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Abstract

What makes a brand appear in an Al answer? Page relevance alone cannot answer the question
because generative search inserts engine-mediated decisions between the request and the recom-
mendation. We analyze 34,960 unbranded prompt-engine observations from 75 anonymized Aiso
projects, covering 2,854 distinct monitored prompts and repeated GPT and Gemini runs from June—
September 2026. When neither the target brand nor its own domain appears in the observable live
retrieval path, target mention rates are 2.8% for GPT and 3.8% for Gemini. With an own-domain
citation but no branded fan-out, they rise to 49.0% and 58.4%. When both own-domain exposure
and a branded fan-out occur, mention rates reach 91.4% and 100%.

The relationship persists within the same project, prompt, and engine across repeated runs:
among prompt cells that vary in own-domain exposure while holding branded fan-out absent, ex-
posure is associated with a mean mention-rate increase of 40.2 percentage points on GPT and 49.0
points on Gemini. Prior visibility is independently persistent. A previous non-mention plus no
current own-domain exposure yields next-run mention rates of 1.6% and 1.9%; previous mention
plus current exposure yields 80.5% and 83.7%.

We fit a chronological diagnostic model using prior-run history and contemporaneous retrieval
indicators: _

logit P(M; = 1) = av + fBe logit(Pi_1) + e By + 0.F, + 0] X.

On the latest 30% holdout, the full model achieves AUC 0.963 on GPT and 0.942 on Gemini,
compared with 0.937/0.917 for prior history alone and 0.880,/0.840 for live signals alone. A manually
curated prompt sensitivity gives nearly identical AUCs (0.960 and 0.943). A separate 199-prompt
page-corpus validation finds that prompt-page match predicts Gemini exposure (AUC 0.641) more
clearly than GPT exposure (0.545), placing relevance upstream of a larger engine-mediated exposure
effect. The equation is predictive and observational, not a causal description of proprietary engine
internals.

1 Introduction

A marketer can ask a deceptively simple question: what makes a brand appear in an Al answer?

For traditional web search, practitioners often compress a much more complicated ranking system into
a small number of intuitions. A page should be relevant to the query. The site should have authority,
historically approximated through links, reputation, and other signals. Search-engine ranking is not
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literally "keywords plus backlinks,” but the abstraction is useful because it separates a content-side
relevance problem from a web-side authority problem (Brin and Page, 1998; Robertson and Zaragoza,
2009).

The same compression is tempting in generative search. A growing class of systems assigns pages an
?Al-readiness,” "GEQO,” or content score and implicitly treats that score as a proxy for the probability
of being cited or recommended. The appeal is obvious. A deterministic page score is cheap, stable,
and easy to explain. A live generative engine is expensive, rate-limited, personalized, non-stationary,
and partly opaque.

Recent evidence makes the limits of that shortcut clearer. Bajemon and Rochet (2026) show that query-
agnostic page scoring has weak within-query citation signal in controlled experiments, while query-
conditioned relevance is materially more informative. That result is important: a page is not simply
7good for AI” in the abstract; it is good or bad relative to a request. Our companion study, Scoring
With the Engine, then examines the missing production layer and finds that identical prompts can
produce almost disjoint citation sets across ChatGPT, Copilot, Google, and Perplexity (Tannenbaum,
2026e). If the page never enters the engine’s exposed source set, a perfect page-side score cannot make
it visible.

This paper asks what the practical factor model should therefore look like.

We use proprietary Aiso research datasets collected for different purposes but sharing a common mea-
surement question. One dataset starts with real human prompts and records the search-query fan-outs
produced by ChatGPT. A second connects prompt-level page fit to GPT and Gemini citations and
brand mentions. A third repeats the same prompts ten times and separates direct web ranking, ci-
tations, and final brand mentions. Taken together, the datasets let us observe several links in the
chain:

real demand — page match — search/fan-out — evidence exposure — brand selection.

They also reveal a second path. A model can mention a brand without exposing or citing the brand’s
own domain at all. That path is consistent with training-time brand knowledge, prior model memory,
third-party evidence not represented by an own-domain citation, or other unobserved information
available to the model. We therefore retain a separate prior term rather than forcing every brand
mention through live retrieval.

Our compact mnemonic is

AT visibility ~ Match x Exposure x Selection + Prior. (1)

Equation 1 is deliberately not presented as a literal production algorithm. It is a measurement frame-
work. The paper’s central contribution is to show that each term corresponds to an observable failure
mode and that their empirical strengths differ sharply.

We make six contributions.

1. We define a stagewise model of generative-search visibility that separates real user demand, query-
page fit, search/fan-out activation, evidence exposure, final answer selection, and citation-free prior
behavior.

2. We analyze a clean subset of 90 numbered real-user prompts and show that search-query fan-out is
highly intent-dependent: 78.3% of commercial prompts trigger fan-out versus 3.6% of informational
prompts in this sample.



3. We construct a reproducible best-page match score over 275 pages and show that match has mean-
ingful but engine-specific predictive value. It is informative for Gemini exposure and mention, weak
for GPT, and far smaller than the observed exposure effect.

4. We quantify the exposure-selection link across 199 prompts. Own-domain citation is associated with
roughly a tenfold increase in brand-mention probability on both GPT and Gemini.

5. We document a separate citation-free path using 160 repeated ChatGPT runs. Established com-
petitors can appear in answers far more frequently than their own URLs are cited, including on
prompts for which the system produces zero citations.

6. We connect these observations to our earlier measurement program on search density, request state,
context, buyer response, and cross-engine source divergence (Tannenbaum, 2026a,b,c,d,e).

The result is not a new single score. It is almost the opposite: a reason to resist single-score interpre-
tations unless the score says which stage it measures.

2 From Search Ranking to a Generative Visibility Pipeline

2.1 The traditional analogy

Classic information retrieval separates, conceptually if not operationally, query-document relevance
from broader authority and ranking signals. BM25 formalizes lexical relevance as a probabilistic
term-weighting model (Robertson and Zaragoza, 2009). Link-based methods such as PageRank add
a network-level signal about the importance or endorsement of documents (Brin and Page, 1998).
Modern search ranking is far more complex than either component, but the separation remains useful:
content can be relevant yet weakly authoritative, or authoritative yet poorly matched to the query.

Generative search inserts additional transformations between the human request and the final brand
mention. The user prompt may not be the query sent to search. A system may decide not to search at
all. It may rewrite one request into multiple queries. Retrieved pages may be reranked, truncated, or
ignored. The final answer may mention a brand from model priors even when the brand’s own page is
absent from the cited set.

This means that the SEO intuition "relevance + authority” needs at least two more verbs: retrieve
and select.

2.2 A formal stage decomposition

Let R denote the active request state, e an engine, and ¢ time. The request state may be larger than
the last visible user message in a multi-turn conversation (Tannenbaum, 2026b,c). Let:

F =1 if the engine activates an observable search/fan-out path for the request;

FE =1 if brand-supporting evidence is exposed to the answer process;
e M =1 if the target brand is mentioned or recommended in the final answer;

@ be a continuous query-page match score;

e P denote the engine’s citation-free prior propensity to mention the brand for the request.



By the law of total probability,

P(M=1|R,e,t)=P(F =0|R,e,t)P(M =1|F =0,R,e,t)

+P(F=1|Re,t){P(E=1|F=1,R,e,t) (2)
P(MM=1|E=1,F=1,R,et)
+P(E=0|F=1,Ret)P(M=1|E=0,F=1,R,et)} (3)

Equation 3 is an identity, not a behavioral assumption. It separates the no-search path from the search
path and separates evidence exposure from final selection.

The page-match variable ) is best understood as a predictor of exposure and selection, not as a
probability that can simply be multiplied into Equation 3. We use the mnemonic in Equation 1
because it maps cleanly to operational questions:

1. Match: Is there a page that actually answers the real request?

2. Exposure: Does the engine’s search, fan-out, retrieval, or citation process surface supporting
evidence?

3. Selection: Given that evidence, does the model put the brand into the answer?

4. Prior: Can the brand appear without visible live evidence?

Figure 1 summarizes the model.

A fitted stage model of Al brand visibility

[REAL REQUEST}+{ o %{ — ]% _source ]+[ _ANSWER ]

Observed live path

Match shapes retrieval opportunity. HE RIS E LAl

estimated from earlier runs of the

Fan-out and source exposure are engine-mediated. ] )
same project x prompt x engine

Figure 1: The stage model used in this paper. The main live-retrieval path moves from real demand
through page fit, search/fan-out, evidence exposure, and final selection. A separate prior-compatible
path allows a brand to be mentioned without an observed citation.

2.3 Why request state comes first

The first four papers in this research program progressively changed the measurement unit. Tannen-
baum (2026a) shows that one conversational answer can compress multiple traditional search actions



and source inspections. Tannenbaum (2026b) shows that the final prompt often carries only a fraction
of the observable request state accumulated across a conversation. Tannenbaum (2026¢) demonstrates
that restoring preceding conversation context materially changes answers. Tannenbaum (2026d) then
shows that recommendation behavior is observable much more often than the buyer’s eventual decision.

The implication for visibility measurement is straightforward. A page-match score against a synthetic
standalone keyword panel can be statistically precise and still target the wrong demand distribution.
We therefore begin this paper with real prompts and treat page fit as conditional on those prompts
rather than as a property of the page alone.

3 Related Work

3.1 Generative Engine Optimization

The original GEO study formalized optimization for visibility in generative-engine responses and re-
ported that several content interventions could increase visibility in controlled settings (Aggarwal et al.,
2024). Its importance was conceptual as much as numerical: it made the creator-side visibility problem
measurable. The field has since broadened from isolated content interventions to questions of source
mix, freshness, retrieval, competitive effects, and measurement design. Martinez (2026) surveys 45
studies from 2023-2026 and characterizes GEO as a stochastic, partially observable pipeline rather
than a single ranking task. Chen et al. (2025) similarly compares traditional and Al search across
verticals, languages, and paraphrases, emphasizing that source behavior changes with both system and
request formulation.

Bajemon and Rochet (2026) revisits that program on modern engines. Their protocol is designed to
validate a deterministic, manipulation-resistant content score without repeatedly querying an expen-
sive oracle. The key result for the present paper is that generic page scoring has weak within-query
association with citation order, while query-conditioned relevance is substantially more informative.
Their fixed-candidate design is well suited to studying conditional citation preference. It does not
estimate whether a live engine will expose a page organically.

Our companion study tests that missing layer and finds extremely low same-prompt citation overlap
across four live Al engines (Tannenbaum, 2026e). That result motivates the engine-specific exposure
term in Equation 3.

3.2 Retrieval, RAG, and query rewriting

Retrieval-augmented generation explicitly separates retrieval from generation (Lewis et al., 2020). Self-
RAG and related approaches make retrieval itself conditional, reinforcing the idea that search activation
is a model decision rather than a constant (Asai et al., 2024).

Conversational retrieval adds a second transformation: the user utterance may need rewriting before it
is useful to a retriever. Explicit query rewriting and conversational dense-retrieval work show that the
query actually used for retrieval can differ materially from the surface user message (Qian and Dou,
2022; Wu et al., 2022; Lin et al., 2021; Ma et al., 2023; Mo et al., 2023; Ye et al., 2023). Multi-query
systems intentionally create several retrieval views of one request to increase document coverage (Rack-
auckas, 2024; Li et al., 2024). Yet higher recall does not guarantee final-answer inclusion: retrieval set
selection, reranking, and context budgets can remove candidates later in the pipeline (Lee et al., 2025;
Medrano et al., 2026). The observed ChatGPT fan-outs in our real-prompt cohort are a production
analogue of this idea: one human request can become multiple search queries with a different intent



mix.

3.3 Live generative-search citations

Recent audits treat citations themselves as an object of study rather than assuming a common source
pool. Yang (2025) analyzes more than 366,000 citations from OpenAl, Perplexity, and Google sys-
tems and finds provider-specific source choices alongside shared concentration patterns. Allaham and
Diakopoulos (2026) audits ChatGPT, Copilot, Gemini, and Perplexity on 712 real-world queries and
reports both repeatedly cited domains and a long tail of minimally cited sources.

These studies align with the exposure view: citation is not simply a deterministic readout of page
quality. It is a downstream consequence of engine-specific source selection. Large-scale audits reinforce
the point. Grossman et al. (2026) reports low source-set overlap across Google Search, Al Overviews,
and Gemini, while Strauss et al. (2025) distinguishes pages apparently visited from pages ultimately
cited in search-enabled LLM conversations. Both results caution against treating displayed citations
as a complete retrieval trace.

3.4 Citation versus answer inclusion

A page can be retrieved but not cited, cited but not substantively used, or absent from the visible
citation list while the brand still appears in the answer. Work on citation attribution and RAG
source influence therefore distinguishes retrieval, attribution, and generation outcomes (Gao et al.,
2023; Nematov et al., 2025). Recent work also separates surface citation from actual source absorption
or re-attribution after generation and compression (Mody, 2026).

This distinction is central to our third cohort. Brands with strong model familiarity can be mentioned
frequently even when their own domain is rarely cited. We use the neutral term prior-compatible path
because the data do not identify exactly whether the uncited mention comes from pretraining, prior
model memory, third-party evidence, or another unobserved source.

4 Data

The paper combines three focused cohorts and a larger validation panel that identify different stages.
Table 1 makes those boundaries explicit.



Table 1: Datasets and the stage each can identify. No single cohort is treated as a complete causal
chain.

Cohort Observations Directly observed Primary use

Real-prompt fan-out 90 numbered rows, 80 Human prompt, prompt Search activation and
unique real-user intent, ChatGPT request expansion
prompts; 42 fan-out search-query fan-out,
queries from 20 prompts fan-out intent

Organization A 199 prompts; GPT and  Prompt, current page fit, Match — exposure and

visibility Gemini source lists and  own-domain citation, final exposure — selection
brand mentions; brand mention
275-site-page crawl

Organization B 16 prompts x 10 Direct rank, citation Citation-free

repeated runs ChatGPT runs = 160; count, final brand prior-compatible path and
Bing rank and 13 mention, citation-free runs rank/citation/mention gaps
Google fan-out
subqueries

Large validation 34,960 unbranded Fan-out queries, source Prior + live-evidence

panel GPT/Gemini URLs, answer text, model; repeated-run
observations across 75 repeated history, intent stratification

anonymous projects

4.1 Cohort A: real-user prompts and ChatGPT fan-outs

The first cohort comes from an Aiso conversation-intelligence workbook assembled in February 2026.
The numbered source section contains 90 rows across legal /regtech, IT /technology, travel, and beauty.
Exact duplicate prompt text is collapsed for the trigger analysis, leaving 80 unique user requests. The
underlying prompts were extracted from real conversational-Al usage for research and commercial-
intelligence purposes. Later researcher-added tests present elsewhere in the workbook are excluded
from the analysis reported here.

For each prompt, the workbook records the original intent label and any observed ChatGPT
search_query fan-out. The clean subset contains 42 observed fan-out queries generated by 20 unique
prompts. A triggered prompt produces a mean 2.10 fan-out queries.

We report descriptive rates and an approximate log-risk-ratio confidence interval. Because the sample
was assembled for exploratory research rather than population inference, the confidence interval reflects
sampling variation inside the observed cohort, not a claim that the cohort is representative of all
ChatGPT usage.

4.2 Cohort B: page match, citations, and brand mentions

The second cohort is an Aiso Al-visibility export for Organization A containing 199 prompts and
paired GPT/Gemini measurements. Each row contains the prompt, intent and funnel labels, whether
Organization A was mentioned, an average answer position, the set of brands surfaced, and source

URLs for GPT and Gemini.

We define own-domain evidence exposure as the presence of the target organization’s registered domain
URL in the engine’s stored source list. This is intentionally conservative. A third-party page can
mention Organization A and influence the answer even when Organization A’s domain itself is absent.
Therefore "no own-domain citation” does not mean "no Organization A-supporting evidence anywhere.”



To measure page fit, we crawled the public Organization A site on 19 September 2026 using the
WordPress/Yoast sitemaps. The crawl produced 275 usable post, page, and GEO URLs. Scripts,
navigation, forms, and boilerplate were removed before scoring.

The visibility export is dated 6 July 2026, while the site crawl is later. The match analysis is therefore
a retrospective coverage proxy, not a historical causal ranking experiment. Content added between
July and September can raise the measured fit of prompts that were less well covered at the original
run date. We return to this limitation later.

4.3 Normalized BM25 best-page match

We use a transparent lexical relevance score so the analysis does not depend on a proprietary embedding
model. After lowercasing, tokenization, and a fixed stopword removal list, each site page is represented
as a bag of terms. For prompt ¢ and page d, we compute

tf(w,d)(k1+1)
Zweq IDF(w) tf(w,d)+ki (1—b+b|d|/|d]) (4)

S(Q,d) = (kl + 1) Zweq IDF(U)) )

with k1 = 1.5 and b = 0.75. The denominator uses the maximum BM25 term-saturation factor (k;+1),
yielding an interpretable normalized score bounded approximately between 0 and 1 for the observed
corpus. We define the prompt-level page match as

= d . 5

Q(q) mmax s(q,d) (5)

The median best-page match is 0.381, with first and third quartiles 0.291 and 0.494. We use continuous
Q@ for AUC analyses and quartiles for descriptive rates.

For uncertainty, we use 10,000 prompt-level bootstrap resamples. AUC is calculated as the probability
that a randomly selected positive row has a higher match score than a randomly selected negative row,
with ties receiving half credit.

4.4 Cohort C: repeated ChatGPT runs and the citation-free path

The third cohort is a May 2026 competitive Al-search benchmark for Organization B. Sixteen parent-
decision prompts were each run ten times through gpt-5.3-chat-latest with web search and a United
Kingdom user location, producing 160 answer runs. The workbook separately records brand mentions,
citation surfaces, Bing top-30 direct-domain results, and a Google fan-out cross-tab.

The repeated-run design is useful because a single answer can exaggerate or hide stochastic variation.
It also provides a direct observation of citation-free answers. Four of the sixteen prompts produced
zero citations across all ten runs, yielding 40 answer runs in which visible citation evidence is absent.

We do not equate citation-free output with pure pretraining memory. Search could be unobserved,
a tool may return uncited information, or the model may rely on latent knowledge. We therefore
interpret these cases as evidence of a prior-compatible path rather than proving a specific mechanism.



5 Results

5.1 Real commercial prompts are far more likely to trigger fan-out

Among the 80 unique real-user prompts, 20 generate at least one observed search-query fan-out. The
overall trigger rate is 25.0%.

The rate is highly intent-dependent. Eighteen of 23 commercial prompts trigger fan-out (78.3%). Only
2 of 55 informational prompts do so (3.6%). The risk ratio is 21.5, with an approximate 95% interval
of 5.4-85.3.

Real prompts: search fan-out is strongly intent-dependent

Informational I 3.6% (2/55)

All unique 25.0% (20/80)
prompts

80 unique real-user prompts; 20 triggered 42 ChatGPT search-query fan-outs (mean 2.10 per triggered prompt).

Figure 2: Observed ChatGPT search-query fan-out activation in the clean real-user-prompt subset.
Commercial requests trigger fan-out much more often than informational requests in this cohort.

The 20 triggered prompts produce 42 search queries, a mean of 2.10 per prompt. Thirty-nine of the 42
fan-outs are labeled commercial, two branded, and one informational. Of the two informational source
prompts that trigger fan-out, both move into a commercial search query. Of the 18 triggered commercial
source prompts, 16 remain commercial, one becomes informational, and one becomes branded.

Table 2 shows the mechanism with representative prompt-query pairs.



Table 2: Examples of observed fan-out expansion. User prompts are shown as short excerpts.

User-prompt excerpt Observed search-query fan-out Fan-out
intent

”...looking for a new mascara” "what to look for in mascara how to choose Info.

mascara ingredients”

”best mascaras makeup recommendations” Comm.
”...suggest an accounting software ”small business accounting software key features Comm.
(limit to 1)...” why choose one”

"best accounting software for small business” Comm.
”...document management for law "best open source document management software Comm.
firms?” features DMS open source law firm use”

“open source document management system for Comm.

law firms free open source DMS”

The operational implication is not simply that commercial prompts search more. The engine frequently
constructs an evaluation space: best options, features, comparisons, ingredients, pricing, and selection
criteria. The brand is competing against the fan-out representation, not only against the literal human
wording.

5.2 Page match is a real but engine-specific signal

We next ask whether a better matching owned page makes source exposure more likely.

For GPT, best-page match is close to chance as a discriminator of own-domain citation: AUC 0.545
(95% bootstrap CI 0.429-0.658). Its AUC for final brand mention is 0.539 (0.443-0.637). The top-
versus-bottom match-quartile risk ratios are 1.33 for citation and 1.30 for mention; both intervals
include one.

For Gemini, the signal is stronger. Match predicts own-domain citation with AUC 0.641 (0.556-0.722)
and brand mention with AUC 0.608 (0.519-0.695). In the highest match quartile, Organization A’s
domain is cited on 50.0% of prompts, compared with 22.0% in the lowest quartile. The top-versus-
bottom citation risk ratio is 2.27 (1.32-4.74). Brand mention rises from 22.0% to 46.0%, a risk ratio
of 2.09 (1.20-4.29).
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Page match and engine-specific source exposure
Own-domain citation rate

100%

80%

60%

40%

20%

| N N N

GPT Gem GPT Gem GPT Gem GPT Gem
Q1 low Q2 Q3 Q4 high
Brand mention rate
100%
80%
60%

40%

N - . . .
0%

GPT Gem GPT Gem GPT Gem GPT Gem
Q1 low Q2 Q3 Q4 high

Figure 3: Organization A best-page match quartiles versus own-domain citation and final brand men-
tion. The match gradient is pronounced for Gemini and weak for GPT.

Figure 3 illustrates why a single engine-free relevance score should not be interpreted as a universal
visibility score. The same match statistic has different downstream value by engine.

This finding is compatible with Bajemon and Rochet (2026): request-conditioned relevance contains
more citation signal than generic page quality. Our result adds a production qualification. Even a
useful relevance score can have different exposure consequences depending on the engine.

5.3 Evidence exposure is associated with an order-of-magnitude selection effect

The exposure-selection relationship is much larger.

GPT cites an Organization A-owned URL on 30 of the 199 prompts. Organization A is mentioned
on all 30 of those rows. Among the 169 rows without an Organization A-domain citation, the brand
is mentioned on 16. The observed mention rates are therefore 100% versus 9.5%, a risk ratio of 10.6
(95% bootstrap CI 7.0-18.9).

Gemini cites an Organization A-owned URL on 65 prompts and mentions the brand on 48 of them,
a 73.8% selection rate conditional on own-domain citation. Among 134 rows without an own-domain
citation, Organization A is mentioned 11 times (8.2%). The risk ratio is 9.0 (5.5-18.9).
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Evidence exposure is the strongest observed step

oo 100.0%
0
80% 73.8%
60%
40%
20%
9.5% 8.2%

0%

Own domain Not cited Own domain Not cited

cited cited

GPT Gemini

Risk ratio for brand mention: GPT 10.6x (95% bootstrap Cl 7.0—18.9); Gemini 9.0x (5.5-18.9).

Figure 4: Final brand-mention rate when the brand’s own domain is present versus absent from the
stored source list. This is an observational association, not a randomized causal effect.

The magnitude matters. Page fit can double the Gemini citation rate between the bottom and top
quartile. Actually appearing in the evidence set is associated with roughly a ninefold to elevenfold
change in final brand mention.

This is the central empirical reason to separate Match from Exposure.

5.4 High match without exposure still loses

The highest match quartile contains 50 prompts. For Gemini, 25 of those 50 prompts cite Organization
A’s domain. Among those 25, the brand is mentioned on 21 (84%). Among the 25 high-match prompts
without own-domain citation, the brand is mentioned on only 2 (8%).

For GPT, 8 of the 50 highest-match prompts cite Organization A, and all 8 mention it. Among the 42
high-match prompts without an own-domain citation, only 5 mention the brand (11.9%).

In other words, high page fit is not a substitute for exposure in either engine. It is a favorable upstream
condition whose downstream value depends on whether the engine surfaces evidence.

5.5 The prior-compatible path is large for established competitors

The Organization B benchmark shows why the visibility model also needs a path that does not require
an own-domain citation.

Across 160 repeated ChatGPT runs:

e Organization B is mentioned 12 times and its own URLs are cited 9 times.
o Competitor 1 is mentioned 74 times and its own URLs are cited 7 times.

e Competitor 2 is mentioned 65 times and its own URLs are cited 5 times.
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e Competitor 3 is mentioned 36 times and its own URLs are cited 11 times.

Brand mentions and own-domain citations are different outcomes

Own-domain citations Il Brand mentions
74
65
36
12 11
9
Organization B Competitor 1 Competitor 2 Competitor 3

Organization B benchmark: 16 prompts x 10 runs. In 40 citation-free runs:
Competitor 1 appeared 30 times, Competitor 2 28 times, and Organization B never.

Figure 5: Own-domain citation count versus brand-mention count across 160 repeated ChatGPT runs.
Large mention-citation gaps indicate a substantial path not explained by direct citation of the brand’s
own domain.

The citation-free subset is even more informative. Four prompts produce zero citations in all ten
repetitions, for 40 citation-free answer runs. Competitor 1 is mentioned in 30 of those 40 runs and
Competitor 2 in 28. Organization B is mentioned in zero.

This pattern is compatible with a model-prior or brand-memory mechanism, but the data cannot prove
that interpretation. What they do prove is a measurement fact: an own-domain citation model alone
cannot account for final brand visibility.

The direct-rank comparison makes the same point from another angle. Organization B appears in Bing’s
top 30 for three of sixteen prompts. On one of them, the high-performance-athlete query, Organization
B’s dedicated page ranks in the direct search results but ChatGPT mentions Organization B in 0 of 10
runs. Competitor 3 appears in 9 of 10, Competitor 1 in 8 of 10, and Competitor 2 in 6 of 10. Direct
rank creates an opportunity; it does not determine the composed answer.

5.6 The effects are different in kind, not just size

Figure 6 summarizes the main estimates.
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Match and own-domain citation measure different associations

Measure Engine Estimate 95% bootstrap Cl
Match — own citation (AUC) GPT 0.545 0.429-0.658

Match — own citation (AUC) Gemini 0.641 0.556-0.722

Match — brand mention (AUC) GPT 0.539 0.443-0.637

Match — brand mention (AUC) Gemini 0.608 0.519-0.695

Own citation — mention (risk ratio) GPT 10.56x% 7.04-18.89

Own citation — mention (risk ratio) Gemini 9.00x% 5.47-18.88

AUC = discrimination from page-match score alone. Risk ratio compares brand mention when the brand's own domain was cited vs not cited.

Figure 6: Page match has modest, engine-specific discrimination. Own-domain evidence exposure has
a much larger association with final brand selection.

The distinction suggests a practical hierarchy:

1. Demand coverage asks whether the brand has content for what people actually ask.
2. Match quality asks whether a specific page is aligned with the request or fan-out.

3. Exposure asks whether the engine actually surfaces brand-supporting evidence.

4. Selection asks whether the brand survives from evidence into the answer.

5. Prior captures visibility that occurs without an observed own-domain citation.

A brand can fail at any stage.

6 Fitted Stage Equation

The earlier case analyses suggest a stage structure, but the longitudinal panel lets us estimate it directly.
For repeated project-prompt-engine cells we define a smoothed historical prior using only earlier runs:

~ 0.1
P = u’
Net + 2

where m«; is the number of earlier target mentions and n«; is the number of earlier observations. We
then fit, separately by engine,

logit P(My = 1) = e + Se logit(é_l) + Ve Er + 0 Fy + H;FXq, (6)

where FE,; is current own-domain source exposure, F; indicates that the engine generated a branded
fan-out from an unbranded head prompt, and X, contains request-intent controls.
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Equation 6 is the paper’s fitted visibility equation. It is intentionally predictive rather than causal.
F; and F; are engine-produced variables observed during the current answer process, not manipulable
treatments. The model answers a diagnostic question: conditional on what was historically likely for
this request, how much additional information is contained in the live retrieval path?

7 Large-Panel Validation

The case-study analyses above establish the stages qualitatively and on interpretable subsets. We
next test the framework on the larger Aiso monitoring panel. To avoid a trivial branded-query effect,
we exclude observations where the target organization’s name appears in the user prompt. We also
exclude observations generated after the start of this analysis. The resulting panel contains 34,960
GPT/Gemini engine-prompt-run observations spanning 75 projects; 73 projects have at least 20 un-
branded observations per engine. Prompts come from Aiso’s proprietary enrichment and monitoring
pipeline. Organization identities are not reported.

For each engine run we derive two live-evidence indicators. Qwn-domain exposure equals one when
at least one stored source URL belongs to the target organization’s domain. Branded fan-out equals
one when the target organization’s name occurs in at least one observed search-query fan-out. The
outcome is literal target-brand inclusion in the answer, cross-checked against Aiso’s brand extraction
tables where available. These indicators are post-retrieval diagnostics; they should not be used as
pre-run causal predictors.

7.1 A four-cell live-evidence ladder

Table 3 gives the simplest result. With neither live signal present, target-brand mention is rare: 2.8%
on GPT and 3.8% on Gemini. Own-domain exposure alone raises the rates to 49.0% and 58.4%. A
branded fan-out without an own-domain citation is uncommon but highly predictive, at 64.4% and
84.8%. When both are present, mention rates are 91.4% on GPT and 100% on Gemini.

Table 3: Brand mention by observed live-evidence state, unbranded prompts only.

Engine and evidence state n  Mentions Rate
GPT: neither 15,524 438 2.8%
GPT: own domain only 1,769 866  49.0%
GPT: branded fan-out only 59 38  64.4%
GPT: both 128 117 91.4%
Gemini: neither 13,801 524 3.8%
Gemini: own domain only 3,415 1,995 58.4%
Gemini: branded fan-out only 33 28  84.8%
Gemini: both 231 231 100.0%
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Brand mention probability changes sharply with live exposure

- GPT - Gemini
100.0%
91.4%
84.8%
64.4%
58.4%
49.0%

280/0 3-8%) I
s
Neither Own domain Brand in Both

cited fan-out

34,960 unbranded prompt-engine observations across 75 anonymized projects.

Figure 7: Observed brand-mention rates by live-evidence state in the large unbranded-prompt panel.

Relative to the neither-signal baseline, own-domain exposure alone corresponds to a 17.4-fold GPT
and 15.4-fold Gemini increase in mention probability. The combination of own-domain exposure and
branded fan-out corresponds to 32.4-fold and 26.3-fold increases. These are descriptive risk ratios, not
causal multipliers.

7.2 Within-prompt repeated-run evidence

Stable brand quality and prompt difficulty can confound the cross-sectional ladder. We therefore
exploit repeated observations of the same organization-prompt-engine cell. There are 1,837 such cells
with at least two runs per engine. Own-domain exposure varies within 499 GPT cells and 558 Gemini
cells.
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Within-prompt changes associated with own-domain exposure

GPT Gemini
477 mixed-exposure prompt cells 540 mixed-exposure prompt cells

Mean within-prompt risk difference, restricted to runs where the brand was not named in the fan-out.

Figure 8: Mean within-prompt risk difference associated with own-domain exposure, restricted to runs
without branded fan-out.

A Cochran—Mantel-Haenszel common odds ratio stratified by organization and prompt is 15.3 for
GPT across 4,650 runs in exposure-varying strata and 29.7 for Gemini across 6,197 runs. Because each
stratum holds the organization and prompt fixed, these estimates are not explained by time-invariant
differences in brand identity or prompt wording. They remain observational: temporal changes in
engine state, content, or third-party evidence can still confound the association.

Branded fan-out also varies within repeated cells, although less often. Its stratified common odds ratio
is 8.6 on GPT across 81 varying strata and 58.9 on Gemini across 170 varying strata. The small number
of varying GPT strata and sparse cells make these estimates less stable than the own-domain exposure
result.

7.3 The prior term is empirically measurable

The large panel contains repeated measurements over time, which lets us estimate a brand-prompt
prior without inspecting the current answer. For each observation after the first, define

R 0.1
Py = M’
Nt + 2

where m<; is the number of prior target-brand mentions and n«; the number of prior runs for the
same organization-prompt-engine cell. The small pseudo-count shrinks early histories toward a low
base rate.
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Prior visibility and current exposure combine rather than substitute
Il cPT I Gemini

80.5% 83.7%
5%

38.9%
33.0%
29.9%
26.5%
s e I I
———

Prior O, Prior O, Prior 1, Prior 1,
Exposure 0 Exposure 1 Exposure 0 Exposure 1

Prior = target mentioned in the immediately preceding run of the same project x prompt x engine.

Figure 9: Previous-run visibility and current own-domain exposure jointly stratify next-run brand
mention.

This prior is highly predictive. In low-prior GPT states (historical propensity below 0.1), brand mention
is only 0.9% when the own domain is not exposed and 25.1% when it is exposed. In high-prior states
(historical propensity at least 0.5), the corresponding rates are 32.0% and 82.0%. Gemini shows the
same structure: 1.0% versus 23.8% in low-prior states and 28.7% versus 86.2% in high-prior states.

Thus live evidence and prior are complementary rather than interchangeable.

7.4 Held-out predictive model

We fit regularized logistic models on the earliest 70% of sequential observations and evaluate on the
latest 30%, yielding 10,224 training and 4,383 held-out observations per engine. The prior-only model
uses the logit of historical propensity. The live-only model uses own-domain exposure, branded fan-
out, and Aiso prompt-intent labels. The full model combines both. Model coefficients are fitted only
on the training partition. During sequential evaluation, the history is updated after each completed
observation, including earlier observations in the test period. This is a rolling diagnostic evaluation
on monitored requests, not a fixed-origin forecast for unseen prompts. Current source citations and
fan-outs are contemporaneous signals, not information available before the run.
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Table 4: Chronological held-out performance. Lower Brier score and log loss are better.

Engine Model AUC Brier Log loss
GPT Prior only 0.937 0.0284 0.1034
GPT Live evidence only  0.880  0.0318 0.1278
GPT Full 0.963 0.0240 0.0871
Gemini Prior only 0.917  0.0699 0.2240
Gemini Live evidence only  0.840  0.0824 0.2769
Gemini Full 0.942 0.0610 0.1942

Temporal holdout: prior + live signals predicts best
Il GPT I Gemini

Bar baseline: AUC 0.5

0.963
0.942
0.937 0.917
0.880
I 0.840
Prior only Live only Full model

AUC on the latest 30% of sequential observations; training uses the earlier 70%.

Figure 10: Held-out AUC for historical prior, live evidence, and their combination.

Adding live evidence to the historical prior reduces held-out Brier error by 15.4% on GPT and 12.8%
on Gemini. In the full logistic model, an own-domain citation has an estimated odds ratio of 14.7
on GPT and 20.5 on Gemini after controlling for historical prior and intent. Branded fan-out has
estimated odds ratios of 3.5 and 22.5 respectively. These coefficients describe this panel and should
not be interpreted as invariant engine constants.

The model also exposes cross-engine divergence. For the same snapshot-prompt observations, GPT and
Gemini agree on target-brand mention 84.7% of the time, but 1,999 paired observations are Gemini-
only mentions and 680 are GPT-only mentions. Own-domain exposure agrees 81.1% of the time. This
is consistent with the cross-engine source divergence documented in our companion paper.

7.5 Manual-prompt sensitivity

Prompt provenance could otherwise be a concern because some monitoring prompts are generated by
Aiso’s enrichment pipeline. We therefore repeat the analysis on the manually curated subset only.
It contains 1,569 distinct unbranded prompts and 27,000 engine observations before requiring prior
history. The basic exposure result remains large: own-domain exposure without branded fan-out is
associated with a 41.5% GPT mention rate versus 2.6% without either live signal, and 57.3% versus
3.0% on Gemini.
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The temporal models are also stable. Among 11,931 sequential observations per engine, the manually
curated full model reaches held-out AUC 0.960 on GPT and 0.943 on Gemini, compared with 0.932
and 0.918 for prior history alone. This sensitivity makes the core conclusion independent of generated
monitoring prompts.

7.6 Model-version sensitivity

The GPT panel spans a model transition. On GPT-5 nano, the no-live-signal mention rate is 1.8%
and own-domain-only rate is 45.1%. On GPT-5.4, the corresponding rates are 6.3% and 56.3%. The
absolute baseline therefore changes across model versions, but the exposure gradient remains. Gemini
2.5 Flash shows 3.8% and 58.4%. This is another reason not to treat any coefficient as a permanent
engine constant.

8 A Practical AI Visibility Equation

8.1 Why the mnemonic is useful

The large-panel results support a more precise probabilistic decomposition. Let Py denote the histor-
ical or citation-free prior probability that the brand is selected, L a live-evidence event generated by
match and engine retrieval, and S final selection conditional on live evidence. A useful noisy-OR-style
approximation is

P(M=1)~Py+(1-PR)P(L=1)P(S=1|L=1). (7)

For optimization, P(L = 1) can itself be decomposed conceptually into request/page match and engine
exposure:
P(L =1) = f(Match, fan-out, retrieval, e, t).

The practical mnemonic is therefore visibility =~ prior + (1—prior) x match x exposure x selection. The
fitted logistic model operationalizes the prior and observable live-evidence terms without pretending
that the multiplicative mnemonic is the engine’s hidden ranking algorithm.

The multiplication sign captures a simple operational truth. On the live-retrieval path, a weak upstream
stage can bottleneck later strengths. Excellent selection propensity is irrelevant if the source is never
exposed. Exposure is wasted if the available page does not answer the request. A perfect page can still
be invisible if the engine’s fan-out never retrieves it.

The additive prior term prevents a second error: assuming that all recommendations are caused by
live search. The Organization B benchmark shows that some brands have large citation-free mention
volume.

8.2 Operational definitions

For an Al-visibility system, each term can be measured separately.

Match. Given a real request R, score the best available owned page and relevant third-party pages.
The output is not "Al readiness.” It is prompt-to-page fit. BM25, embeddings, cross-encoders, or
calibrated hybrids can all be used, provided their estimand is explicit.
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Exposure. Measure whether the engine searches, which fan-out queries it issues, which domains rank
or are retrieved, and which sources are exposed or cited. This is engine- and time-specific.

Selection. Condition on observable exposure and measure whether the brand is named, recom-
mended, compared, ranked, or used as supporting evidence.

Prior. Measure brand appearance when visible live evidence is absent or insufficient to explain the
answer. This can be estimated descriptively from citation-free runs, no-search controls, or carefully
designed memory-versus-search experiments. It should not automatically be called ”training data”
because the underlying mechanism may be unobservable.

8.3 An SEO analogy with an important difference

A rough SEO analogy would be:

Traditional search: relevance + authority.
Generative search: match + exposure + selection + prior.

The important difference is that generative search inserts an answer-composition layer after retrieval.
Traditional ranking decides what result is shown and where. Generative systems can retrieve a page
and then omit the brand, cite a page without using it strongly, or mention a brand without citing its
own site.

This makes attribution harder but diagnosis richer.

9 Implications for Measurement and Optimization

9.1 Use real demand before optimizing pages

The first measurement question should not be ”is this page optimized for AI?” It should be ”which
real requests is this page supposed to satisfy?” Our prior work shows that conversation state can
contain constraints absent from the final prompt (Tannenbaum, 2026b,c). The current fan-out data
adds another transformation: even after the human request is known, the engine may search for a
different or expanded representation.

A practical workflow therefore begins with real conversations or real prompt logs, not a synthetic
keyword list alone.

9.2 Treat fan-outs as hidden query demand

The real-prompt cohort shows that commercial requests disproportionately trigger fan-out. This means
fan-out analysis is not just a technical curiosity. It identifies the evaluation criteria that a generative
engine itself decides to investigate.

For the mascara example, the user asks for a new mascara. The system searches both "what to look
for” and ”best mascaras.” A brand that only has a product page may match the second query but not
the first. A guide that explains brush shape, formula, ingredients, wear, and use case can cover the
evaluation query while product pages cover the shortlist query.
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The same pattern appears in software. ”Suggest one accounting tool” fans out into both a best-tool
query and a feature/criteria query. The hidden demand surface is broader than the head prompt.

9.3 Separate content work from distribution work

The Organization A analysis suggests two different optimization problems.

If page match is low, the likely intervention is content-side: create or improve a page that answers the
request directly.

If page match is high but exposure is low, more content on the same domain may not solve the
bottleneck. The intervention may be distribution-side: indexing, crawlability, third-party coverage,
comparison pages, directories, partnerships, source authority, or whatever increases the probability
that the engine’s retrieval layer sees brand-supporting evidence.

This is the generative-search analogue of distinguishing relevance work from authority/distribution
work in SEO.

9.4 Measure each engine separately

The same BM25 best-page match has AUC 0.641 for Gemini citation and 0.545 for GPT citation. This
is a material difference in this cohort. Our companion paper finds that engines also expose largely
different URL sets for the same prompt (Tannenbaum, 2026e¢).

Therefore a single engine-agnostic "visibility probability” requires strong assumptions. A safer interface
reports page fit once, then exposure and selection separately by engine.

9.5 Do not confuse citation with recommendation

The Organization B benchmark shows that citation and recommendation can diverge dramatically.
Competitor 1 and Competitor 2 appear many times without own-domain citations. In practical moni-
toring, a cited-source dashboard and a brand-mention dashboard answer different questions.

A third-party page can also carry the brand into the answer. This is why source mapping should
include pages about the brand, not only pages owned by the brand.

10 Relationship to the Previous Papers

The six-paper sequence now forms a coherent measurement stack.

1. Answer-Reconstruction Search Density asks how much conventional search work can be com-
pressed into one Al answer (Tannenbaum, 2026a).

2. The Prompt Is Not the Query shows that the final visible prompt is often an incomplete
representation of the active request state (Tannenbaum, 2026b).

3. Beyond the Final Prompt experimentally shows that restoring the missing conversation context
changes answers (Tannenbaum, 2026¢).

4. Purchase Advice and Observable Buyer Responses separates visible recommendation behav-
ior from later commercial outcomes (Tannenbaum, 2026d).
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5. Scoring With the Engine separates page-side scoring from engine-specific source exposure (Tan-
nenbaum, 2026e).

6. This paper connects those layers into a stage model and adds real-prompt fan-out, page-match,
evidence-exposure, selection, and citation-free-prior measurements.

The sequence matters because each paper removes one shortcut. The prompt is not necessarily the re-
quest. The answer is not a single search. Page quality is not exposure. Citation is not recommendation.
Recommendation is not purchase.

11 Robustness and Alternative Explanations

11.1 Could own-domain citation merely be a consequence of brand mention?

The Organization A export is observational. The stored answer and sources are co-produced by the
engine, so temporal ordering inside the system is not observed. We therefore do not claim that inserting
an Organization A URL into a source list would causally increase mentions tenfold.

However, the association is still diagnostically important. A system that predicts brand visibility
without measuring source exposure is omitting a variable that almost perfectly partitions GPT mentions
and strongly partitions Gemini mentions in this cohort.

11.2 Could match be underestimated by lexical scoring?

Yes. BM25 is intentionally conservative. It can miss semantic equivalence, paraphrase, location aliases,
and entity relationships. A cross-encoder or embedding model could produce stronger page-fit discrim-
ination, consistent with Bajemon and Rochet (2026). We use lexical scoring because it is transparent,
zero-cost to reproduce, and sufficient to demonstrate that even a useful match signal is not the same
as exposure.

The engine asymmetry is especially important here. If the same lexical metric predicts Gemini better
than GPT, either the engines weight relevance differently, their retrieval systems expose different
candidates, or the measurement noise differs. The present data do not distinguish those explanations.

11.3 Could the prior-compatible path be third-party retrieval rather than model
memory?

Yes. ”Prior” is a mnemonic, not a mechanistic claim. A brand mentioned without its own-domain cita-
tion may enter through third-party pages, internal model knowledge, latent retrieval, prior conversation
context, or other evidence not visible in the stored citation list.

The Organization B citation-free prompts are stronger because no citations are produced at all, but
even there we cannot prove that no retrieval occurred internally. We therefore use ”prior-compatible”
throughout.

11.4 Could the Organization A site have changed after the July visibility run?

Yes. The page crawl is from 19 September 2026, later than the 6 July visibility export. Organization A
added and updated content during that period. The match score is therefore a current coverage measure
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applied retrospectively to older engine outcomes. This may overstate historical fit for prompts whose
supporting content was added later.

This limitation makes the positive Gemini match relationship more interesting but less causal. A future
replication should freeze page snapshots at the same time as engine runs.

12 Limitations

Several limitations bound interpretation.

First, the datasets were collected for operational research rather than designed as one preregistered
experiment. The paper deliberately treats them as a triangulation across stages, not as a single causal
panel.

Second, the real-prompt fan-out cohort is small. Only 20 of 80 unique prompts trigger observed fan-out,
and the intent mix is not population-representative. The 21.5-fold commercial-versus-informational risk
ratio is therefore a cohort result, not an estimate of ChatGPT behavior for all users.

Third, fan-out visibility depends on instrumentation. A prompt with no recorded search_query is
treated as not triggering an observed fan-out. Hidden retrieval actions would weaken that interpreta-
tion.

Fourth, the Organization A page-match crawl is temporally later than the engine visibility export. The
analysis should be read as a retrospective coverage association.

Fifth, own-domain citation is an incomplete measure of evidence exposure. Third-party pages may
mention the brand and can be more important than owned pages. This likely explains some no-own-
citation brand mentions.

Sixth, brand mention is not equivalent to a positive recommendation, rank, click, lead, or purchase.
Our fourth paper shows how quickly observability falls after recommendation (Tannenbaum, 2026d).

Seventh, the datasets use a limited set of verticals and engines. The effects should be replicated on
larger, prospectively frozen cohorts.

Finally, all model and search behavior is time-dependent. The paper is a dated measurement of systems
observed in 2026, not a claim about permanent engine internals.

13 Future Work

The stage model suggests a more rigorous next experiment.
For each real user prompt, freeze:

1. the full request state;

2. the target brand’s page corpus;

3. the engine and model version;

4. every observable fan-out/search query;

5. all retrieved/ranked candidate URLs;

6. the final cited source set;
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7. the final answer and brand position.

Then intervene on one stage at a time. Improve page fit without changing distribution. Add a third-
party source without changing the owned page. Improve crawlability without changing copy. Run
no-search and forced-search conditions. Repeat enough times to estimate stochastic variance.

Such a design could turn the mnemonic in Equation 1 into a genuinely calibrated stage model.

A second direction is to make Match conversation-aware. Our prior papers show that a standalone
prompt can omit earlier budget, geography, preference, or product constraints. Prompt-to-page fit
should ultimately be computed against the active request state, not only the final user string.

A third direction is to distinguish evidence exposure from citation. The most useful future source graph
would mark whether the brand appears inside every retrieved third-party page, whether that page is
cited, and whether the cited passage actually supports the brand mention.

14 Conclusion

There is a useful ranking-factor insight in recent GEO research, but it is narrower than "make the page
better and Al will cite it.”

Query-page match matters. In our Organization A cohort it meaningfully predicts Gemini source
exposure and final mention. But match is only one stage.

Real user prompts are often rewritten into commercial fan-outs before retrieval. Engines then decide
which evidence to expose. Evidence exposure is associated with roughly an order-of-magnitude differ-
ence in brand-mention probability in both GPT and Gemini. Finally, established brands can appear
without their own domain being cited, creating a second prior-compatible path that page scoring and
citation tracking alone cannot explain.

The resulting practical model is:

(P(M=1)~Py+(1-P)P(L=1)P(S=1[L=1)]|

In practitioner language, visibility is prior plus the remaining opportunity carried through match,
exposure, and selection.

The formula is useful precisely because it is not one score. It tells a marketer what to diagnose next.

The large-panel validation sharpens this diagnostic: historical prior and live evidence are complemen-
tary, and their combination outperforms either alone on a chronological holdout. If Match is weak,
improve the page. If Match is strong but Exposure is weak, work on retrieval and distribution. If
Exposure is strong but Selection is weak, study how the answer chooses among available evidence. If
the Prior path is weak, the longer-run brand footprint remains a separate problem.

That is a closer analogue to the relevance-and-authority logic of SEO than a generic ”Al optimization
score.” It starts with real demand and keeps the engine in the measurement loop.

Data Governance and Conflict of Interest

The empirical material is described in this paper as Aiso proprietary research data. Aiso performs
substantial processing, deduplication, normalization, intent and brand enrichment, provenance tracking,

25



prompt construction/curation, source extraction, and longitudinal monitoring before the analytic tables
used here are produced. No raw source corpus is redistributed with this submission.

All organizations in the empirical sections are anonymized. Public artifacts contain only aggregate
results, reproducibility code that operates on aggregate inputs, and short non-identifying prompt frag-
ments. They exclude raw conversations, complete prompts, client names, project identifiers, account
information, source exports, and private collection names.

The author is the founder and CEO of Aiso Boost Ltd., which develops commercial Al-search measure-
ment software. This creates a financial conflict of interest. We therefore report weak and null findings,
distinguish predictive associations from causal effects, preserve engine-specific results, and make the
fitted equation explicitly diagnostic rather than claiming knowledge of proprietary ranking algorithms.

A Reproducibility Notes

The submission includes:

e anc/aggregate_results.csv, containing the principal aggregate estimates;

e anc/make_figures.py, generating the manuscript figures from aggregate values, with accompanying
aggregate model outputs;

e the normalized BM25 scoring specification in Equation 4;

e counts and model summaries supporting the reported descriptive proportions and primary risk
ratios.

The proprietary raw Aiso conversation corpus and client-level monitoring records are not included
because privacy and commercial data-governance constraints do not permit redistribution. The released

aggregates reproduce figures and summary arithmetic, but do not permit an independent refit of the
models, reconstruction of bootstrap intervals, or reconstruction of page-match scores.

B Key Counts

Table 5: Counts underlying the primary results.

Comparison Total Positive Rate
Real commercial prompts triggering fan-out 23 18  78.3%
Real informational prompts triggering fan-out 55 2 3.6%
GPT rows with own-domain citation and brand mention 30 30 100.0%
GPT rows without own-domain citation and brand mention 169 16 9.5%
Gemini rows with own-domain citation and brand mention 65 48  73.8%
Gemini rows without own-domain citation and brand mention 134 11 8.2%
Organization B citation-free runs mentioning Competitor 1 40 30  75.0%
Organization B citation-free runs mentioning Competitor 2 40 28 70.0%
Organization B citation-free runs mentioning Organization B 40 0 0.0%
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C Effect Summary

Table 6: Primary Organization A effect estimates.

Outcome Engine Estimate 95% bootstrap CI
Match — own citation, AUC GPT 0.545 0.429-0.658
Match — own citation, AUC Gemini 0.641 0.556-0.722
Match — brand mention, AUC GPT 0.539 0.443-0.637
Match — brand mention, AUC Gemini 0.608 0.519-0.695
Own citation — mention, RR GPT 10.56 7.04-18.89
Own citation — mention, RR Gemini 9.00 5.47-18.88
Q4/Q1 match — citation, RR  Gemini 2.27 1.32-4.74
Q4/Q1 match — mention, RR  Gemini 2.09 1.20-4.29
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