Consistently cited across answer engines. Strong entity clarity,
complete schema, extractable answer blocks. Competes on high-
intent and contested queries.

B: Ready 70—84 Citation-ready for most queries. Minor gaps in schema
relationships or content depth. Competes well on mid-tier and
informational queries.

C: Partial 50—69 Parseable but deprioritized. Cited only on low-competition queries
or when all competing pages are weaker. Structural fixes needed
before content improvements matter.

D: Blocked 30—49 Structural barriers present. Answer engines can technically reach
the page but extraction confidence is low. Citation is unreliable
even when the page is the best source available.

F: Invisible 0—29 Critical failures across multiple dimensions. Not practically citable
in current state. Requires foundational remediation before any
citation optimization is meaningful.

Pages below 50 face structural extraction barriers that content
improvements alone cannot resolve. Always address hard-blocker
signals first.

3.1 Common Patterns by Tier

Analysis of audited pages across the engine (implemented by AiVIS.biz) reveals
consistent structural patterns at each tier:

Elite (A) pages typically feature well-formed JSON-LD with complete entity
relationships, dedicated FAQ sections using FAQPage schema, meta descriptions
between 120 and 155 characters that closely match the page title, and content organized
into clearly bounded answer blocks. They also maintain accessible about and
methodology pages that contribute to trust signal scoring.

Blocked (D) pages frequently suffer from a combination of missing schema,
JavaScript-rendered content that is absent from the HTML crawl baseline, heading
structures that are either flat or incorrectly nested, and metadata that is generic rather
than topic-specific. These are not content failures. They are structural failures, and
they require structural fixes.

The most important insight from tier analysis: no amount of content quality
investment moves a page from D to B without concurrent structural remediation. The
evidence-linked deterministic system scores each structural signal independently, so
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teams can identify exactly which dimension cap is limiting their composite score and
prioritize accordingly.
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4. The BRAG Evidence Protocol

BRAG (Based Retrieval, Auditable Grading) is the infrastructure’s internal
evidence chain standard. Every finding in an audit report must pass a four-step BRAG
verification before it is surfaced as a recommendation. This protocol is what separates
it from platforms that produce generic advice applicable to every site and useful to

none.

4.1 The Four BRAG Steps

Build from Observed
Fields

Reference Explicit
Evidence

Audit
Recommendation
Linkage

Ground Claims in
Stored Outputs

Every finding originates from a specific crawl-observable element:
a missing JSON-LD block, a duplicate H1, an absent meta
description. If the finding cannot be traced to a concrete page field,
it is not included in the report.

Each finding includes a direct excerpt or field reference from the
crawled page. Teams can verify the finding independently without
running a new audit. The evidence is attached to the finding, not
implied.

Recommendations map to the specific finding they address. A
schema recommendation links to schema evidence. A content
depth recommendation links to the content fields evaluated. No
recommendation is orphaned from its finding.

Findings and scores are stored per-scan so every future audit can
compare against a prior baseline. Score movement is measured
against stored crawl outputs - not recalculated from memory -
ensuring comparison stability across weeks and model updates.

4.2 Why Evidence Grounding Matters

In practice, the BRAG trail means every recommendation in an audit report answers
three questions simultaneously: what exactly is wrong on this specific page, where is
the evidence in the crawl output and what specific change will move the score. Can the
changes be implemented by automation.

Teams that implement fixes without this evidence chain typically address symptoms
while missing root causes. A generic recommendation to improve content depth, for
example, tells a team nothing about whether their depth problem stems from low word
count, thin topical coverage, absence of factual claims, or lack of concrete examples.
The BRAG protocol requires the pipeline to identify which specific signal is failing
before the recommendation is surfaced, meaning the fix is specific, verifiable,
predictable and can be automated in its score impact.
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5. The CITE LEDGER Infrastructure

BRAG is the evidence protocol. CITE LEDGER is the structured record each audit
produces, the transformation layer that converts raw scraped content into
deterministic, citable ground truth. Where BRAG defines how evidence is collected and
verified, CITE LEDGER defines how that evidence becomes a structured, attributable
record that Al systems can extract and cite with confidence.

The CITE LEDGER serves as the structured record layer within the framework. It
extends the framework beyond traditional SEO auditing approaches and positions it
as infrastructure for the Al-search era.

5.1 The Three-Phase ML Transformation Pipeline

CITE LEDGER processes each audit through a three-phase machine learning pipeline.
At every phase, ML operates as a deterministic filter: its job is to reject evidence that
does not meet the structural requirements for a valid citation.

Denoising - ML identifies
non-content elements (ads,
Extraction Raw DOM / HTML sidebars, boilerplate) based =~ Cleaned Data Packet
on patterns learned from
prior audit removals.

Semantic Mapping - ML
aligns extracted text to
Alignment Cleaned Data Packet known entity schemas found Structured JSON-LD
in historically successful
citations.

Hallucination Scoring -
Cross-references citation
coordinates with the stable
DOM anchor to confirm the
data was actually observed
on the page.

Validation  Structured Data Citable Evidence

5.2 Three Layers of Evidence Integrity

For data to be citable, it must transition from subjective interpretation to objective
reference. CITE LEDGER enforces this through three sequential integrity layers:

1. Upstream - Immutable Capture. The system captures the DOM snapshot and
computed CSS at the moment of extraction. This evidence is non-negotiable and
forms the immutable base layer of every CITE LEDGER record. No finding can
contradict the captured DOM state.

2. ML Auditor - Stability Classification. A classifier trained on citable versus non-
citable historical data evaluates DOM element stability. If an element's ID or
class structure varies too much across audit logs, the ML flags it as volatile and
requests a more stable anchor before it can be included in a finding.
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3. Downstream - Reliability Scoring. ML generates a reliability score from 0.0 to
1.0 for each candidate piece of evidence. Only data scoring above 0.98 earns a
citation handle - a unique, auditable reference that resolves back to the original
rendered source. Evidence below this threshold is excluded from the report, not
approximated.

Only data scoring above 0.98 reliability earns a citation handle.
Evidence below this threshold is excluded from the report instead of
approximated.

5.3 CITE LEDGER vs. Traditional Audit Outputs

Traditional SEO audit tools surface recommendations based on pattern matching
against known best practices. They identify that a meta description is missing or that
a page lacks structured data, but they cannot verify whether the recommendations
reflect the actual current state of the page, nor can they confirm that a fix will produce
the expected result in Al extraction pipelines.

CITE LEDGER operates differently. Because every finding is tied to a stored DOM
snapshot with a reliability score above 0.98, teams can verify any recommendation
independently by checking the same page element the platform observed. Because
scores are committed to storage per scan, delta measurement across audit cycles is
stable even when the underlying page changes between scans.

The result is an audit output that functions as evidence, not advice, a verifiable record
of what AI systems observe when they attempt to extract and cite a page, with specific,
testable fixes for every identified gap.
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6. The Validation Pipeline

Audits run through a seven-stage validation pipeline before scores are finalized. The
pipeline is designed to distinguish high-confidence findings, defined as those
grounded in directly observable page structure, from advisory findings that reflect best
practice patterns but cannot be verified by crawl alone.

# Stage What Happens

The target URL is fetched and rendered. HTML structure, JSON-LD
Crawl and blocks, meta fields, heading hierarchy, internal link topology, and
Extraction raw text content are extracted and stored as the crawl baseline for
this scan.

Each of the seven-dimensions is scored independently against the
extracted fields. Scoring is deterministic: the same page input
produces the same dimension scores across re-runs, enabling reliable
before/after comparison.

Dimension Scoring

Low-scoring dimension items are mapped to specific crawl evidence.
Evidence Mapping A heading structure score of 30 references the exact H1 and H2 fields
observed - not a generic statement about heading importance.

Eligible tiers include a secondary pass where an Al critique model
reviews content against the observed dimension scores, surfacing
advisory findings such as whether a FAQ answer is factually complete
or merely syntactically present.

AI Model Validation

Each finding is classified as high-confidence (directly crawl-
Confidence observable), medium-confidence (pattern-based), or advisory
Classification (model-evaluated). Teams should prioritize high-confidence findings
first - these have the most predictable score impact.

The composite score, dimension scores, and finding set are
Score Storage and committed to the report history store. All future audits on the same
Baseline Commit URL compare delta against this committed baseline, enabling stable
trend measurement across model updates.
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<. The Optimization Loop

A single audit is a diagnostic, not a solution. This system is designed for iterative
improvement cycles where teams fix a cluster of related findings, re-audit, and
measure category-level delta rather than overall score movement alone. Overall score
can mask improvement in one dimension while another degrades, category-level
tracking prevents this masking effect.

7.1Recommended Cycle

1. Run baseline audit to establish starting scores across all seven-dimensions and
identify high-confidence findings.

2. Select the highest-weight dimension with significant room for improvement.
For most pages, this will be Content Depth or Schema Coverage.

3. Implement fixes for all high-confidence findings within that dimension. Do not
address medium-confidence or advisory findings until high-confidence
findings are resolved.

4. Re-audit the page after implementing changes. Compare dimension level
scores against the committed baseline, not just the composite.

5. Log the specific changes made and the score delta produced. This creates an
institutional record of what works on your specific site architecture.

6. Repeat with the next highest-weight dimension until the composite score
reaches the target tier.

7.2 The Most Common Optimization Failure Mode

The most common failure mode observed across audits is technical-first prioritization.
Teams fix every robots.txt issue, canonical tag and sitemap error before touching
schema or content depth - and then measure the composite improvement and wonder
why the movement was minimal.

Technical SEO accounts for 8% of the composite score. A page can achieve a perfect
technical score and still sit at 30 overall if content depth and schema coverage are near
zero. The math is straightforward: fixing the 8% dimension first when the 25% and
22% dimensions are failing is an optimization strategy that maximizes effort-to-impact
ratio in the wrong direction.

Always prioritize dimension weight when sequencing fixes. Content
Depth (25%) and Schema Coverage (22%) together account for 47% of
the composite score.

7.3 Schema Inflation Warning

Adding schema markup without validating relationship completeness can produce a
misleading score increase. The multi-layered platform distinguishes between schema
presence, defined as the existence of any JSON-LD block on the page and schema
quality which requires complete relationship mapping, accurate entity references and
type-to-context alignment.
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The schema dimension weight applies to quality, not presence. A page with a minimal
Organization schema block that omits critical relationship fields will score poorly on
schema quality even though a basic schema checker would show no errors. Teams
should treat schema implementation as a completeness exercise, not a checkbox
exercise.
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8. Intended Audience and Use Cases

The multi-agents/workers infrastructure serves four primary audiences, each with
distinct use cases and success metrics.

Founders and Growth-Stage Teams

For founders managing their own digital presence or early-stage teams without
dedicated SEO resources, the system provides a structured entry point into Al citation
optimization. The BRAG protocol means that every recommendation is specific and
actionable there is no need to interpret generic advice or guess at implementation
priority. The tiered scoring system provides a clear target state and measurable
progress toward it.

Marketing and Content Leaders

Marketing leaders use AiVIS.biz to audit existing content portfolios and identify the
highest-value remediation opportunities. Because each audit produces dimension-
level scores alongside the composite, content teams can identify whether their existing
pages are failing due to content depth issues (fixable through editing) schema gaps
(fixable through markup) or metadata problems (fixable through CMS updates) and
route each finding to the right team member.

Technical SEO Practitioners

For practitioners who already understand structured data, heading hierarchies and
crawl behavior, the pipeline provides the Al-specific validation layer that traditional
tools lack. The system’s deterministic scoring means practitioners can test schema
changes, content restructuring, and metadata updates with confidence that the score
delta accurately reflects the change in Al citation readiness, not noise.

Agencies

Agencies use this infrastructure to establish measurable baselines for client content,
demonstrate the AI visibility gap between client pages and competitor pages and
deliver audit reports with verifiable evidence rather than theoretical
recommendations. The CITE LEDGER output format supports client-facing reporting
that clients can independently verify an important trust signal in an industry where
audit reports are often subjective.
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9. Implementation Context

The framework described in this paper is implemented within a system designed to
evaluate citation readiness across web content.

The implementation applies:
e multi-dimensional scoring
o evidence-based validation
e structured output generation

The system operates as an analysis layer, enabling repeatable measurement, and
comparison across audit cycles.
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10. Discussion

The shift from ranking-based retrieval to citation-based selection introduces a new
optimization paradigm.

Al Visibility is no longer determined solely by relevance but by the ability of content
to satisfy structural and evidentiary requirements within Al systems or LLMs.

This framework provides a method for analyzing that shift in measurable terms.
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11. Conclusion

AT answer engines are not a future consideration for digital marketing teams. They are
the current interface through which a growing share of information-seeking users
forms first impressions of brands, products and services. A brand that is invisible in AI
generated answers is invisible to those users, regardless of its traditional search
ranking, its content quality or the budget it has invested in marketing.

The structural signals that determine Al citation readiness, schema coverage, content
extractability, trust signal completeness, metadata precision, are measurable, fixable
and comparable against competitors. The only requirement is an audit methodology
grounded in observable evidence rather than theoretical best practices.

This framework provides that capability. The CITE LEDGER and BRAG protocol
transform the problem of citation absence from an ambiguous question into a
structured, evidence-linked diagnostic with a defined remediation pathway.

The optimization loop is iterative, measurable and predictable. The seven-dimension
framework maps every finding to a dimension weight, so teams know exactly where to
focus. The confidence classification system ensures that high-certainty fixes are
implemented before advisory improvements consume team time.
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An implementation of this framework is available as a system for
evaluating citation readiness and Al visibility. The system applies the
scoring model and evidence protocols described in this paper to real-
world web content.

About AiVIS

AiVIS is an implementation of the framework described in this paper for evaluating
Al visibility and citation readiness in web content. It analyzes how Al answer engines
interpret and extract information, generating structured assessments based on
observable evidence and defined validation protocols.
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