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P a r t  I

The Problem
What You're About to Learn

Before the specifics, it helps to understand the shape of the argument

this book is making, because it's easy to mistake it for a more familiar

one.

This is not a search engine optimization book adapted for a new kind

of search. SEO taught businesses to make their sites visible to a

system that ranks and links to pages. What follows is a different

problem: making sure a system that reads your information and then

speaks on your behalf, in its own words, without a link back to check,

actually gets the facts right. Ranking and accuracy are related, but

they're not the same goal, and a business can succeed completely at

one while quietly failing at the other.

The five chapters ahead build the mental model everything else in this

book depends on. Chapter 1 explains why this matters now,

specifically, rather than being a problem that's always existed in a new

package. Chapter 2 explains the actual mechanism, retrieval followed

by generation, that determines whether an AI assistant describes your

business correctly. Chapter 3 covers the technical layer: whether an AI

system can even read your site in the first place, a more basic question

than most businesses think to ask. Chapter 4 widens the lens past your

own website to everywhere else your business is described, since



fixing your own site perfectly still isn't the whole job. Chapter 5 closes

Part I with the book's central strategic commitment: accuracy, not

manipulation, is the only durable approach, and understanding why

that's true will make every fix in the rest of the book make more sense.

The division across this book isn't "explanation now, action later."

Chapter 3 already hands you a technical checklist, and Chapter 4

already gives you working principles for managing sources you don't

control. The real distinction is what each part is for: Part I explains the

mechanism. Part II teaches you how to diagnose it in your own

business. Part III teaches you how to fix what the diagnosis finds.

Read Part I as the foundation the diagnosis in Part II stands on, not as

a preamble to skip.



C H A P T E R  1

What Is Google Zero, and Why
Does It Matter to You?

In  Th is  Chapter

The origin of "Google Zero" and why it is no longer

merely theoretical.

The data behind the shift, stripped of industry

alarmism.

Why publishers felt the impact first, and why other

businesses may be next.

The single paradigm shift that makes the rest of

this book actionable.

Google Zero is the point at which Google Search stops being primarily a

gateway to other websites and becomes the destination itself.

When Nilay Patel, editor-in-chief of The Verge, coined the term in 2024,

it was a prediction about where search could be headed. "Google Zero"

itself is a coined framing, not a formally measured condition. What has

become increasingly measurable since then is the underlying shift the

term describes: people getting answers directly from search engines and

AI systems instead of clicking through to the websites that supplied the

information.

• 

• 

• 

• 
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For publishers, some of the consequences are already visible. For other

businesses, the consequences are harder to see because the effect does not

necessarily appear as a sudden collapse in website traffic. It can appear

months later as fewer leads, fewer inquiries, or a prospect who never puts

your company on the shortlist in the first place.

This chapter lays the foundation for everything that follows. If you think

of this as another SEO problem, the strategies in this book will look like

busywork. If you understand it as a fundamental change in how buyers

discover and evaluate businesses, the same strategies become much more

logical.

The Data Behind the Shift
This is not simply a prediction about what AI might do someday. The

transition toward answers that reduce the need for a click is already

visible in search and referral data.

Several measurements illustrate the direction:

Similarweb has reported significant declines in traffic to news and

publishing sites following the expansion of AI-generated search

experiences.

Chartbeat, analyzing a network of more than 2,500 sites, has

reported substantial declines in Google referral traffic, with

particularly pronounced changes in some markets.

Business Insider has publicly discussed a major decline in search

traffic over a multiyear period.

Pew Research Center found that when an AI-generated summary

appeared in Google search results, users clicked a traditional search

result only 8% of the time, compared with 15% when there was no

AI summary. This comes from Pew's own analysis of 900 U.S.

adults' browsing activity across 68,879 Google searches in March

• 

• 

• 

• 
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2025, published that July. Pew is explicit that the finding shows a

clear association between AI summaries and lower outbound clicks,

not proof that the summary alone caused the difference.

The precise numbers vary by study, industry, geography, and

measurement period. There is no single statistic that captures the effect of

AI search on every business, but the underlying pattern is difficult to

dismiss. A Reuters Institute survey documented widespread concern

among media organizations about further declines in search-driven traffic

as AI interfaces become a larger part of how people find information.

The point is not that every website is suddenly losing half its traffic. The

point is that the click is no longer a guaranteed part of the discovery

process. That is a structural change.

Why Publishers Noticed First (And Why You
Haven't)
Publishers noticed the change first because their revenue is unusually

dependent on page views. When traffic drops, the effect is immediate and

visible. Fewer people visit the site, fewer pages are viewed, and

advertising impressions fall. An executive looking at the dashboard the

next morning can see the damage.

Most businesses do not have the same visibility into the top of their

discovery funnel. They measure leads, calls, opportunities, pipeline, and

closed deals. Those are important metrics, but they occur much further

downstream. Because of this, a change in discovery behavior can remain

invisible for months.

If your instinct while reading this is, "Our SEO is fine; we rank

well," you may be answering a different question. Traditional SEO

tells you how visible your website is in conventional search results. It

AI ACCURACY AT WORK 13



does not necessarily tell you what an AI assistant will say when a

prospect asks, "What does this company actually do?" or "Is this company

a good fit for a project like mine?" Those are different discovery

experiences. This book is primarily concerned with the second one.

The absence of a visible problem is not evidence that discovery behavior

has not changed. It may simply mean your dashboard does not measure

where the loss is occurring.

The Mechanism, Briefly
Chapter 2 goes deeper into the technical mechanics, but the basic concept

is straightforward. An AI assistant does not inherently "know" your

business. When it needs current information, it retrieves data from

websites, directories, databases, reviews, public profiles, and other

sources, and then uses that information to construct a remarkably

confident answer.

That confidence can be misleading. The vulnerability is not in the

language model's ability to write, but in the information available to it

before it writes. AI retrieves what it can find and interpret, not

necessarily what is most true.

For example, if an abandoned, ten-year-old directory listing says you do

not do commercial work, the AI might confidently state that as a fact

today, even if your modern website says otherwise.

Two businesses with identical real-world capabilities can receive very

different AI-generated descriptions depending on whether their

information is crawlable, current, structured, specific, internally

consistent, and reinforced by credible external sources. That discrepancy

may have little to do with the actual quality of the businesses. It can have

much more to do with how clearly each business has represented itself to

machines.

AI ACCURACY AT WORK 14



The Vulnerability Matrix
Not every business experiences this shift in the same way. Some

businesses have characteristics that make them relatively easy for AI

systems to identify correctly, while others present a much harder retrieval

problem.

Businesses With Strong Signals

Consumer-facing companies with distinctive names, iconic local

restaurants, and established household brands often have an advantage:

there is less ambiguity.

Their names appear repeatedly across reviews, articles, directories, social

profiles, maps, and news coverage. Over time, those references reinforce

a consistent identity. That does not make these businesses immune to

inaccurate information, but it gives an AI system more signals to work

with.

It's worth being precise about what's actually doing the work here. The

real factor isn't the type of business, since plenty of local, independent

businesses have thin, inconsistent signals despite being well-known in

person, and plenty of B2B companies have dense, well-documented

footprints. The real factor is the density and consistency of independent

signals about a business: how many separate sources describe it, and how

well those sources agree. A famous restaurant tends to score high on both

counts. So can a business in almost any category that has simply been

careful about how it's represented. Chapter 4 covers where those signals

actually come from, and Chapter 13 covers keeping them consistent once

they exist.

AI ACCURACY AT WORK 15



Businesses With Ambiguous Signals

Other businesses present a much harder retrieval problem, typically

because their signal density or consistency is low. This includes:

B2B companies with generic or descriptive names.

Businesses operating in crowded categories alongside similarly

named competitors.

Companies that recently changed their names, merged, or were

acquired.

Businesses whose websites describe their services differently from

their directory listings.

Companies with old websites or abandoned profiles that remain

indexed.

These situations create competing versions of reality. A human can

usually resolve those contradictions with a quick phone call. An AI

system does not have that luxury. It has to decide which information to

use. That is where AI visibility becomes a serious business problem.

How AI Visibility Differs From Traditional
SEO
Readers with SEO experience will recognize some familiar concepts here:

technical crawlability, structured data, content clarity, authoritative

sources, and consistent business information. You are not starting from

zero. But the objective has changed.

Traditional SEO optimizes primarily for ranking. It is a comparative

game: beat the other results for a particular search query.

• 

• 

• 

• 

• 

AI ACCURACY AT WORK 16



AI visibility optimizes for retrieval and representation: can an AI

system correctly identify your business, understand what you do, and

represent that information accurately?

That remains important even if you have almost no competitors. You

could be the only commercial HVAC contractor within 50 miles, have

virtually no local ranking competition, and still have an AI assistant

incorrectly tell a prospect you specialize in residential work simply

because an outdated directory listing says so.

That is not a ranking problem. It is an information problem. AI accuracy

work does not map cleanly onto traditional SEO budgets or job

descriptions. The techniques overlap, but the objective is different.

SEO asks: Can people find me?

AI visibility increasingly asks: When a machine finds me, does it

understand me correctly?

The Invisible Funnel Drop-Off
To understand the threat, you have to place this shift at the correct stage

of the buyer's journey.

Most purchase decisions, including complex B2B purchases, begin with

an informal research phase. Before someone fills out a form or schedules

a meeting, they are trying to understand the market. Traditionally, that

might mean opening five browser tabs. Increasingly, it means asking an

AI assistant a series of questions:

Who provides this service?

Which companies specialize in this type of project?

Does this company work with businesses like mine?

What does this company actually offer?

• 

• 

• 

• 

• 

• 
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This is the exact stage this book addresses. We are not talking about the

final decision, which still involves human conversations, proposals,

negotiations, and budgets. We are talking about the pre-shortlist filter.

Imagine a prospect who would once have searched for a service, clicked

through to your website, read about your capabilities, and eventually

contacted you. Now imagine that prospect asks an AI assistant the same

question. The assistant summarizes several companies, but your business

is missing or misrepresented because the available information about you

is ambiguous.

You did not lose a website visitor. You lost the opportunity to become a

candidate.

That is a particularly difficult failure to detect because there is no

rejection email. They simply move on.

A Historical Precedent
It helps to view this through a historical lens. This is not the first time a

new discovery mechanism has changed which businesses get noticed.

When consumers moved from print directories to web search, businesses

had to make their information available in a format search engines could

discover and interpret. A business could be excellent at what it did and

still become harder to find if its information was missing from the

emerging digital ecosystem.

The businesses that adapted did not necessarily have better products.

They had information that was easier for the new discovery mechanism to

find.

AI ACCURACY AT WORK 18



The mechanism is changing again. The difference is that the new system

does not simply return a list of links. It interprets those links and produces

an answer. The question is no longer simply whether your information

can be found. It is whether the system interpreting that information gets it

right.

The Reframe
Zero clicks does not mean zero opportunity. It means the opportunity has

moved from the click to the answer.

If an AI system answers a question about your business instead of sending

a prospect to your website to figure it out themselves, two questions

become critical:

Is the answer accurate?

Are you part of it?

That is the premise of this book. We are not covering how to rank higher

or how to manipulate a chatbot into recommending you. We are

examining how to make your business legible to the systems increasingly

involved in discovery, and how to ensure that when a machine is asked

what you do, the information it uses is accurate, current, and consistent.

Part I breaks down the mechanics of AI retrieval and answer

generation.

Part II provides a methodology for auditing your current AI

footprint.

Part III details the technical, structural, and content changes that can

improve how your business is represented.

Parts IV and V address ongoing maintenance and how to measure

the business impact.

1. 

2. 

• 

• 

• 

• 
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Google is not going away. Search is not going away. But the click is no

longer guaranteed.

If the click becomes less important, a more fundamental question takes its

place: When the machine speaks for you, what does it say?

AI ACCURACY AT WORK 20



C H A P T E R  2

How AI Actually Answers
Questions About Your
Business

In  Th is  Chapter

The two core stages behind an AI-generated

answer.

Why fluent writing frequently hides a broken

retrieval process.

The specific, predictable ways AI information

retrieval fails.

Why better AI models cannot solve your

information problem, and what actually can.

Ask an AI assistant what your business does, and it will produce a fluent,

confident paragraph.

That fluency is doing a lot of work to hide something important: the

assistant does not actually "know" your business. It has never met you. It

has no privileged knowledge of your company.

What it has is a mechanism to find information and a language model

trained to turn that information into a cohesive answer.

Almost everything worth understanding in this book starts with separating

those two core stages.

• 

• 

• 

• 
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The Two Core Stages
Stage One: Retrieval

When a prospect asks an AI assistant a question requiring current or

specific information, the system must first find relevant data.

Depending on the product, this might involve querying a live search

index, a proprietary database, previously retrieved web content, or a

combination of several methods.

The underlying technology varies, but the basic objective is the same:

find information that appears relevant to the prompt.

Stage Two: Generation

Once the system has gathered candidate information, a language model

uses that raw material to construct an answer. This is where the fluency

comes from: the model is exceptionally good at taking retrieved

fragments, even when those fragments are incomplete, contradictory,

outdated, or misleading, and weaving them into a coherent paragraph.

Here is the part that matters most: the model cannot reliably distinguish

accurate information from inaccurate information simply because the

retrieved text was presented to it. A retrieval failure does not look like a

broken link or an error message.

It looks like a perfectly reasonable paragraph that happens to be entirely

wrong.
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Figure 2.1: How an AI assistant answers a question, moving from retrieval to
generation to the answer a prospect sees.

Why Retrieval Is Where Everything Goes
Wrong
If retrieval systems always found the single best, most current, and most

authoritative source, the generation step would have a much easier job.

They do not. Retrieval is fundamentally a search problem, and search

problems have predictable failure modes:

Crawlability: If a page cannot be read by the system doing the

retrieving, whether due to technical barriers, permission settings, or

rendering issues, it may as well not exist for that system. (Chapter 3

covers this in detail.)

Recency: Retrieval systems do not always weigh recency correctly.

A five-year-old page with strong historical signals can sometimes

surface ahead of a newly published page that is harder to interpret.

This creates a deeply frustrating dynamic: the information on your

Figure 2.1 — How an AI Assistant Answers a Question

A prospect asks a question
about your business

RETRIEVAL

The system searches for and selects
candidate information: your site,

directories, reviews, social profiles,
Wikipedia, and more

GENERATION

The system synthesizes an answer
from what retrieval found, sometimes

blended with its own trained knowledge

The answer a prospect
actually sees

Where a Wrong Answer
Comes From

Retrieval can find the wrong
source. Generation can describe

a good source poorly. Both
produce the same visible

symptom: a wrong answer to
the prospect. Chapter 2 covers
how to tell which stage broke.

A single AI answer is an isolated sample. It is not a definitive measurement.

• 

• 
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current website is correct, but the system keeps pulling an older

version of your business from somewhere else.

Information Density and Clarity: A short, plainly stated fact is

easier to retrieve and interpret than the exact same fact buried inside

a long, meandering paragraph. This is why Chapter 9's advice about

writing "quotable sentences" is not merely a stylistic preference; it is

a practical retrieval optimization.

Source Proliferation: Your business is not described solely on your

own website. It may also appear in regional directories, review

platforms, old news articles, industry profiles, forum discussions,

and databases. A retrieval system has to determine which of these

competing sources are relevant and, depending on the system, which

deserve greater weight. This is where ambiguity becomes a visibility

problem. (Chapter 4 covers this category in detail.)

A Worked Example
Imagine a consulting firm that changed its name and primary service

offering three years ago.

The company kept its old domain and successfully redirected it to the new

one, but never updated a regional business directory listing created before

the pivot.

When an AI assistant is asked about the firm today, it might retrieve that

old directory listing because the text is short, clearly structured, and easy

to parse, while the company's current, accurate description is buried in a

dense paragraph on a slow-loading About page.

The result is a confident, fluent, wrong answer.

The AI did not necessarily fail at writing. It failed because the

information it found did not accurately represent the company today.

• 

• 
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This is the pattern behind many of the wrong answers this book will help

you diagnose. The error is rarely a dramatic hallucination. It is usually a

mechanical mismatch between the business as it exists today and the

information a retrieval system can easily find and interpret.

Resist the urge to treat this as a temporary bug that will disappear as

AI models improve.

Better models will certainly become better at evaluating evidence and

resolving contradictions. But no model can reliably manufacture

authoritative information that was never available to it in the first place.

A better writer given the wrong source material simply writes a better

wrong paragraph.

This problem is not solved by making AI smarter. It is solved by making

the right source material easier to find than the wrong material.

Under the Hood: A Plain-Language Look at
Retrieval
You do not need to be a machine learning engineer to work with this

book, but a rough mental model of the technology is useful.

Many modern retrieval systems use semantic retrieval. Rather than

relying only on exact keyword matches, they represent text

mathematically in a way that captures aspects of its meaning, allowing the

system to understand that a query for "affordable pricing" should pull

from a page talking about "budget-friendly rates," even though the words

don't match.

This is why a webpage can sometimes be retrieved to answer a question

even when it does not contain the exact phrasing the user typed.
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But semantic similarity is only part of the equation. Modern systems can

combine semantic search, exact keyword matching, entity recognition,

freshness signals, source-quality signals, and other ranking techniques to

decide what information to surface.

The practical consequence of this stack is worth internalizing: clarity and

directness help retrieval, regardless of the specific technology being used.

A page that states an important fact plainly gives a retrieval system a

clean, specific piece of information to identify and use. That same fact,

buried in vague, roundabout corporate jargon, is harder for a machine to

confidently extract and interpret.

This is not a trick, a hack, or a loophole. You are simply writing clearly

because clear writing is easier for machines to process.

Why the Same Question Gets Different
Answers on Different Days
One of the most maddening aspects of AI visibility is that asking an

assistant the exact same question about your business a week apart can

produce meaningfully different answers, even when you have not touched

your website.

There are several reasons for this variability:

The underlying model changed: Major AI providers update their

language models and system architectures regularly. A backend

update can alter how a prompt is interpreted, what information is

weighted, or how the final answer is generated.

The retrieval index changed: Search indexes are continuously

updated. A source that was previously difficult for the AI to retrieve

may become more prominent, or newer content may supersede an

1. 

2. 
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older source. These shifts can happen independently of anything on

your website.

The question was interpreted differently: Small differences in

wording can shift what the system considers relevant, particularly for

broad or ambiguous queries. Even when the wording appears

identical, different retrieval or generation behavior can sometimes

produce different results.

This variability is exactly why Chapter 6's audit methodology insists on

consistent, repeated testing over time. A single AI answer is an isolated

sample. It is not a definitive measurement.

Confidence Is Not a Reliability Signal
Sometimes an AI assistant answers with visible hedging: "It appears

that…" "According to some sources…" Other times, it states a claim with

absolute confidence.

Neither style should be treated as a reliable measure of factual accuracy.

Hedging can appear when the system encounters conflicting data, such as

two directories listing different business hours.

But confident answers can be generated in both ideal and disastrous

scenarios. The system may have found ten consistent, authoritative

sources to support its claim. Or it may have found only one outdated,

inaccurate source and still generated a fluent answer based on that single

data point.

Do not confuse confidence in the writing with confidence in the facts.

They are produced by different parts of the system, and they can diverge.

A company can have very little accurate public information available

online and still receive a smooth, authoritative-sounding, entirely

incorrect description.

3. 
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The practical lesson is simple: confidence in an answer is not evidence of

the quality of the information behind it.

What This Means for the Rest of the Book
Most of the strategies in this book work by influencing one or more parts

of the retrieval process. Later chapters go further, into what happens when

sources disagree and how a business ends up represented once

information has been retrieved, but retrieval is where the trouble usually

starts, which is why it comes first. You cannot directly control the

generation step. You cannot force a language model to write more

carefully or double-check every fact.

What you can control is what the machine finds when it goes looking:

Whether your website is technically legible to a crawler, not just

readable by a human. (crawlability)

Whether your most important facts are stated plainly enough for

retrieval to isolate them cleanly. (information density and clarity)

Whether your core business information is current enough to

outweigh an older, conflicting source. (recency)

Whether your third-party listings and directories agree, rather than

handing retrieval two conflicting versions of the same fact. (source

proliferation)

Whether your identity is consistent across the web.

Whether credible sources reinforce the claims you make about

yourself.

None of this is about gaming an algorithm. It is about systematically

reducing ambiguity.

• 

• 

• 

• 

• 

• 
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The goal is not to trick a machine into believing a story that is not true.

The goal is to make the true version of your story the version that is

easiest to find.
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C H A P T E R  3

The Five Things That Decide
Whether AI Can Read You

In  Th is  Chapter

The five technical factors that determine whether

your site can be read and interpreted by AI

systems.

A real worked example of a modern site that was

effectively invisible to AI.

Why looking good to a human and being readable

to a machine are separate problems.

The checklist to run on your own site this week.

A slick, modern website can be nearly invisible to the AI systems now

answering questions about your business, and the failure has nothing to

do with how good the site looks.

I learned this the hard way on my own site. I rebuilt it as a modern single-

page application: fast, clean, exactly the kind of build a design-conscious

visitor would appreciate. Then I checked what an AI crawler actually

received when it fetched the homepage.

Almost nothing.

Empty containers where the real content should have been. A tool

fetching the page without executing the site's JavaScript was getting back

a shell, not a site.

• 

• 

• 

• 
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The site a human saw and the site a machine could read were two

different sites, and I'd built the second one by accident.

The Five Factors
1. Crawler access. Before anything else, confirm that the crawlers used

by the AI and search systems you care about are actually allowed to reach

your site. Check your robots.txt file for accidental blanket disallows. A

rule left over from a staging environment can survive a launch and quietly

prevent crawlers from accessing the site.

2. JavaScript rendering. This is the one that got me.

Many modern sites build their pages client-side: the browser downloads a

mostly empty HTML shell, then JavaScript fills in the actual content after

the page loads. A human's browser handles this invisibly.

You cannot assume every crawler will. Some crawlers can execute

JavaScript. Others primarily work from the initial HTML response. Even

when rendering is supported, behavior can vary by crawler and

implementation. If the information that matters about your business exists

only after JavaScript executes, you are depending on a capability you do

not control.

What a human sees in a fully rendered browser and what a crawler

receives in the initial response can therefore be very different.

3. Content format. Even when content exists in the raw HTML, format

matters. A wall of text with no structure is harder to parse correctly than

the same information broken into clear headings, short paragraphs, and

lists.

This isn't just about crawlers. It's about anything trying to extract a

specific fact from a page efficiently.
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4. Structured data. Schema markup provides structured metadata that

can help search engines and other systems understand what a page is

describing: a business, its hours, its services, its location, or other defined

entities and attributes.

Without structured data, a retrieval system may have to infer those

relationships from prose. With it, the page provides an additional

machine-readable signal about what its content means.

Structured data is not a guarantee that an AI system will use the

information correctly. It is another clear signal available to systems trying

to understand the page.

5. Entity consistency. Chapter 13 covers this in full, but the short version

is simple: if your business name, description, services, or other important

details are phrased differently across your own site's pages, you already

have a consistency problem before you even get to third-party sources.

What Good Actually Looks Like
It helps to know the target state, not just the failure mode.

A particularly robust page, from a crawler's perspective, makes its

important content available in the initial HTML response, without

requiring the crawler to execute additional code to discover the basic

facts. That's not the only way to build a well-functioning site, since some

crawlers do render JavaScript successfully, but it's the version that

depends on the fewest assumptions about what any given crawler can do.

Headings are real heading elements, not styled text that merely looks like

a heading. Key facts such as a business's services, hours, and location

appear as actual text somewhere in the page, rather than existing

exclusively inside an image, video, or script-rendered widget.

None of this requires an ugly or old-fashioned-looking site.
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Server-side rendering and static generation, covered in Chapter 10, can

produce sites that look and feel completely modern to a human visitor

while also delivering complete HTML to systems fetching the page. The

visual and the technical are genuinely separable problems.

That's good news. Fixing this does not mean giving up a modern design.

A Note on AI-Specific Crawlers
It's worth knowing that the crawlers used by AI systems aren't always the

same crawlers used for traditional search, even when they're operated by

the same company.

Some AI providers operate separately named crawlers for gathering

content for AI-related purposes. Their access rules and behavior can differ

from those of the company's general-purpose search crawler.

Practically, this means that allowing a familiar search crawler does not

automatically tell you what every AI-related crawler can access.

When you check your robots.txt file, look at the specific crawler rules

rather than assuming that one company's search access represents all of its

AI systems. If you choose to block a crawler, make that a deliberate

decision based on what that crawler does and what you want it to access.

Documents, PDFs, and Non-HTML Content
Many businesses keep meaningful content locked inside PDFs, service

brochures, spec sheets, and downloadable guides rather than publishing it

as actual page content.
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PDFs can be readable by crawlers, but their accessibility varies. Text-

based PDFs are generally much easier to process than scanned or image-

based PDFs. Older documents are particularly likely to contain pages that

are effectively just images.

If a genuinely important fact about your business lives only inside a PDF,

especially an older or possibly scanned one, treat republishing that same

information as an actual HTML page as a priority fix, not a nice-to-have.

The same logic extends to images.

Content that exists only inside an image, a logo containing your tagline,

an infographic containing your differentiators, or a graphic containing

your service description, may not be available to text-based retrieval in

the same way as actual page text.

Descriptive alt text can help. It is the short text description attached to an

image for accessibility and machine-readability purposes.

Alt text that simply restates a filename wastes the opportunity. Alt text

that accurately describes the meaningful content of the image gives

systems another textual representation to work with.

A site can pass every visual and functional test a human would run

and still fail this test in an important way.

"The site works fine. People can use it" is not evidence of crawlability.

It's evidence that the site works in a browser, which is a different test.

Running the Test Yourself
You don't need special tools to check the first two factors, and you don't

need to be technical to run this yourself.
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The simplest version: in any browser, right-click your homepage and

choose "View Page Source" rather than "Inspect." Inspect Element shows

you the page after your browser has rendered everything, which is what a

human sees. View Page Source shows you the initial HTML response

before your browser executes the page's JavaScript, which is a useful first

approximation of what a crawler that does not render JavaScript would

receive. If your key content, your services, your differentiator, your

location, isn't visible in that raw source view, that's the finding.

For a more thorough check, Google Search Console's URL Inspection

tool will show you a rendered view of exactly what Google's own systems

saw when they last crawled a given page, which is a direct, authoritative

way to confirm whether your content survived the fetch. Beyond that, any

dedicated raw-fetch tool, a browser extension or a simple command-line

utility, gives you the same underlying answer.

Fetch your homepage URL. Then look at what actually comes back.

If the response is mostly an empty shell, with empty containers where

your actual content should be, you have found a real technical problem. If

your important content appears directly in the initial HTML, you have

cleared a major prerequisite.

That distinction matters because everything else in this book assumes the

retrieval system can at least reach and extract your information.

One more quick test, specifically for PDFs and scanned documents: try to

highlight and select the text with your cursor. If you can select individual

words and copy them, the document is text-based and generally readable

by a crawler. If clicking and dragging only selects the whole page as one

image, with no individual words to grab, you're looking at a scanned

image being presented as a document, and it's often difficult for the same

systems this chapter is about to extract, since not every system applies

OCR to scanned images.
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These five factors are not exotic engineering problems. They're closer to

plumbing than marketing.

That's exactly why they get skipped, and exactly why fixing them can be

some of the highest-leverage, least glamorous work a business can do

right now.
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C H A P T E R  4

Where AI's Answers Actually
Come From

In  Th is  Chapter

Why fixing your own website perfectly still isn't

enough.

The three categories of sources AI systems draw

on.

The walled-garden problem with major social

platforms.

How to think about which sources are worth your

effort.

Fix your own website perfectly, and an AI assistant can still describe your

business wrong.

This surprises people every time, and it shouldn't. It is the exact same

lesson search engines taught two decades ago that everyone forgot: your

own site is just one voice in a room full of other voices talking about you,

and you don't get to pick who else is in the room.

• 

• 

• 

• 
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Three Categories Worth Knowing
For practical purposes, think of your online sources in three categories.

Understanding where a source lives dictates how much time you should

spend worrying about it.

What you control directly. This is your website, and anything you

can log into and edit yourself. This is the highest-leverage category

because you can fix it immediately, which is why Chapters 10 and 11

focus here first.

What you can influence. This includes directory listings, review

platforms, and industry association pages. Anywhere you have an

account or a claim process available, even if you don't control the

underlying platform, falls here. This category takes more effort per

fix but is still genuinely actionable. Chapter 12 covers this category

in detail.

What you can't touch. These are old news mentions, archived

pages, forum discussions, and anyone else's writing about you where

you have no editorial control. You cannot edit these. What you can

do is understand that they exist, factor them into your expectations,

and in some cases, produce enough current, well-structured content

elsewhere that it outweighs the old mention in whatever retrieval

process is running.

1. 

2. 

3. 
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Figure 4.1: The three-category source model, from what you control at the
center to what you can't touch at the outer edge.

The Walled Garden Problem
Here's a correction worth making explicitly, because the instinct is almost

always wrong: social platforms like Instagram, TikTok, and Facebook are

a less dependable AI-visibility channel than most people assume. Access

to their content is controlled by the platforms themselves, and how much

of it any given AI crawler or provider can actually reach varies by service,

by page type, and by whatever licensing or access arrangement, if any,

exists between the platform and that provider.

Figure 4.1 — The Three-Category Source Model

WHAT YOU CAN'T TOUCH
old news articles, archived pages, former employees

WHAT YOU CAN INFLUENCE
directories, review platforms, industry listings

WHAT YOU
CONTROL

your own site, your own content

Effort works differently in each zone: correct directly at the center,
claim-and-correct in the middle ring, and outweigh rather than remove

in the outer ring, where you have no editorial standing at all.
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That is a big enough issue that it deserves its own explanation. These

platforms restrict automated access to their content for their own business

reasons, which is different from saying no AI system anywhere can see

any of it. What it does mean, in practice, is that you shouldn't assume an

active, current Instagram profile is doing for your AI visibility what it

does for your marketing.

Keeping your Instagram current is good marketing. It's a much less

reliable bet for what an AI assistant knows about you.

This doesn't mean you should abandon social media. It means you need to

understand that it is serving a different function than you might assume.

Treat it as a marketing channel first, and don't count on it to carry your

AI-visibility strategy.

LinkedIn is a partial exception here, and it's worth knowing which

way it cuts. Profound's March 2026 analysis of AI citation data, real

ChatGPT prompts alongside synthetic queries tested across ChatGPT,

Gemini, Google AI Overviews, Google AI Mode, Microsoft Copilot, and

Perplexity, found LinkedIn was the single most-cited domain for

professional queries across all six platforms. Posts and profile content on

LinkedIn genuinely do get read and cited by at least some of these

systems. This is different from Instagram, TikTok, and Facebook, and it's

worth treating LinkedIn as a real AI-visibility channel for exactly this

reason. One caveat worth keeping: being cited often is a measure of how

frequently a source shows up, not proof that any specific answer citing it

got your facts right.

Employee Profiles as an Overlooked Source
Individual employees' professional profiles, particularly on LinkedIn, are

a source category worth deliberate attention rather than leaving entirely to

individual discretion.
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An employee's own description of their role and the company they work

for is genuinely public content that retrieval systems can and do draw on.

Inconsistency here, an employee listing an old company name, an

outdated title structure, or a different description of what the company

does, contributes to exactly the entity-consistency problem Chapter 13

covers. It comes from a source most businesses never think to check.

This doesn't mean policing employee profiles heavily. It means providing

the same reference document from Chapter 13 to employees updating

their own profiles. This ensures any variation that does exist is a natural,

individual voice difference rather than a genuine factual inconsistency

about what the company actually does.

Review Platforms Deserve Their Own
Mention
Review platforms sit in an interesting middle position between the three

categories. You typically can't edit a review itself, but you can usually

respond to it. On most platforms, that response is published on the same

page as the review, which means anything reading or indexing that page

sees your response too.

There is a pattern worth knowing here: an unanswered negative review

sitting alone reads very differently to a retrieval system than the exact

same review with a thoughtful, factual response beneath it. This isn't

about arguing with a customer publicly. It is about the response being an

opportunity to restate accurate information a review might have gotten

wrong, in your own words, attached to content that is otherwise outside

your control.

The specific wording of that response matters more than it might seem. A

generic, friendly reply, "Thanks for your feedback, we're always looking

to improve," corrects nothing and gives a retrieval system no new
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information to work with. A response that uses your exact service names

and specific details does real work: "We're sorry to hear the ductwork

inspection didn't include the attic unit; that's actually part of our standard

Full-System Tune-Up, and we'd like to make it right." That sentence

restates your actual service name, corrects the specific misconception,

and hands a retrieval system a clean, specific fact to associate with your

business, in the same structured, entity-specific language covered in

Chapter 9.

Wikipedia, Wikidata, and High-Authority
Sources
Wikipedia and Wikidata represent a small category with outsized

influence. A Q1 2026 citation audit, built from roughly 600,000 U.S.

ChatGPT citation events and compiled using Similarweb data, found

Wikipedia was the single largest source in that specific dataset,

accounting for about 13 percent of the citations measured, a narrower

claim than saying it's 13 percent of everything ChatGPT ever cites. If

your business or its founders have a Wikipedia presence, its accuracy can

matter disproportionately, because at least some retrieval systems appear

to draw on it this heavily.

Editing Wikipedia directly as the subject of an article is discouraged by

Wikipedia's own conflict-of-interest guidelines, and attempting it

clumsily can backfire. The practical approach: if you find a factual error

on a Wikipedia page about your business, use the article's "Talk" page to

politely flag the specific error, providing a citation to a reliable source

that proves the correction, rather than editing the article yourself.
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Forums and Community Discussions
Community forums, whether general-purpose or industry-specific,

occupy an unusual position. You generally can't edit an old thread, but

active, current participation in relevant communities can produce

genuinely useful, naturally well-structured content over time.

When you provide real answers to real questions, in your own words, you

are creating content in a format retrieval systems tend to handle

exceptionally well. This isn't a directive to go market yourself in every

forum you can find. It is an observation that a business already genuinely

active in relevant professional communities is passively building exactly

the kind of specific, credible content this book argues for elsewhere.

What This Means Practically
You cannot fix everything in the third category, and you shouldn't try.

The actual strategy is to make the first category as strong as possible, treat

the second category as ongoing maintenance rather than a one-time

project, and understand the third category well enough to know when an

old, wrong mention is worth actively countering versus simply

outweighing with better current content.

You cannot control every voice in the room. But by mastering the sources

you can control, and actively managing the ones you can influence, you

increase the chances that the clearest, most current version of your

business is the one retrieval systems can find.
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C H A P T E R  5

Why "No Tricks" Is the
Strategy

In  Th is  Chapter

Why manipulation-based tactics don't work the way

they used to for search.

The actual, durable advantage of accuracy over

gaming.

What "no tricks" rules out, specifically.

Why this chapter matters before you touch any of

the fix chapters.

An industry has formed around AI visibility, often using terms such as

AEO (answer engine optimization) and GEO (generative engine

optimization). Some of what's taught under those labels is simply

established SEO practice adapted to a new interface: technical readability,

clear structure, accurate and current information. Some of it borrows the

more manipulative side of the old SEO playbook: keyword stuffing

dressed up in new vocabulary, hidden text aimed at crawlers rather than

human visitors, review manipulation, citation farms. Before you touch

any of the fix chapters in this book, it's worth being direct about which

side of that line this book is on, and why.

• 

• 

• 

• 
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Why Manipulation Is a Worse Bet Now, Not a
Better One
Search engines have spent years building increasingly sophisticated

defenses against manipulation. The history of SEO is full of tactics that

worked for a period, became detectable, and lost their value. AI answer

systems are earlier in that same arc, which means today's clever trick can

become tomorrow's detectable pattern. Building a strategy around

exploiting a temporary gap in detection is building on a foundation with a

known expiration date, and you don't get to choose when it expires.

There's a second, more practical problem: manipulation tactics don't fix

the actual cause of a wrong AI answer. They try to compensate for it. If

your directory listing is genuinely outdated, keyword-stuffing your

homepage doesn't fix the outdated listing. It just adds noise without fixing

the underlying problem, for a benefit that was never durable to begin

with.

The Actual Advantage of Accuracy
Here's the reframe worth sitting with: a strategy built on accuracy doesn't

depend on a manipulation technique surviving the next algorithm update,

because there's no tactic to detect or devalue. Being positioned to be

described correctly as AI systems change isn't about finding the cleverest

trick this quarter. It's about making the true story the easiest one to find,

so there's nothing left to rethink when the next model ships.

Boring compounds. Tricks expire.
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This chapter is not an argument that effort doesn't matter, or that

fixing your AI visibility is easy. It's real work, covered in detail across

Parts II and III. The distinction is between real work that produces a

durable result and clever work that produces a temporary one that

eventually gets detected and penalized.

Transparency as Its Own Advantage
There's a simple test hiding inside the no-tricks approach: if the method

would be embarrassing to explain publicly, that's evidence you shouldn't

build your strategy around it. "We make sure AI describes us accurately,

and we do it by making our real information easier to find, not by gaming

anything" is a claim you can say out loud to a customer, a partner, or a

prospective hire. A business relying on manipulation tactics can't make

that same claim without undermining the tactics themselves.

Addressing the Obvious Objection
The obvious pushback to this chapter: "if everyone else is gaming the

system, doesn't refusing to just put me at a disadvantage?" It's worth

taking seriously rather than waving away.

The honest answer has two parts. First, even if a manipulation tactic

produces a short-term lift, you have to ask what happens when the

underlying system changes. A tactic whose success depends on exploiting

a temporary weakness has built-in uncertainty, and AI providers have a

similar commercial incentive to the one search engines have had for years

to close that weakness once they notice it. Second, and more importantly,

the comparison isn't between "doing tricks" and "doing nothing." It's

between "doing tricks, which may work temporarily and carry real
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detection risk" and "doing the accuracy work in this book, which

compounds and doesn't carry that risk." The second option isn't the

passive one. It's the more durable active one.

A Note on Fabricated Citations Specifically
One manipulation pattern deserves its own explicit callout, since it's

become common enough to need naming directly: producing large

volumes of low-quality, artificially generated content across many small

sites or profiles specifically designed to be picked up as sources,

sometimes called citation farming. It resembles the old link-farm strategy

in one important respect: the content exists primarily to create a machine-

detectable signal rather than to serve a genuine informational purpose.

A Note on llms.txt and Similar Proposed
Standards
The no-tricks principle isn't just about avoiding manipulation. It also

means being disciplined about which proposed standards are worth your

time, and llms.txt is the clearest current example.

llms.txt is a proposed text file, placed at the root of a website, meant to

give AI systems a curated summary of a site's content, roughly analogous

in spirit to a sitemap, though it isn't the same kind of technical document

and doesn't work through the same mechanism. As of mid-2026, there is

no evidence that businesses should treat llms.txt as an AI visibility or

ranking tactic.

Google has been explicit about this rather than just silent. Google's own

Search Central guidance on optimizing for generative AI features says

that machine-readable files such as llms.txt are not needed for a site to

appear in Google's generative AI features and do not affect its visibility or
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rankings. Gary Illyes, of Google's Search Relations team, said in 2025

that Google does not support the file and has no plans to. John Mueller

made a related point, comparing llms.txt to the deprecated keywords meta

tag, because it represents a site's own description of itself rather than

independently verified information.

The available usage data also raises questions about its practical value.

Ahrefs analyzed more than 137,000 domains and published the results in

June 2026: 28 percent of the sites studied had an llms.txt file, but 97

percent of those files received zero requests in May 2026. Among the

small percentage that did receive requests, some were fetched by AI

agents and other automated tools, but a request is not evidence that a

system actually used the contents. In that study, almost none of the files

were being fetched.

This is exactly the kind of claim that ages quickly, so treat these specific

figures as a snapshot rather than a permanent fact, and confirm them

again before this book goes to print. What won't age is the discipline: low

cost to implement is not evidence of value, and a proposed standard

shouldn't get space in your strategy just because adding it is cheap.

Nothing here should be treated as a substitute for the technical and

content work in Parts II and III. When a new proposed standard shows up

promising better AI visibility, the question is always the same one: is

there evidence a major provider actually uses this for the outcome you're

trying to achieve, or is adoption running ahead of proof? That question,

not the specific standard, is the durable takeaway.
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What "No Tricks" Specifically Rules Out
To make this concrete rather than just philosophical, here's what this book

will not recommend, ever:

Hidden text or content served differently to crawlers than to human

visitors.

Fabricated reviews, citations, or third-party mentions.

Keyword density tactics divorced from genuinely answering a real

question.

Any technique whose entire value depends on a detection system not

yet existing.

If a tactic stops working when the people building the system learn about

it, it was never a durable strategy. Everything this book recommends

should survive full disclosure. That's not a coincidence. It's the actual test

for whether something belongs in this book at all.

One Chain, Not a List of Separate Problems
The last four chapters introduced several ideas: machine readability,

retrieval, signal density, consistency, coverage, corroboration. Read on

their own, each one can sound like its own separate problem to solve.

They aren't separate. They're links in a single chain:

Access → Extraction → Retrieval → Reconciliation →

Representation → Shortlist → Opportunity

Chapter 3 covered whether a source can be reached at all, and whether the

facts on it can be pulled out cleanly once it is: access and extraction.

Chapter 2 covered how a retrieval system chooses among the sources that

clear those first two hurdles. Chapter 4 covered what happens when the

sources it finds disagree with each other, a reconciliation problem, and

• 

• 

• 

• 
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that disagreement, or the lack of it, shapes what an AI system actually

settles on saying: its representation of your business. What it says

determines whether a prospect puts you on the list of businesses they're

actually comparing, and that shortlist decision determines whether you

ever get the chance to make your case at all.

A break early in this chain costs more than a break late in it. A source that

can't be reached doesn't produce a wrong answer, it removes your

business from consideration before accuracy is even a question. A source

that's reachable but poorly reconciled against conflicting information

produces an inconsistent answer instead of a wrong one, which tends to

be the easier problem to fix.

This chain is also the map for what comes next. Chapter 6's audit tests

each link in it directly, using the same names. Chapter 7 tells you what

kind of break you found. Chapter 8 tells you what you can actually do

about the sources involved. Part II isn't introducing new concepts. It's

giving you a way to test the chain described here.
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P a r t  I I

Finding the Damage
From Guessing to Diagnosis

Most businesses that suspect something is wrong with how AI

describes them skip straight to fixing something, usually the first thing

that occurs to them: rewrite the homepage, post more on social media,

hire someone to "do AI SEO." Part II exists because that instinct,

however understandable, usually wastes effort on the wrong target.

The four chapters ahead are deliberately sequenced before any fix

work begins. Chapter 6 gives you a real audit methodology, not a

single spot-check, built on the mechanics Part I established: seven

stages, from what AI currently says down to whether you'd even know

if something changed. Chapter 7 teaches you to read what that audit

turns up correctly, since "wrong" splits into genuinely different

categories that call for genuinely different responses, and the category

that sounds most alarming isn't always the one that matters most.

Chapter 8 widens the diagnostic picture to the sources you don't fully

control, which the audit will inevitably implicate at least some of the

time. Chapter 9 closes Part II by teaching you what a fixable, well-

structured fact actually looks like, the standard every fix in Part III

will be measured against.



The discipline this part asks for is patience. It will be tempting, once

you spot an obviously wrong answer in your first audit, to go correct it

immediately. Chapter 6 addresses this directly: a partial audit followed

by scattered fixes produces a worse outcome than a complete audit

followed by prioritized fixes. Diagnosis before treatment isn't a

formality here. It's the difference between a fix that addresses the

actual cause and one that treats a symptom while leaving the real

problem untouched, waiting to resurface somewhere else.

By the end of Part II, you won't have fixed anything yet. You'll have

something more valuable for what comes next: a complete,

categorized, prioritized picture of what's wrong, and the best evidence

you have for why, ready to feed directly into Part III's fix work.



C H A P T E R  6

Running Your First AI Audit

In  Th is  Chapter

The two-minute version anyone can run today.

A seven-stage methodology for a real first audit,

built on the mechanics from Chapters 1 through 5.

The exact questions to ask at each stage, and why

each one matters.

How to document what you find so it's useful later.

Most owners have never asked an AI assistant what their business does. It

costs nothing to check, and it's the single most direct way to find out

whether anything in this book applies to you specifically.

The Two-Minute Version
Open a fresh chat with ChatGPT, Gemini, or Claude. Ask the question the

way a stranger would ask it: "What does [your company name] do?" Not

a leading question, not one that supplies context. The plainest possible

version.

Read the answer as if you'd never seen it before. Is it current? Does it

name your actual differentiator, or something generic? Does it get

anything simply, factually wrong?

• 

• 

• 

• 
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The results are often surprising, quietly rather than dramatically. A retired

service still listed. A specialty that used to be true. A description that's

technically accurate but misses the thing that actually makes the business

worth choosing.

That's the diagnostic. What follows is the real audit, the one that tells you

why the answer came out the way it did.

Four Rules of the Audit
Before the seven stages, four principles govern how to run any of them

correctly. They'll come up repeatedly through this chapter and the rest of

Part II, so it's worth naming them once, plainly, rather than restating them

piecemeal every time they apply.

Record before interpreting. Write down the exact answer you got

before you start theorizing about why you got it. An interpretation

made too early has a way of quietly shaping what you notice next.

Trace before correcting. Don't fix a source until you've followed

the finding back to where it likely originated. Correcting the wrong

thing wastes the same effort as correcting nothing.

Distinguish evidence from inference. A traced source is a lead. A

confirmed cause is rare. Chapter 7 makes this distinction formal; for

now, just don't let a good guess start sounding like a fact.

Complete the audit before beginning the fix. A finding you notice

on your first question isn't necessarily your highest-priority finding.

Finish the full pass first.

1. 

2. 

3. 

4. 
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Why a Real Audit Needs Seven Stages, Not
One Question
The two-minute version tells you what the AI said. It doesn't tell you why.

An answer can be wrong because of a problem at any point in the process

Chapters 2 through 4 described: a source that can't be reached,

information that's technically present but poorly structured, two

directories quietly disagreeing with each other, or a true fact that simply

has nothing backing it up anywhere else.

A useful audit checks each of those points separately, because the fix is

different depending on where the breakdown actually is. The seven stages

below map directly onto the mechanics this book has already built:

Representation. What does AI currently say about us?

Retrieval. What sources appear to be informing those answers?

Access. Can those sources actually be reached?

Extraction. Once reached, can the important facts be pulled out

clearly?

Reconciliation. Where do sources disagree with each other?

Coverage. Which important facts have weak or missing support?

Monitoring. How do we know whether any of this is improving?

Notice the order runs opposite to the mechanism chain Chapter 5 closed

with, which builds forward from Access through Opportunity, the

sequence that has to work for a good answer to happen in the first place.

An audit can't start from Access, because at the outset you don't yet know

where the breakdown is. It has to start from the visible symptom,

Representation, and work backward into the process that produced it.

Both sequences describe the same system. One shows how it's supposed

to work. The other shows how you find the point where it didn't.

1. 

2. 

3. 

4. 

5. 

6. 

7. 
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Each stage below explains what to test and how to test it. Appendix A

collects the full, reusable question bank referenced throughout.

Figure 6.1: The seven-stage audit, from Representation through Monitoring, with
the guiding question for each stage.

The answer is the symptom. The source trail is the diagnosis.

Say an AI states that "Company X specializes in residential HVAC."

That's the finding, and it's where most owners stop. Run it through the

seven stages instead, and a fuller picture emerges.

A worked example.

Figure 6.1 — The Seven-Stage Audit

1
Representation
What does AI currently say about us?

2
Retrieval
What sources appear to be informing those answers?

3
Access
Can those sources actually be reached?

4
Extraction
Once reached, can the important facts be pulled out clearly?

5
Reconciliation
Where do sources disagree with each other?

6
Coverage
Which important facts have weak or missing support?

7
Monitoring
How do we know whether any of this is improving?

"The answer is the symptom. The source trail is the diagnosis."
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Stage What the audit finds

Representation The AI states plainly that Company X specializes in
residential HVAC work.

Retrieval Searching the exact phrase "residential HVAC"
alongside the company name surfaces a five-year-old
regional directory listing using that same wording.

Access The directory listing is fully public, no login or paywall
standing between it and a crawler.

Extraction The listing states the claim in one short, clear sentence,
exactly the kind of statement a retrieval system can lift
directly.

Reconciliation The current website states the company has handled
both residential and commercial HVAC work for the past
three years. The directory listing was never updated
after that change.

Coverage The commercial capability appears on exactly one page
of the company's own site, in the third paragraph of a
services page, with no mention on the homepage, no
directory listing reflecting it, and no case study
referencing it.

Monitoring The question "What does Company X specialize in?"
gets added to the recurring question set for every future
audit cycle.

Now you know what you're actually fixing, and it isn't "update your

website." The website already states the correct fact. The actual fixes here

are threefold: get the outdated directory listing corrected (Chapter 12),

restate the commercial capability more prominently and in more places

(Chapter 11), and build the entity-consistency discipline that would have
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caught this kind of drift sooner (Chapter 13). Finding a problem is not the

same thing as finding its cause, and the rest of this chapter is built to keep

those two apart.

Walking Through the Audit
The table above compresses several separate steps into one row each. It's

worth slowing down and watching those steps happen in sequence, since

a real audit rarely arrives at its answer in one motion.

Question 1: "What does Company X do?"

Answer, from a general-purpose AI assistant: "Company X specializes

in residential HVAC installation and repair, serving homeowners in the

surrounding area."

Auditor's note: The phrase "residential HVAC" may be outdated, per the

company's own current site. Record it and move on. Rule 1: don't edit

anything yet.

Question 2: "How does Company X compare with other HVAC

companies in the area?"

Answer, same system: "Company X is known for residential installation

work, similar to several other local providers, though pricing and

availability vary."

Finding: The same residential-only characterization has now appeared in

two independently phrased questions, not just once. That's a meaningfully

stronger signal than a single answer would be, worth noting per Rule 3:

this is still evidence, not yet a confirmed cause.

Retrieval step: Search the exact phrase "Company X" alongside

"residential HVAC." The search surfaces a five-year-old regional

directory listing using nearly identical wording.
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Reconciliation, sources side by side:

Source Description given Status

Company website Residential and commercial Current

Regional directory Residential only Five years old

Review platform response Residential and commercial Two years old

Trade publication article Residential only Four years old

What the auditor can conclude, and what they still can't: Two sources

say residential only, both several years old. Two sources, including the

company's own current website, say both. This is a Reconciliation-stage

finding: a real disagreement between an old, recurring characterization

and the current, accurate one. What the auditor still can't establish, per

Rule 3, is which specific source the AI actually drew from for either

answer. Traceable is the right word here, not proven. That's enough to act

on. It isn't enough to overstate.

A Diagnostic Flow for a Single Wrong
Answer
The walkthrough above followed one specific case. Most findings can be

routed through the same handful of questions, in order, as a quick-

reference while you're actually running an audit:

Is the AI's answer wrong or incomplete? If no, move to the next

question in your test set. If yes, continue.
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Can you identify a source the claim likely came from? If no, this is

heading toward Chapter 7's confidently invented category, and the next

step is checking Coverage, whether the underlying fact is thin or

unrepeated anywhere, rather than continuing to search for a source that

may not exist. If yes, continue.

Is that source current? If no, this is a Reconciliation and likely Outdated

finding, and Chapter 12's cleanup is the eventual fix. If yes, continue.

Can that source actually be reached by a retrieval system? If no, this

is an Access-stage finding, and Chapter 10's technical fixes apply. If yes,

continue.

Does the source state the fact clearly enough to be lifted out and

reused? If no, this is an Extraction-stage finding, and Chapter 9 and

Chapter 11's writing guidance apply. If yes, you've likely found a

Misattribution or an entity-consistency issue instead, worth checking

against Chapter 13 directly.

This flow won't resolve every case. Some findings, especially confidently

invented ones, don't have a clean source to trace at all. What it does

reliably do is turn "the AI is wrong" into a specific stage, and a specific

stage points to a specific chapter, which is the entire point of running a

seven-stage audit instead of stopping at the two-minute version.

1. Representation: What Does AI Currently Say About
Us?

This is the two-minute version, run properly and documented.

Run the same core question on ChatGPT, Gemini, Claude, and Perplexity

at minimum. Each draws on different retrieval infrastructure, so the

answers can differ, which is itself useful diagnostic information. Where
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they agree, you may be seeing a signal shared across systems. Where they

disagree, you've identified something worth investigating, whether the

difference comes from sources, retrieval, or generation.

Go beyond the single opening question. Add: "How does [company]

compare to [a named competitor]?" "What are people saying about

[company]?" "Is [company] a good choice for [specific use case]?" Think

of each question as a different probe into the same information system

rather than a test of some separate mechanism. Together, they surface

different gaps.

For each question and each system, record the actual answer verbatim,

not a paraphrase. You'll need the exact wording later when you're trying

to trace where a specific claim came from.

2. Retrieval: What Sources Appear to Be Informing
These Answers?

Once you have an answer, the next question is where it came from.

Some systems will name sources directly if you ask a follow-up: "What

are you basing that on?" or "Can you cite where that information comes

from?" Treat whatever comes back as a lead, not a guarantee, since a

system can decline to answer, answer vaguely, or in rare cases describe its

own reasoning inaccurately.

Where a system doesn't cite anything, work backward. Take a specific,

distinctive phrase from the AI's answer, something unlikely to be a

coincidence, and search for that exact phrase. It can sometimes lead you

directly to the old directory listing, outdated bio, or abandoned profile the

system appears to be drawing from, though search results won't always

expose the actual retrieval source. This is one of the most useful

techniques in the audit.
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The goal of this stage isn't certainty about every source. It's narrowing a

vague "the AI is wrong" into a specific "the AI appears to be pulling from

this particular page," which is the version of the finding you can actually

act on.

3. Access: Can Those Sources Actually Be Reached?

For every source you've identified, your own site or someone else's, check

whether it's the kind of page a retrieval system could realistically read at

all.

For your own pages, this is Chapter 3's test: view the raw HTML

response, not the rendered page, and confirm your important content is

actually present in it. For third-party pages, you generally can't run the

same technical check, but you can at least confirm whether the page is

publicly accessible, whether it requires a login or subscription, and

whether there are obvious access restrictions that could prevent

automated retrieval. None of that guarantees a given AI crawler can

actually reach it, since robots rules, bot protections, rate limits, and

geographic restrictions can all still get in the way, but it rules out the most

obvious blockers.

A source failing this stage explains a lot on its own. If your current,

accurate page can't be reached the way an older, wrong one can, you've

found a real technical problem, not a content problem, and Part III's

technical chapters are where it gets fixed.
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4. Extraction: Can the Important Facts Be Pulled Out
Clearly?

A page can be fully reachable and still fail here. This is Chapter 2's

information-density-and-clarity problem and Chapter 3's content-format

problem showing up together: the fact is present on the page, but it's

buried in a long paragraph, phrased ambiguously, or dependent on context

that isn't stated plainly nearby.

To test this on your own pages, read the specific sentence or section

containing the fact the AI got wrong, and ask honestly whether it states

the fact plainly enough that someone skimming quickly, human or

machine, would come away with the right takeaway. If the true fact is

technically on the page but the AI still got it wrong, this is one of the first

things to investigate.

5. Reconciliation: Where Do Sources Disagree?

This stage is where Chapter 4's three categories of sources become a

working checklist. For each fact the AI got wrong, look across your own

site, your directory listings, review platforms, and any other source you

can find, and note where they actually disagree.

Sometimes the disagreement is obvious once you line the sources up side

by side: an old service list on one directory, a current one on your site,

and a third-party review referencing something in between. Document the

actual competing versions, not just your own correct one. A retrieval

system has to choose between exactly these versions, and understanding

what it's choosing between is what makes the eventual fix effective rather

than cosmetic.
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6. Coverage: Which Facts Have Weak or Missing
Support?

Some of the most important gaps aren't wrong answers at all. They're

thin, generic, technically accurate answers, which usually means a fact is

true but has almost nothing reinforcing it anywhere a retrieval system

would find it.

Chapter 1's signal density idea applies directly here: a fact stated once, on

one page, with nothing else online corroborating it, is fragile in exactly

the way a fact repeated consistently across your site, your listings, and

third-party mentions is not. For each generic or thin answer in your

findings, ask whether the underlying fact is genuinely well-supported

across multiple sources, or whether it's true but essentially unrepeated.

The second case is a coverage gap, and it's worth flagging even though

nothing about it is factually wrong yet.

Resist fixing anything the moment you spot it. Complete all seven

stages first, across all your test questions and systems, before starting Part

III's fix work. A partial audit followed by scattered fixes produces a worse

outcome than a complete audit followed by prioritized fixes, because

you'll waste effort on the first wrong thing you notice instead of the

highest-impact one.

7. Monitoring: How Do We Know Whether This Is
Improving?

The first audit is a snapshot, not a verdict. This stage is less about testing

right now and more about deciding, before you move on, exactly how

you'll know whether Part III's fixes actually worked.

At minimum, that means keeping this audit's findings in a form you can

compare against later: the same questions, the same systems, recorded the

same way. Chapter 15 covers building re-verification into an ongoing
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habit. For now, the job is narrower: make sure today's findings are

documented well enough that a future audit is a comparison, not a fresh

start.

Testing Clean Versus Personalized
One technical detail that meaningfully affects your results at every stage

above: some AI systems personalize answers based on your account

history, location, or prior conversation context. If you're logged into an

account that's previously discussed your own business, or if the system

has access to your location and you're physically near your own business,

you may get a different, more detailed, or more contextually tailored

answer than a genuine prospect would, not necessarily a more favorable

one.

Wherever possible, run your audit questions from a signed-out session, or

a fresh account with no history, and ideally not from a location associated

with your business. This adds friction to the process, but it's one of the

best ways to see something close to what an actual first-time prospect

would see, which is the whole point of running the audit at all. It's not a

perfect substitute. Location, device, language, and query context can still

shape results in ways signing out doesn't fully eliminate. The larger point

still holds: the audit needs to approximate the discovery experience of a

new prospect, not the experience of the business owner.

Dividing This Work Across a Team
For larger organizations, the audit can eventually be divided across people

or departments. The important principle isn't the org chart. It's

independence: don't let one person's initial interpretation become the

unquestioned finding. However you split the work, using Chapter 7's

severity framework, build in at least one point where a second person
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checks the first person's read before it's treated as settled. A finding one

person waves off as minor and another flags as significant is exactly the

kind of signal worth surfacing before it gets buried in a single person's

judgment call.

Timing Considerations for When to Audit
Beyond the regular cadence covered in Chapter 15, certain moments

deserve an audit regardless of where you are in that cycle:

Immediately after any name change, rebrand, merger, or

significant service change. These are exactly the events most likely

to produce a period of conflicting old and new information online.

Immediately before a significant marketing push or campaign

launch. You don't want to invest in driving attention toward a

presence with known, fixable accuracy gaps.

After a major AI provider update, when there is reason to

suspect changed retrieval behavior. The announcement itself isn't

the event that matters. What matters is a change substantial enough

to plausibly affect how your business specifically gets represented.

A Simple Audit Report Template
To keep your findings organized and comparable across cycles, structure

each audit round as a simple document, with one section per stage:

Header: date, systems tested, questions asked verbatim, per Appendix A's

question bank.

Representation and Retrieval: the exact answer text per question per

system, and whatever sources you could trace each answer back to.

• 

• 

• 
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Access, Extraction, Reconciliation, Coverage: your findings at each

stage, tied back to the specific wrong or thin answer that surfaced them,

with a severity note using Chapter 7's framework.

Summary: a short paragraph noting the overall pattern: is this mostly an

access problem, mostly a reconciliation problem, mostly a coverage gap,

and how does this compare to your previous audit round if one exists?

Next actions: a short prioritized list feeding directly into Part III's fix

work.

This doesn't need to be elaborate software. A shared document or simple

spreadsheet is entirely sufficient, and the discipline of filling it out

consistently matters more than the format.

Turning This Into a Habit, Not a One-Time
Event
This audit is the beginning of the work, not the whole of it. For now, the

goal is simple: know exactly where the breakdown is happening, stage by

stage, before you start fixing anything, and write it down clearly enough

that you can compare against it later.
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C H A P T E R  7

Reading the Results: What
Wrong Actually Looks Like

In  Th is  Chapter

Four common categories of AI accuracy problems.

Why "wrong" is rarely dramatic.

How to distinguish category from severity when

deciding what to fix first.

Once you've run a real audit, you'll have a stack of AI-generated answers

about your business, some fine, some off. This chapter is about reading

those results correctly, because "wrong" in this context almost never

means what people expect it to mean.

The Four Common Categories
Outdated. A service you retired, a location you closed, a partnership that

ended. This is a common category, and it's rarely the AI's fault in any

meaningful sense. It found accurate historical information and reported it

as if it were current, because nothing told it otherwise.

Incomplete. The answer isn't wrong, exactly. It's just thin, missing your

actual differentiator, your specific specialty, the thing that would make a

reader choose you over an equivalent-sounding competitor. This category

is easy to miss because nothing in the answer is technically false.

• 

• 

• 
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Misattributed. The AI describes a service, a location, or a credential that

belongs to a different business, sometimes a genuine competitor,

sometimes just a similarly-named company. This category can be

especially important when it happens, because it's actively sending

someone the wrong information about who does what.

Confidently invented. The AI states something about your business that

isn't true and doesn't appear to come from any identifiable source. This is

often thought to happen when retrieval finds very little to work with and

the generation step fills the gap with something plausible-sounding rather

than admitting uncertainty, though from outside the system you can rarely

confirm that mechanism specifically. What you can actually establish is

narrower and just as useful: the claim is false, and it doesn't trace back to

anything findable.

What Each Category Looks Like in Practice
It helps to see each category stated plainly, side by side, rather than only

in the abstract.

Outdated, in practice: an AI states a business offers a service that was

discontinued two years ago, sourced from an old page or listing that was

never updated after the change.

Incomplete, in practice: an AI correctly states a business's general

category, "a marketing agency," without ever mentioning the specific

niche, "specializing in healthcare compliance marketing," that actually

distinguishes it from a hundred other marketing agencies.

Misattributed, in practice: an AI describes a certification or award as

belonging to your business when it actually belongs to a similarly-named

competitor, usually traceable to a data aggregation error or genuine name

confusion somewhere upstream.
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Confidently invented, in practice: an AI states a specific founding date,

employee count, or award that doesn't correspond to anything true and

doesn't trace back to any identifiable source.

A Case Table: Putting the Framework Side by
Side
Seeing several findings lined up together, categorized the same way,

makes the distinctions above easier to apply consistently than reading

each category description on its own.

AI says Reality Category
Evidence
level

First
question to
ask

Offers
residential
HVAC
only

The company
also does
commercial
work, and
has for three
years

Outdated Traceable,
an old
directory
listing

Where did
this specific
claim likely
come from?

Is "a
marketing
agency"

True, but the
healthcare-
compliance
specialty that
actually
differentiates
the business
goes
unmentioned

Incomplete Observed Is the
specialty
stated
clearly and
prominently
anywhere
on the site?
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AI says Reality Category
Evidence
level

First
question to
ask

Won a
named
industry
award in
2024

No such
award turns
up in any
source,
owned or
third-party

Confidently
invented

Observed,
no trace
found

Can this
specific
claim be
traced to
any
identifiable
source at
all?

Is located
in the
downtown
district

A similarly-
named
competitor is
the one
actually
located
downtown

Misattributed Traceable,
the
competitor's
own listing

Which two
entities are
actually
being
confused
with each
other?

The value of laying these out side by side isn't the specific examples, it's

the pattern: category tells you what kind of claim you're looking at,

evidence level tells you how confident to be about where it came from,

and the first question tells you what to do next before you touch anything

in Part III. Skipping straight to a fix without answering that first question

is how a business ends up correcting the wrong thing, or correcting the

right fact in the wrong place.
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The Same Symptom Can Have Different
Causes
The categories above are easy to state and easy to misapply, because the

same wrong-sounding answer can trace back to genuinely different

causes, and each one calls for a different fix. Take a single example: an AI

states that a business "primarily serves residential customers."

That one sentence could reflect any of the four categories, depending on

what's actually behind it:

Outdated. An old directory listing, never updated after the business

expanded into commercial work, still says residential only. Fix: correct or

flag the listing, per Chapter 12.

Incomplete. The current website does say "residential and commercial,"

but never explains what the commercial specialization actually involves,

so a retrieval system has technically correct information with nothing

distinctive to surface. Fix: restate the commercial specialty clearly, per

Chapter 11.

Misattributed. The AI has blended this business's information with a

similarly named, residential-only competitor. Fix: trace the specific

confusion and address the entity-consistency gap, per Chapter 13.

Confidently invented. No source anywhere, owned or third-party,

supports the residential-only claim in any form. Fix: there's no specific

source to correct, so the more useful response is strengthening overall

coverage of the commercial specialty, per Chapter 11, and watching

whether the claim recurs.

The surface-level finding, "the AI said residential only," tells you almost

nothing about which of these four situations you're actually in. Only

tracing the claim back through Chapter 6's stages tells you that, and it's
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the reason this book keeps insisting on diagnosis before treatment: the

same sentence can require four entirely different fixes, and guessing

wrong wastes real effort correcting something that was never the actual

cause.

Three more cases, worked the same way.

The wrong location. An AI states the business is located in a district it

actually left two years ago. Outdated looks like the obvious answer, and

often is, but check first: does a similarly located or similarly named

competitor exist nearby? If so, this may be Misattributed instead, two

different businesses' location data blending together, which needs an

entity-consistency fix per Chapter 13 rather than a simple directory

correction.

The wrong credential. An AI states the business holds a certification or

license it doesn't actually hold, or omits one it does hold. This case

deserves extra care because the fix depends entirely on which direction

the error runs. A credential incorrectly added is often Misattributed,

borrowed from a similarly named business, and can carry real regulatory

or trust implications worth addressing urgently regardless of how it

happened. A credential incorrectly omitted is usually Incomplete or

Coverage, a true fact that simply isn't stated clearly or often enough

anywhere retrievable.

The generic answer. An AI correctly describes the business's broad

category but nothing else, "a consulting firm," with no mention of what

kind. There's a temptation to log this as fine, since nothing stated is false.

It's Incomplete by Chapter 7's definition, and worth treating as a real

finding: technically correct and commercially useless are different things,

and this category is exactly where that distinction matters most.
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What You Can Actually Claim to Know
An AI answer is not itself evidence that a specific source influenced that

answer. It's easy to overstate what a trace has actually established, so it

helps to be explicit about which level of confidence a given finding is

really at:

Observed. The AI said X. This is just the finding. On its own, it says

nothing about where X came from.

Traceable. Source Y also says X. You've found a plausible match, not a

confirmed one, since more than one source can happen to state the same

wrong thing.

Likely related. Y is distinctive enough, and matches closely enough, that

treating it as the origin of X is a reasonable working assumption.

Proven. You generally can't get here from outside the system. Confirming

that a specific source actually shaped a specific answer would require

visibility into retrieval and generation that isn't available to a business

owner running an audit.
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Figure 7.1: The four wrong-answer categories and the Observed-to-Proven
evidence ladder are two separate axes, not one scale.

Traceable and likely related are genuinely useful levels of evidence to

work from: they're exactly what Chapter 8's source management targets.

Just don't write a finding up as proven when it's really a well-supported

guess. Chapter 6 made the same point in calling a traced source "a lead,

not a guarantee." Carry that same caution into Chapter 8, where it's

tempting to describe a source as "feeding" an answer more confidently

than the evidence supports.

Figure 7.1 — Category and Evidence Are Two Different Axes

Category: what kind of claim this is

Outdated
true once, not now

Incomplete
thin, not false

Misattributed
belongs to someone else

Confidently
invented

false, no trace found

independent of →

Evidence level: how confident you can be about where it came from

Observed
the AI said X — nothing more, yet

Traceable
a specific source also says X

Likely related
distinctive enough to be a reasonable working assumption

Proven
generally not reachable from outside the system
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Any of the four categories can sit at any evidence level. Keep the two judgments separate.
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Prioritizing What You Found
It's tempting to let the category itself set the priority: fix the alarming-

sounding ones first, get to the boring ones later. Resist that. Category tells

you what kind of problem you have. Severity tells you what to do first,

and the two don't always line up.

A confidently invented claim can be concerning but trace back to no

identifiable source at all, which makes it hard to fix directly. An outdated

claim tied to a single major directory might be both widespread and one

of the easiest things in your entire audit to correct. Misattribution,

fabrication, and materially outdated information can all land at the top of

your list, depending on their actual impact, not their category label.

Outdated, in general, tends to be straightforward to fix once you know

where the source content lives. Incomplete responds well to the writing

techniques in Chapter 9. Misattributed and confidently invented can be

highly disruptive when they surface. None of that is a fixed ranking. Use

the severity rating below to build your actual order.

Don't mistake "incomplete" for harmless. An answer that's technically

accurate but generic is often the difference between an AI recommending

you and recommending an equivalent competitor whose content happened

to state its differentiator more clearly. This category costs you the

comparison, even when nothing in the answer is false.

A Simple Severity Rating
Rate each finding on a rough severity scale from one to three, defined by

business impact rather than by how wrong the statement sounds:

Severity 1: unlikely to affect a prospect's understanding or decision.

Worth fixing eventually, not urgently.
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Severity 2: could materially change how a prospect evaluates the

business. Worth fixing in the current cycle.

Severity 3: could cause a prospect to misunderstand the company's

capabilities, attribute something important to another business, or

otherwise materially affect how the business is evaluated. A top-priority

finding for the current fix cycle.

A severity decision table. Seeing several findings rated side by side

makes the scale easier to apply consistently than reading the three

definitions alone.

Finding
Likely
severity

Why

Wrong holiday hours 1 Mildly inconvenient, unlikely to
change whether someone becomes
a customer

Missing service
specialty

2 Can affect how the business
compares to an equivalent
competitor

Wrong location 2 to 3 Can eliminate the business from
consideration entirely, more severe
if a competitor's location is involved

Wrong licensing or
credential status

3 Actively misrepresents something a
prospect may treat as disqualifying

A competitor's
credential attributed
to your business

3 Direct identity confusion with real
regulatory or trust implications

The pattern across every row: severity tracks how much a specific wrong

statement could change a specific decision, not how technically minor or

major the underlying inaccuracy sounds in isolation. This is a diagnostic
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prioritization tool, not a judgment about which businesses or claims

matter more in the abstract, and it's worth applying the same way every

cycle so your ratings stay comparable over time.

An audit can tell you what a finding might do to a prospect's

understanding. It can't tell you with certainty whether a given wrong

answer has actually cost you business, so the rating above is deliberately

framed around plausible impact rather than a claim you can't support.

Combine this severity rating with the category above to build your actual

prioritized list feeding into Part III, rather than working through findings

in whatever order you happened to notice them, or in category order.

Watching for False Positives
Not everything that looks wrong on first read actually is. A few patterns

are worth checking before you log something as a genuine finding: an

answer that seems outdated might actually reflect a genuinely recent

change on your end that simply hasn't propagated through retrieval yet,

which is a timing issue rather than a source problem. An answer that

seems incomplete might be responding narrowly to a narrowly worded

question, worth re-testing with a slightly broader phrasing before

concluding the underlying content is actually thin. An answer that seems

to name a competitor might simply be correctly answering a comparative

question you asked, not confusing the two businesses at all.

Give each surprising result one re-test with slightly varied phrasing before

logging it formally.

Common "What If" Scenarios
The categories and severity ratings above cover the ordinary case. A few

situations come up often enough, and are messy enough, to deserve a

direct answer of their own.
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What if the AI is wrong but you can't find the source? This is the

confidently invented category by definition, not a failure of your search

technique. Document the claim precisely, since a recurring fabricated

claim across multiple audit cycles is itself a useful signal, and consider

whether it points to a broader thinness of available material about your

business that Part III's content work should address directly, even without

a specific source to correct.

What if the AI is right but incomplete? Don't manufacture a fix for

something that isn't actually broken. Check first whether the missing

detail is genuinely absent from your public information, or simply absent

from this one answer to this one question. If the fact is well-represented

elsewhere and this was a narrowly scoped question, that's a Severity 1

item at most, not a priority rewrite.

What if every AI system gives a different answer? Don't treat

disagreement across systems as evidence that something is broken by

default. Different systems draw on different retrieval infrastructure, per

Chapter 2, so genuine disagreement often reflects genuinely different

source sets rather than one system being wrong and another right. Trace

each system's answer back through the seven stages separately before

assuming they should agree in the first place.

What if your own site is correct but third-party sources are wrong?

This is exactly what Chapter 8's source inventory and Chapter 4's three-

category model exist to handle. Your own correctness doesn't override a

widely-cited, conflicting third-party source on its own. It's the starting

point for the outweighing and correction strategy Chapters 8 and 12

describe.

What if your sources are all correct and the answer is still wrong?

This can genuinely happen, and Chapter 19 covers it in full: retrieval

feeding a generation process good material doesn't guarantee the
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generation step handles it correctly every time. Re-test, document it as a

generation-side outcome rather than a retrieval failure, and don't over-

weight one instance against an otherwise clean trend.

What if you fix something and the AI's answer doesn't change right

away? Expect this, don't be alarmed by it. Chapter 12 already noted that

corrections take real time to propagate, sometimes weeks, and a retrieval

system needs to actually revisit a source before a fix is reflected at all, as

Chapter 10 noted for technical fixes specifically. A successful fix does not

guarantee an immediate change in what an AI system says. It's a

meaningful distinction: this work corrects information infrastructure, it

doesn't manipulate a ranking signal you can expect to move instantly.

Aggregating Findings Across Departments
For larger organizations, audit findings often touch multiple departments

at once: a marketing team owning the website, a separate team owning

directory listings, a product team owning the actual service descriptions

being misrepresented. A single audit report per Chapter 6's template is

most useful when it's shared across all relevant owners rather than routed

to only one department by default, since a finding that looks like a

marketing problem on the surface sometimes traces back to a product or

operations fact that only a different team can actually correct.

Tracing a Finding Back to Its Source
For each significant finding, especially anything in the misattributed or

confidently invented categories, it's worth trying to identify where it

likely came from. Search for the specific wrong phrase or claim directly.

Often you'll find a directory listing, old page, or third-party mention that

likely corresponds to the claim, which is different from proving it caused

the answer, per the levels of confidence above. This matters because Part
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III's fixes are targeted: you're not rewriting your whole online presence;

you're fixing the specific sources that correspond to specific wrong

answers.
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C H A P T E R  8

The Sources You Don't
Control, and What to Do About
Them

In  Th is  Chapter

A practical framework for triaging third-party

sources.

Which platforms are worth active management,

and which aren't.

The claim-and-correct process for directories and

listings.

When to actively counter an old mention versus

simply outweighing it.

Chapter 4 introduced the three categories of source: what you control,

what you can influence, and what you can't touch. This chapter is the

practical playbook for the second category, and a realistic approach to the

third.

Building Your Source Inventory
Before you can manage third-party sources, you need to know what

exists. Search your business name directly, in quotes, and go several

pages deep, further than most people bother to look. Note every directory,

review platform, industry listing, and mention you find. For each one,

record: is this current, is this something you can log into and edit, does it

• 

• 

• 

• 
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appear to correspond to any of the wrong answers you found in Chapter

6's audit, and how important is this source to the business or to the

specific finding.

That last question matters as much as the other three. Without it, it's easy

to build an enormous inventory and spend equal effort on every obscure

mention, when a small number of sources turn out to be associated with

the most relevant problems.

This inventory is tedious the first time and genuinely valuable afterward,

because it becomes the checklist for everything else in this chapter, and

the baseline you'll re-check in Chapter 15.

A worked example.

Source
Claim it
makes

Currently
correct?

Editable?
Connected
to an audit
finding?

Action

Company
website

Commercial
and
residential
HVAC

Yes Yes No, this is
the source
of truth

None

Regional
directory

Residential
HVAC only

No Yes, via
claim
process

Yes, the
traced
source of a
Chapter 6
finding

Correct

Review
platform

Mentions
industrial
work in one
review
response

Mixed,
technically
true but
not a core
claim

Partially,
can
respond
but not
edit the
review
itself

Medium,
worth
monitoring

Monitor
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Source
Claim it
makes

Currently
correct?

Editable?
Connected
to an audit
finding?

Action

Old
trade-
press
article

Residential
HVAC only

No No Medium,
plausible
contributing
source

Outweigh,
don't
pursue
removal

Notice the last column isn't uniform. Not every incorrect source deserves

the same amount of effort, and the point of building the inventory at all is

figuring out which ones do.

Syndication and the Aggregator Problem
One pattern deserves specific attention because it explains a frustrating,

common experience: correcting a listing directly and watching the wrong

version persist anyway, somewhere else, indefinitely.

Many directories don't maintain their own data independently. They pull

it from a small number of data aggregation services, which themselves

feed multiple downstream directories at once. A common chain looks like

this: an aggregator collects your business information from some original

source, feeds it to Directory A, Directory B, and a dozen smaller listings

you've never heard of, and continues feeding all of them on its own

schedule. If you correct Directory A directly, you've fixed exactly one

downstream copy. The aggregator's own record, and everything else it

feeds, remains untouched, and can even overwrite your correction on

Directory A the next time it syncs.

This is why Chapter 12's guidance is to identify whether a wrong listing is

aggregator-fed before assuming a direct edit will hold. Correcting the

aggregator's own record, where that's possible, propagates outward to

everything it feeds, though not instantly and not always completely.
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Appendix F's source inventory worksheet includes a dedicated section for

tracking exactly this, since an aggregator-fed source needs a different

verification approach than a listing you can edit and trust to stay fixed.

The chain, laid out plainly:

Original data → Aggregator → Directory A, Directory B, Directory C,

and every other listing that aggregator feeds

Correcting Directory A does not necessarily correct the aggregator that

supplied Directory A with its information in the first place. It only

corrects that one downstream copy, and the aggregator can overwrite it

right back on its next sync.

The practical takeaway: "I updated my listing" and "the ecosystem now

reflects the correct information" are different claims. The first is

something you can confirm immediately. The second requires checking

the actual downstream listings, not just the one you touched directly.

How to Tell Whether a Listing Is Actually
Independent
There's a subtler version of the same problem worth knowing about,

because it affects how you read Chapter 6's Coverage stage, not just

Chapter 12's cleanup work. Chapter 1's signal-density idea treats a fact

repeated across multiple sources as more robust than a fact stated once.

That's true, but only when those sources are actually independent of each

other.

Five directories stating the same claim can look like five corroborating

signals when they're really one underlying data source, copied five times

through the exact aggregator chain described above. A retrieval system

that weighs apparent consensus may be seeing the same single fact five

times over, not five separate confirmations of it. This cuts both ways: it
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can make a wrong fact look more entrenched than it really is, since

correcting the one real source behind it can clear all five downstream

copies at once, and it can make a correct fact look less well-supported

than it actually is, if all five apparent confirmations trace back to one page

you already know is accurate.

Before treating a cluster of agreeing sources as strong corroboration, or a

cluster of disagreeing ones as a widespread problem, spend a moment

checking whether they're actually independent or whether they're the

same upstream fact wearing several different downstream names.

Distinctive, unusual phrasing repeated identically across multiple listings

is often the tell: independent sources rarely describe a business in the

exact same words by coincidence.

The Claim-and-Correct Process
For every listing you can access or claim:

Claim it. Most directories and review platforms have a claim process for

the business itself, usually requiring some verification that you're actually

authorized to manage the listing. Do this even for listings that look

correct today, since claiming gives you the ability to fix it later without a

delay.

Correct it. Update the name, description, hours, services, and any other

field to match your current reality exactly, using the same specific, plainly

stated language covered in Chapter 9. A vague, generic correction is

barely better than the wrong version it replaces.

Note the update cadence. Some platforms reflect changes within hours.

Others take weeks. Record what you observe so Chapter 15's re-

verification schedule accounts for realistic lag rather than assuming

everything updates instantly.
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Prioritizing Which Platforms Deserve This
Effort
Not every listing deserves the same investment. Prioritize by two factors:

how important the source appears to be in your discovery ecosystem, and

how badly wrong the current information is.

Importance can mean traffic, but it can also mean visibility in search,

apparent citations in AI answers, general authority, or specific relevance

to your market. None of these can be measured precisely by most

business owners, but all are worth a rough judgment call.

A highly visible directory with a badly outdated listing deserves attention.

A low-traffic forum thread from six years ago with a minor inaccuracy

may not.

Don't spend meaningful effort trying to get content removed from

platforms where you have no editorial standing, such as old news

articles, forum posts, or archived pages you never controlled.

Contacting these outlets rarely works, often takes disproportionate effort,

and sometimes draws more attention to the exact content you wanted to

minimize. The better strategy, covered next, is outweighing rather than

removing.

Government and Regulatory Listings
For regulated businesses, licensing boards, business registries, and

government-maintained directories deserve specific attention. These

sources carry unusual authority precisely because they're maintained by

an official body rather than a marketing platform, which can make them

particularly important sources to verify when they appear in the retrieval

ecosystem, even when the actual traffic they receive is modest.
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If your business changed its registered name, address, or ownership

structure, confirm these official records were updated at the time, not just

your own website and your higher-traffic directory listings.

Press Mentions and PR Coverage as a
Special Case
Press coverage deserves its own note, since it behaves differently than a

directory listing. A news article about your business is outside your ability

to edit once published, and it can persist and be republished elsewhere for

years. This makes accuracy at the point of the original interview or press

release particularly important.

A factual error that makes it into a published article can be difficult to

fully correct once it's out, sometimes persisting through syndication or

secondary mentions elsewhere, well outside any correction process

available to a directory listing.

The practical implication: treat every media interaction as a durable

public source you're contributing to, and review anything before it goes

out with the same care you'd apply to your own website's core content. If

you do find a factual error in existing press coverage, most reputable

outlets have a corrections process, slower and less certain than editing

your own site, but worth pursuing for anything in the misattributed

category from Chapter 7's framework.

Former Employees and Former Customers
A source category that's easy to overlook: content produced by people no

longer associated with your business, a former employee's old profile still

listing your company, a former customer's years-old review describing a

product configuration that's since changed substantially.
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None of this is malicious, and little of it is something you can directly

edit. It belongs in your source inventory because it can describe an older

version of the business, one that's changed structurally rather than just

incrementally, and that's reason enough to check it.

When you find one, don't automatically treat it as a problem. Ask whether

it is still materially misleading and whether it appears to be influencing

current AI answers, the same finding-versus-cause discipline from

Chapter 6, applied here.

Outweighing Instead of Removing
For genuinely uncontrollable sources, the realistic strategy isn't erasure.

It's producing enough current, accurate, well-structured content elsewhere

that a retrieval system has more current and consistent evidence available

when it encounters the business.

This isn't a guarantee, and there is no fixed threshold of content that

ensures an older source will be ignored. But it is the practical lever

available when you cannot edit the original source, and it compounds

over time: every accurate, well-structured piece of content you produce

under Part III's guidance increases the amount of current, consistent

information available to retrieval systems when they construct an answer.
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C H A P T E R  9

Writing So an AI Can Quote
You

In  Th is  Chapter

What makes a sentence survive being lifted out of

context.

Four concrete rules for writing that's both human-

readable and machine-extractable.

A high-value, often-skipped format for this: a real

FAQ section.

The test you can run on any page you've already

published.

When an AI assistant answers a question about your industry, it may pull

a claim from one or more sources and restate it. Not your whole page.

One sentence, sometimes two. The source that gets retrieved isn't

necessarily the most beautifully written one. What matters here is whether

it contains a sentence that can survive being lifted out and set down

somewhere else.

What "Quotable" Actually Means
A quotable sentence is self-contained. It makes sense without the

paragraph around it, without the heading above it, without knowing what

came before. Compare two versions of the same idea:

• 

• 

• 

• 
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"As we discussed above, this is the primary factor, and it's why so many of

these efforts don't work out the way people expect."

"Most AI pilots stall because nobody was made responsible for changing

the workflow."

The first sentence is fine prose and useless in isolation. The second

travels. It can be quoted to someone who's never seen the source and still

say something true and specific.

Nothing about the second version is a trick. It's just clearer, which is

worth saying plainly given how much advice in this space is about

gaming systems rather than writing well. Writing that states things

directly serves both retrieval and the human reader. The two goals point

the same direction.

Four Rules
Answer first, context after. If a page is about a question, the answer

belongs in the first two or three sentences, not at the end of a build-up.

Readers scan for the answer anyway. Clear answers are easier for retrieval

systems to identify and use.

One idea per paragraph. A paragraph carrying three arguments is hard

to quote from and hard to skim. Break it up.

Real headings that say something. "Overview" and "Background" tell

nobody anything. A heading that states the actual question it answers tells

both a human and a machine exactly what's underneath it.

Specific over general. "Significantly faster" commits to nothing. "Two

hours down to twenty minutes" survives extraction. Specificity is what

makes a claim worth repeating.
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A Three-Step Transformation, and Why Each
Step Matters
Seeing a single sentence improve across several passes, with the

reasoning made explicit, is more useful than seeing only a finished

before-and-after pair.

Weak: "We provide innovative solutions designed to help organizations

improve operational efficiency."

Better: "We help regional manufacturers reconcile inventory data across

disconnected systems."

Stronger: "Our inventory reconciliation service compares purchasing,

warehouse, and ERP data to identify discrepancies before month-end

close."

Each pass isn't just shorter or more specific for its own sake. It's

answering one more part of a five-part relationship a retrieval system has

to reconstruct from your content:

WHO → DOES WHAT → FOR WHOM → USING WHAT →

TOWARD WHAT OUTCOME

The weak version answers none of these. The better version answers who

(regional manufacturers), what (reconcile inventory data), and roughly for

whom and using what (disconnected systems). The stronger version adds

the specific systems involved and the concrete outcome, before month-

end close, which is the detail most likely to matter to a prospect trying to

decide if this service fits their own situation.
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Figure 9.1: The five-part relationship a quotable sentence has to answer, from
WHO through TOWARD WHAT OUTCOME.

This five-part relationship is worth keeping in view for everything else in

this chapter. Every rule and every example below is really just a different

way of getting all five parts stated plainly in one place.

This isn't about adding keywords. A sentence with all five parts answered

is quotable in the sense Chapter 9 cares about: it can stand alone, in front

of a stranger, and still communicate something specific and true.

Figure 9.1 — The Five-Part Relationship a Sentence Has to Answer

WHO
the specific customer type, not "businesses of all sizes"

DOES WHAT
the specific action, not a generic verb like "helps" or "supports"

FOR WHOM
the actual beneficiary of the action, stated plainly

USING WHAT
the specific method, system, or approach involved

TOWARD WHAT OUTCOME
the concrete result, the detail most likely to matter to a prospect

A sentence that answers all five parts can stand alone, in front of a
stranger, and still communicate something specific and true. That's

what "quotable" means in Chapter 9's sense.
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An Exercise You Can Run Right Now
Open your own homepage and do this directly, in order:

Find five sentences that describe what your company does.

For each one, ask honestly: could this sentence describe a competitor

just as easily? Cross out any sentence where the answer is yes.

For whatever remains, check it against the five-part relationship

above: does it state who, does what, for whom, using what, and

toward what outcome? Mark which parts are missing.

Rewrite each remaining sentence to fill in what's missing, using this

chapter's four rules, until it could stand alone in front of a stranger

and still mean something specific.

You may find that three or four of the five sentences fail at step 2. That's

the actual finding, not a discouraging result. It's a direct, concrete

measure of how much of your current homepage is doing real work

versus filling space, and exactly where Chapter 11's content fix should

start.

More Before-and-After Examples
A few more paired examples, since this skill is best learned by contrast:

"We pride ourselves on delivering exceptional service to all of our valued

clients." becomes "We respond to every support ticket within four

business hours."

"Our team has extensive experience across a wide range of industries."

becomes "We've built compliance systems for healthcare, financial

services, and government contractors."

1. 

2. 

3. 

4. 
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"This solution is designed to help streamline your workflow." becomes 

"This tool cuts a two-hour reconciliation process down to about twenty

minutes."

Notice the pattern in every pair: the first version could describe almost

any business in the category. The second version is specific enough that

it's unlikely to describe any other business the same way. That specificity

is what makes a sentence useful once it has been retrieved, and worth

quoting.

The Underused Format: A Real FAQ
Plain question-and-answer sections naturally create question-and-answer

pairs, which align well with the kind of information people ask AI

systems to retrieve. An FAQ section, written properly, is a stack of self-

contained answers to real questions, already structured around the kinds

of queries people ask AI systems.

Most FAQ pages waste this by answering questions nobody asks, in

language that commits to nothing. The version that works uses the

questions your customers actually ask, in the words they actually use,

with answers that could stand alone. If people call and ask how long

installation takes, the question is "How long does installation take?" and

the answer starts with a number.

Don't pad an FAQ with keyword-stuffed questions nobody would

actually ask. That's exactly the kind of manipulation Chapter 5 rules out,

and it's easy to spot both by readers and by the systems this book is trying

to help you reach.
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Video, Audio, and Multimedia Content
A specific and growing gap: video and podcast content is often where a

business states its most compelling, specific claims, in an interview, a

webinar, a demo, and you shouldn't assume every retrieval system has

reliable access to it unless it also exists as text somewhere. Some systems

can process audio and video directly or draw on a platform's auto-

generated transcript, but that access varies by system and by platform,

and a transcript that lives only inside the video platform itself is often not

surfaced anywhere a general web crawler would find it.

The practical fix is straightforward and often skipped: publish a real,

readable transcript or detailed written summary alongside any video or

audio content that contains claims worth being retrievable.

A Note on Multi-Language Content
For businesses operating across languages, quotability per this chapter's

principles needs to be verified separately in each one. Direct, mechanical

translation frequently produces exactly the hedged, indirect phrasing this

chapter argues against, even when the original source text was

appropriately direct. If a meaningful share of your audience interacts with

AI systems in a language other than the one your primary content was

written in, don't assume a well-written English source automatically

produces an equally clear, retrievable version in that language. Test it

directly using this chapter's principles, and treat a genuine rewrite as the

fix if what you find doesn't hold up.

AI ACCURACY AT WORK 96



The Test
Read any page on your site and ask: if someone lifted one sentence from

this and put it in front of a stranger, would it still be true, clear, and

useful? If no sentence passes, the page likely has little an AI can use, and

probably not much a hurried human can use either.
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P a r t  I I I

Fixing It
Fix the Information, Not the Answer

Here is the single most important reframing in this entire book: you

cannot directly fix what an AI assistant says about your business. You

can only fix the information environment that assistant draws on when

it decides what to say. Every chapter in Part III follows from that

constraint, and losing sight of it is the most common way this work

goes wrong.

It's a meaningful distinction, not a technicality. A business chasing the

answer directly ends up trying to manipulate a system it doesn't

control, checking whether a specific phrase now appears in a specific

chatbot's response, treating small variations as wins or losses. A

business fixing the information environment does something more

durable: it makes the correct, current, well-structured facts about itself

the easiest and most consistent facts to find, for every system,

indefinitely, rather than gaming one system's current behavior.

The four chapters ahead work through that environment layer by layer.

Chapter 10 handles the technical foundation, whether AI can read your

site at all, since nothing else in this part matters if the answer is no.

Chapter 11 handles content, restating true facts in the clear, extractable

format that makes them usable once they can be read. Chapter 12 turns

Chapter 8's third-party source inventory into an actual cleanup project.



Chapter 13 addresses entity consistency, the discipline of being

described the same way everywhere, which is the connective tissue

that makes every other fix in this part compound rather than sit in

isolation.

Two worked case studies close out this part, following an information

environment through this exact sequence, from a specific diagnosed

problem to a specific, verified fix. Real problems are messier than any

single chapter can show in isolation, and seeing the full arc in one

place is worth more than the same material spread across four separate

chapters.



C H A P T E R  1 0

The Technical Fix: Making
Your Site Actually Readable

In  Th is  Chapter

Turning Chapter 3's five factors into an actual

project.

The specific technical fixes for JavaScript-rendered

sites, split into what you check yourself and what

you hand off.

Schema markup, explained without requiring you

to become a developer.

A realistic sequence for tackling this without a full

rebuild.

Chapter 3 diagnosed the five technical factors that determine whether an

AI can read your site. This chapter is about actually fixing them, in a

realistic order, without necessarily requiring a full site rebuild.

Fixing Crawler Access
Start here because it's often one of the fastest fixes. Check your robots.txt

file directly. It's a plain text file at yourdomain.com/robots.txt, viewable

in any browser. Look for disallow rules that block major crawlers entirely.

If you find a blanket disallow left over from a staging environment,

removing it can be a five-minute fix, although crawlers still need to

revisit the site before the change is reflected.

• 

• 

• 

• 
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Fixing JavaScript Rendering
This is the harder, more technical fix, and the one most likely to require

developer help. The core problem, as Chapter 3 established, is narrower

and more durable than "JavaScript is bad": different crawlers and retrieval

systems handle JavaScript differently, and some render it fully, some

partially, some not at all. If important content is absent from the initial

HTML, you cannot assume every crawler or retrieval system will execute

the JavaScript necessary to discover it.

What you can check yourself: Run Chapter 3's raw-fetch test on your

key pages. Fetch the raw HTML response, before JavaScript runs, and see

whether your actual content, not an empty shell or a loading placeholder,

is already there. If it's missing, you have a rendering problem and it's time

to loop in a developer.

What an empty shell actually looks like. When people say a page's

content is "missing from the raw HTML," this is concretely what that

means. The raw response might contain something close to:

<div id="app"></div>

with everything a visitor actually sees built afterward, in the browser, by

JavaScript. A page that passes this test instead has its actual content

already present in that same raw response:

<h1>Commercial HVAC Services</h1> <p>We provide

HVAC installation and maintenance for commercial

buildings.</p>

You don't need to read or write HTML to use this distinction. You just

need to know which of these two shapes your raw-fetch test returns.
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What to hand your developer: "Our audit found that this page's core

business content is missing from the initial HTML response and only

appears after JavaScript executes. Can we evaluate whether server-side

rendering or static generation would let the primary content be present in

the raw response, so search and AI crawlers receive the same complete

page a browser does after JavaScript runs? After implementation, we'll

verify the raw HTML independently." That's enough to start the right

conversation, whichever of the three approaches below turns out to fit

your site:

Server-side rendering generates the full page, content included, on the

server before sending it to the browser or crawler, a strong fit for content

that needs to be generated per visitor.

Static generation pre-builds pages as plain HTML at deploy time, which

works just as robustly for content that doesn't change per-visitor, often

with less ongoing infrastructure to maintain.

Both can provide the complete HTML a crawler needs. Which one fits

depends on whether your content actually needs to be generated per-

visitor or can be built once ahead of time.

This is increasingly the default rather than something you have to

specifically request: many modern low-code and AI-assisted site builders,

and static site generators generally, produce fully-formed HTML at build

time out of the box. A business built on one of these may already pass

Chapter 3's raw-fetch test without any extra configuration. It's still worth

verifying directly rather than assuming any particular platform's default

behavior applies to your specific site and its plugins or customizations.
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Dynamic rendering serves a fully-rendered version specifically to

known crawlers while serving the normal JavaScript version to human

visitors. This is a legitimate compatibility strategy, but it carries more

ongoing maintenance complexity than the first two, and it shouldn't be

treated as the preferred default.

It's worth being explicit about why this doesn't conflict with Chapter 5's

no-tricks principle: dynamic rendering is compatible with this book's

approach specifically when the crawler receives the same substantive

information a human visitor receives, just delivered through a different

technical path. It becomes the kind of manipulation Chapter 5 rules out

only if what the crawler receives is engineered to say something different

from what a person actually sees, which is a distinct problem from simply

serving pre-rendered HTML to a system that can't execute JavaScript.

Whichever approach your developer recommends, the test from Chapter 3

is how you verify it worked: fetch the raw HTML again and confirm your

actual content, not an empty shell, comes back.

Comparing the approaches at a glance.

Approach
Content in
initial HTML

JavaScript
required for
core content

Best fit

Server-side
rendering

Complete No Content that needs to
be generated per
visitor

Static
generation

Complete No Content that doesn't
change per visitor

Client-side
rendering

Often minimal Yes Highly interactive
applications, not
marketing or
informational pages
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Approach
Content in
initial HTML

JavaScript
required for
core content

Best fit

Dynamic
rendering

Depends on
configuration

Depends on
visitor type

Specific crawler-
compatibility needs,
with more ongoing
maintenance

Client-side rendering, the default behind most "empty shell" problems, is

a legitimate choice for a genuinely interactive application. It's rarely the

right choice for the pages a prospect or an AI system needs to read to

understand what your business actually does, which is exactly the

category of page this chapter is concerned with.

Adding Structured Data
Schema markup doesn't require you to write it from scratch. Many

website platforms have plugins or built-in fields that can generate schema

from information you already maintain, such as business name, hours,

services, and location, which reduces the amount of code you need to

write. The investment here is mostly about consistently filling in these

fields accurately, not writing code from scratch, though generated markup

still needs to be checked, since some plugins produce incomplete or

inaccurate schema by default.

What you can check yourself: Run your homepage and a key service

page through a free schema-testing tool. It will report what structured data

your site currently has, if any, and whether it's valid. Compare what it

reports against what's actually true about your business today.

What to hand your developer: "Our schema testing shows [the specific

gap, for example: no Organization schema, or outdated hours in our

LocalBusiness schema]. Can we add or correct this so it matches our
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current site content?" You don't need to specify how it gets implemented,

that's the developer's job, only the gap you found and what it should say

instead.

At minimum, confirm that the structured data your site uses accurately

represents the business, including its current name and other relevant

details. Organization schema, and LocalBusiness schema with correct

hours and location if applicable, are common starting points, though

which schema types actually make sense depends on your specific

business and site.

Don't use structured data to assert facts that the visible page doesn't

support. Keep schema and visible content in sync, and treat any

mismatch you find as something to fix immediately, whatever specific

effect it has on a given system.

Tools Worth Knowing About
You don't need to become a developer to have an informed conversation

about this work, but a few tool categories, and a couple of current

examples, are worth knowing exist. Raw-fetch testing, checking exactly

what a crawler receives with no rendering, is available through free

browser extensions, simple command-line utilities, and crawler-

simulation tools such as Screaming Frog's free tier. Rendering testing

tools show you the difference between the raw response and the fully

rendered page, helping diagnose exactly how much content is JavaScript-

dependent. Schema validation tools, often free and provided directly by

major search engines, such as Google's Rich Results Test, check whether

your structured data is correctly formatted and matches your visible

content. Specific tools will change over time. The underlying tests, raw-

fetch, render comparison, schema validation, are what matter, and they'll

outlast any one product's name.
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A Note on Caching and Content Delivery
Networks
One technical wrinkle worth flagging: many sites use a content delivery

network, or CDN, to serve pages faster by caching copies closer to

visitors. If you've made a fix and it doesn't seem to show up in testing,

check whether a cache needs to be manually cleared or purged before the

updated version propagates. This is a common, easily-missed reason a

genuine fix appears not to have worked.

Mobile Rendering and a Note on Multiple Site
Versions
Some older sites still serve a genuinely separate mobile version, a

different set of pages or a subdomain built specifically for phone screens,

rather than a single responsive site that adapts. If this describes your

setup, run Chapter 3's raw-fetch test against both versions separately. A

common, easy-to-miss failure mode is a mobile version that's leaner in

exactly the content that matters most.

A Site Migration Checklist
A site redesign or platform migration is one of the highest-risk moments

for this entire chapter's work, since it's common for a technically sound,

crawlable site to be replaced by a beautiful new one that accidentally

reintroduces every problem this chapter fixed. Before any migration goes

live, explicitly re-run Chapter 3's raw-fetch test against the staging

version of the new site, confirm all existing schema markup carried over

correctly, and confirm no new blanket robots.txt disallow was introduced

by whatever staging configuration the new site started from. It's also a
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reasonable point to run a standard security and static-analysis scan against

the staging site as a general pre-launch hygiene check, independent of

anything specific to AI visibility.

This is worth writing into the actual migration plan as a named, required

step, not an informal assumption that whoever's doing the technical work

will naturally think to check it.

A Realistic Sequence
If your audit shows that crawler access is the problem, fix that first. It's

usually a small change and often costs nothing beyond the time required

to make it. If the site is accessible but important content exists only after

JavaScript execution, prioritize the rendering fix. Content format and

placement, covered next chapter, can happen in parallel with either.
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C H A P T E R  1 1

The Content Fix: Restating the
Truth Where It's Easy to Find

In  Th is  Chapter

Why technical readability alone isn't enough.

Identifying your highest-priority content gaps.

Restating facts rather than assuming they're

"already covered."

A practical content audit checklist.

Fixing the technical factors from Chapter 10 means an AI can reach your

content. It doesn't mean your content actually says the right things clearly.

Chapter 9 covered how to write a single sentence that survives being

lifted out of context. This chapter is about where those sentences need to

live across a page and a site, an information architecture question rather

than a sentence-level one.

The Gap Between "It's on the Site
Somewhere" and "It's Retrievable"
A common assumption: "our differentiator is covered, it's in the third

paragraph of our about page." Chapter 2 explained why this isn't good

enough. Clear, specific, well-structured statements are easier for a

retrieval system to identify and use than the same information buried in

• 

• 

• 

• 
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longer prose. If your key differentiator appears only once, in passing,

inside a longer narrative paragraph, the system has a harder time

identifying that fact as a distinct piece of information.

The fix isn't always new content. Often it's restating existing true facts in

the clearer format Chapter 9 covered, in more places, more explicitly.

Where to Restate, Specifically
Your homepage's first two paragraphs. This is a practical writing

priority, not a documented property of how retrieval systems weigh page

position. The underlying principle is durable regardless of how any

specific system works: put your most important business facts early,

clearly, and explicitly on the pages where someone, or something

summarizing on someone's behalf, would reasonably expect to find them.

For most businesses, that means the homepage is one of the most

important places to state this clearly. If your actual differentiator isn't

stated plainly here, that's the first fix.

A dedicated "what we do" or "about" page, written using the answer-

first, specific-over-general principles from Chapter 9, not as a narrative

history of the company but as a direct answer to the question a stranger

would actually ask.

An FAQ section, built from real customer questions as covered in

Chapter 9, addressing exactly the gaps you found in your Chapter 6 audit.

Any page addressing a specific wrong or incomplete finding from

Chapter 7. If your audit found an AI confidently stating an outdated

service, the fix isn't just removing old references. It's adding clear,

current, specific content stating what's true now, in the same place and the

same directness the old information had.
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A Worked Example: Rewriting a Homepage
Opening
Consider a vague, common homepage opening: "Welcome to Acme

Consulting. We help businesses of all sizes achieve their goals through

innovative solutions and dedicated partnership."

This sentence is friendly and says almost nothing. Applying this chapter's

principles:

"Acme Consulting helps mid-sized manufacturers cut inventory carrying

costs, typically by 15 to 20 percent, by rebuilding their demand

forecasting process."

Notice what changed: a specific customer type replaced "businesses of all

sizes," a specific method replaced "innovative solutions and dedicated

partnership," and a concrete, quantified outcome replaced "achieve their

goals." The 15 to 20 percent figure here is illustrative, standing in for

whatever your own documented result actually is. The point isn't to invent

a number. It's to replace a vague claim with your own true, specific one,

whatever that number turns out to be.

Case Studies and Portfolio Pages as a
Specific Content Type
Case studies deserve particular attention, since they're often where a

business's most specific, most quotable claims naturally live, a real

project, a real outcome, real numbers. The common failure here isn't the

writing quality. It's structure: many case studies exist only as a

downloadable PDF, or as an image-heavy page with the actual outcome

numbers embedded in a graphic rather than as readable text, both of

which run into exactly the crawlability problems covered in Chapters 3

and 10.
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If your case studies contain your best, most specific proof points, and

many businesses' case studies do, confirm the actual outcome claims exist

as plain, readable text on the page itself. This can be a high-value fix

because it takes content that's already genuinely good and simply makes it

reachable.

Pricing and Service Page Specificity
Pages describing pricing or service scope deserve particular attention,

since "contact us for pricing" and vague scope descriptions are common

defaults that leave an AI system with genuinely nothing specific to work

with when a prospect asks a direct comparative or budgeting question.

Where you can disclose real numbers, even a range, doing so gives

retrieval something concrete to surface, but only if that number still holds

up once it's separated from the surrounding context. A range that's

technically accurate on the page, qualified by conditions and caveats

around it, can become misleading the moment it's lifted out on its own,

which is exactly the failure mode Chapter 9 warned about: a number is

only safe to surface if it remains accurate when quoted alone. Where

genuine pricing complexity makes a single number misleading even with

qualification, state the specific factors that actually drive cost, rather than

defaulting to no information at all.

A Practical Content Audit
Go through your own site and check every major page against this list:

Does this page state its core fact in the first two sentences?

Is there a single sentence here that would survive being quoted

alone?

Does this page use real headings that describe what's underneath

them?

• 

• 

• 
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Are there vague intensifiers here ("industry-leading," "significantly

better") that could be replaced with a specific claim?

Resist the urge to rewrite everything at once. Prioritize the pages

directly tied to the wrong or incomplete findings from your Chapter 6

audit. A comprehensive rewrite of your entire site is a much bigger

project than fixing the specific gaps actually causing wrong AI answers,

and it delays the fixes that matter most.

The Compounding Effect
Every piece of restated, clarified content doesn't just fix one specific gap.

It adds to the overall clarity and consistency of your site as a whole, the

same kind of accumulating signal Chapter 8 described as helping

outweigh uncontrollable sources over time, without guaranteeing that any

specific older source gets displaced. This work can continue to compound

as the clearer, more consistent information becomes part of the site's

overall information base, whereas a technical fix primarily removes a

specific access or rendering barrier.

• 
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C H A P T E R  1 2

The Directory and Listing
Cleanup

In  Th is  Chapter

Turning Chapter 8's inventory into a real cleanup

project.

The specific fields worth prioritizing on every

listing.

Handling duplicate and conflicting listings.

A realistic timeline for this kind of cleanup.

Chapter 8 covered the strategic framework for third-party sources. This

chapter is the hands-on cleanup work: taking your source inventory and

actually fixing what's fixable, systematically rather than piecemeal.

Working Through the Inventory
Take the source inventory you built in Chapter 8 and sort it by three

factors: how important the listing is to the business, how directly it

corresponds to a specific finding from your audit, and the severity of the

problem, using the categories from Chapter 7. A platform's actual citation

weight usually isn't something you can observe directly, so prioritize on

business importance and observed relevance instead. Start with listings

that are important to the business, directly connected to an audit finding,

and associated with a high-severity problem.

• 

• 

• 

• 
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For each listing, the same core fields matter almost everywhere: business

name, description, hours, services or specialties, location, and contact

information. Get these exactly right, using the specific, plainly stated

language from Chapter 9, not a shortened or generic version of your real

description.

A Note on Update Verification
After correcting a listing, don't assume the correction took effect simply

because you clicked save. Some platforms require a secondary

confirmation step, such as an email verification or a review period, before

a submitted change goes live. That's easy to miss, and it can leave a

listing showing outdated information for weeks after you believed you'd

fixed it. Build a follow-up check, roughly a week after any correction,

into your process specifically to confirm the change actually appeared,

rather than trusting the platform's own save confirmation as proof.

The Major Platform Categories Worth
Prioritizing
To make Chapter 8's inventory concrete, most businesses find their most

important listings fall into a few recognizable categories: the major search

engines' own business profile products, which are often important sources

of business information for local and general discovery alike; general-

purpose business directories with broad name recognition; industry-

specific directories relevant to your particular category, which can be

more relevant to a particular business than their general traffic numbers

would suggest; and major review platforms relevant to your business

type. Work through these categories first before moving to smaller, more

niche listings further down your inventory.
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Finding Niche and Vertical-Specific
Directories
Beyond the general-purpose categories above, most industries have

smaller, less obvious directories specific to that particular niche,

sometimes maintained by a trade publication, a niche software vendor's

own partner directory, or a regional business association nobody thinks to

search for directly. These are worth finding because their topical

relevance may matter more for a particular business than their general

traffic would suggest. Search for "[your industry] directory" and "[your

industry] association" directly as part of building your Chapter 8

inventory.

Handling Duplicates
A common finding during this process: multiple listings for the same

business on the same platform, sometimes from an old address, a previous

name, or a data aggregation error nobody created intentionally. Duplicates

can create conflicting or ambiguous signals, particularly when the listings

contain different names, addresses, services, or other business details, and

they give a retrieval system two different, possibly conflicting versions of

the same fact.

Most platforms have a merge or duplicate-reporting process. It's usually

slower and more manual than a normal edit, but worth doing for any

duplicate on a high-priority platform.

Handling Conflicting Third-Party Data
Some directories pull data from data aggregators rather than letting you

edit the listing directly. If you find a wrong listing you can't edit at the

source, check whether it's fed by one of the major data aggregation
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services. Correcting your information at the aggregator level can

propagate out to multiple downstream directories at once, but only for

listings actually sourced from that aggregator. Confirm the connection

before assuming a downstream listing will update on its own.

This propagation isn't instant, and it isn't guaranteed to reach every

downstream directory. Budget weeks, not days, for aggregator-sourced

corrections to show up everywhere, and plan to spot-check the

downstream listings directly rather than assuming the fix at the source

was sufficient.

International and Regional Directory
Variation
Businesses operating across multiple countries or regions face an added

layer: directory ecosystems vary significantly by market, and a cleanup

process built entirely around directories common in one region can leave

meaningful gaps elsewhere. If you operate in multiple markets, extend

Chapter 8's inventory-building process separately for each region rather

than assuming a single global list covers everything.

A Realistic Timeline
This is not a one-afternoon project for most businesses with more than a

handful of years of online history. For example, a business with a modest

online footprint might tackle its top five highest-priority listings in the

first week, the next ten over the following month, and treat anything

beyond that as ongoing background work rather than a project with an

end date. Scale that pace to your own situation: a business with dozens of

locations or hundreds of listings will need a longer runway. Chapter 15

covers folding this into a genuine ongoing habit rather than a one-time

sprint.
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What Success Looks Like at the End of a
Cleanup Pass
It's worth being explicit about what "done" means for this chapter's work,

since an open-ended cleanup project without a defined success state tends

to lose momentum. A completed pass means every listing in your top-

priority tier, per Chapter 8's inventory, is claimed, correct, and verified

per this chapter's update-verification note, not merely submitted for

correction. It does not mean every listing on the internet mentioning your

business is perfect; that standard is neither achievable nor worth pursuing

given Chapter 8's guidance on outweighing versus chasing uncontrollable

sources. Define your own top-priority tier explicitly before starting, so

you have a concrete finish line for this specific pass rather than an

indefinite, ever-expanding task.
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C H A P T E R  1 3

Entity Consistency: Being the
Same Business Everywhere

In  Th is  Chapter

Why consistency matters as much as accuracy.

The specific fields worth standardizing first.

Building a single reference document, where it

should live, and how to enforce it.

How inconsistency quietly undermines every other

fix in this book.

If your business name, description, and details are phrased differently

across your site, your listings, and your social profiles, you're not one

clear signal. You're several different versions of the same business, and a

system trying to determine the truth about you has less reason to prefer

one version over another.

This is the quiet factor. It doesn't produce a single dramatic wrong answer

the way an outdated listing does. It produces a general fog of low-

confidence, hedged, or inconsistent answers, because the retrieval system

keeps finding slightly different versions of the same facts and has no

strong reason to prefer one.

• 

• 

• 

• 
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What to Standardize
Your business name, exactly. Not an abbreviated form in one place and

the full legal name in another, "Corp" here, "Corporation" there. Pick the

canonical business name you want to use across your public presence, and

use that version consistently wherever the platform allows.

Your core description. Not word-for-word identical everywhere, some

variation is natural and expected, but consistent on the facts: what you do,

who you serve, what makes you different.

Your location and hours. These seem trivial and cause real problems

when wrong. An address that's slightly different across three listings, an

hours field that hasn't been updated for a holiday schedule, all of it makes

it harder for a retrieval system to reconcile the sources into one consistent

version of the business.

Your specific credentials and claims. If you're certified, licensed, or

accredited in a way that matters to customers, keep the underlying

credential and terminology accurate and recognizable everywhere it

appears, even if exact punctuation or phrasing varies slightly by platform.

Build One Reference Document
The practical fix here is almost administrative: create a single internal

reference document containing the exact, canonical version of every field

above. Before updating any listing, website page, or profile, copy from

this document rather than retyping from memory.

An example, to make this concrete:

Business name (exact): [your legal business name, exactly as

registered]

• 
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Short description (one sentence): [what you do, who you serve,

and what makes you different, stated plainly, for example: helps mid-

sized manufacturers cut inventory carrying costs by rebuilding

demand forecasting processes]

Address (exact): [street address, suite, city, state, ZIP, exactly as it

should appear everywhere]

Phone (exact format): [phone number, formatted exactly as it

should appear everywhere]

Hours: [days and hours, plus holiday closures]

Core services (bulleted, exact wording): [service 1]; [service 2];

[service 3]

Credentials (exact wording): [certification name and issuing body,

exactly as it should be written]

Every field here is short enough to copy directly into any listing without

rewriting it, which is precisely the point.

• 

• 

• 

• 

• 

• 

Figure 13.1 — One Business, One Reference, Many Restatements

REFERENCE DOCUMENT
the one canonical version

Name: exact, one version

Description: one sentence

Address: exact

Hours: exact

Services: exact wording

Credentials: exact wording

Website
"We help mid-sized manufacturers cut inventory
carrying costs by rebuilding demand forecasting."

Same facts, own phrasing — fine.

Regional directory
Lists an old suite number and a phone format
that doesn't match the reference document.

Same business, drifted facts — a finding.

Old press mention
Names a credential the business no longer
holds under that exact title.

Outweigh or correct, per Chapters 8 and 12.

Consistency doesn't mean identical wording everywhere. It means every source
representing the same underlying facts, so a retrieval system finds reinforcing

signal instead of a fog of slightly conflicting versions of the same business.
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Figure 13.1: One reference document feeding three restatements, one
consistent, two drifted, and what to do about each.

Store it somewhere genuinely shared and visible: a team drive, an intranet

page, a pinned document in whatever tool the team already uses daily. If

it lives only on one employee's local desktop or in a personal inbox, it

fails the moment that person is out sick, changes roles, or leaves.

This reference document needs an owner and an update process, or it

goes stale exactly like everything else in this book. When something

changes, update the reference document first, then propagate that change

out to every place it appears.

Enforcing the Reference Document Upward
The document only works if it constrains everyone, including the people

who founded the business. A common real-world failure: an owner or

executive mentions a new service, a different specialty, or a change in

direction on a podcast, in a press interview, or on their own social media,

without checking it against the reference document first. That kind of

casual, public statement becomes a new source for a retrieval system to

pick up, sometimes before the website or listings catch up to it.

The underlying point isn't that every offhand remark needs formal sign-

off, which is impractical for a small business and not really the goal. It's

that a public statement from leadership becomes part of the information

environment the moment it's made, whether or not anyone treats it that

way. That matters most for substantive claims, a new service, a changed

specialty, a shift in positioning, rather than casual color commentary. For

those substantive claims specifically, treat the statement as something to

check against the reference document beforehand, rather than something
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to correct after the fact. If the change is real, update the document first,

then let it propagate outward the normal way, the same as any other

change.

Multi-Location and Multi-Brand Businesses
Everything in this chapter gets more complex, not just larger, for a

business with multiple physical locations or multiple brands under one

parent company. Each location typically needs its own precisely correct

address, hours, and local contact information, while still sharing a

consistent parent business name. Each brand, if you operate more than

one, needs its own reference document per this chapter's template, since

conflating two genuinely distinct brands' details is a different and often

worse problem than simple inconsistency.

Managing a Name Change or Rebrand
Transition
A name change or rebrand deserves its own explicit process, since it can

produce exactly the kind of conflicting old-and-new information this

entire book is concerned with. Update your reference document to the

new details the moment the change is final, then work through your full

Chapter 8 source inventory specifically, in priority order.

Budget for a genuine transition period during which both old and new

information may appear in different places, and treat this as expected

rather than a sign something's gone wrong. The goal during this period is

steadily, visibly shrinking the gap, tracked explicitly so you know when

the transition is actually complete.

AI ACCURACY AT WORK 122



Consistency Across Every Place Your
Business Appears
Consistency across the places you control and influence turns scattered

mentions into a more reinforcing signal instead of a collection of

contradictions. This is the connective tissue between every other chapter

in Part III: the technical fixes, the content fixes, and the directory cleanup

all get meaningfully more effective once every source is representing the

same underlying facts. That's a different, more achievable standard than

identical wording everywhere, and it's the one this chapter is actually

arguing for: different sources can use different phrasing while

consistently representing the same underlying facts.

Auditing for Consistency Directly
Beyond building the reference document, it's worth periodically running a

direct consistency check: pull your business's current listing text from

your five highest-priority sources per Chapter 8's inventory, and lay them

side by side against your reference document. Any divergence, even a

small one, a phone number formatted differently, a slightly reworded

description, is worth correcting immediately rather than waiting for it to

compound into the kind of fog this chapter opened by describing. This

check pairs naturally with the re-verification cadence in Chapter 15,

rather than existing as a separate task on top of it.
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C A S E  S T U D Y

The Technically Broken Site

This case study follows a business through Chapter 3's diagnostic

framework and Chapter 10's technical fix, illustrating the gap between

how a site looks to a human visitor and what it actually delivers to a

crawler. Like the other case studies in this book, this is a composite

illustrating a common pattern rather than a specific documented business,

and the specific timelines and figures throughout are illustrative rather

than a documented result.

The Business
A business that had recently completed a full website redesign, moving

from an older platform to a modern, visually polished, JavaScript-driven

site built by a well-regarded design agency. By every visual and

functional measure, the new site was a clear improvement: faster-feeling

navigation, a more current design, and a better human user experience

than the site it replaced.

The Problem
Roughly two months after launch, the business owner noticed something

odd: AI assistants were describing the business using details that matched

the old site, discontinued services, an old office location, outdated hours,

despite the new site having been live for weeks with entirely current

information. This didn't match the usual drift pattern Chapter 14

describes, where correct information gradually gets undermined by

external sources. Here, the business's own current, accurate website

seemed to not be reaching these systems at all.
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Running Chapter 3's Raw-Fetch Test
Following Chapter 3's diagnostic framework, the owner fetched the raw

HTML response for the homepage and several key service pages, without

letting any JavaScript execute first, the same test a crawler that doesn't

render JavaScript would experience. The result was stark: the raw

response for nearly every page contained almost none of the actual

content visible in a browser. Navigation elements, a loading placeholder,

and basic page structure were present. The actual service descriptions,

current hours, and location details, the content a human visitor sees within

a second of the page loading, simply weren't in the raw response at all.

This is Chapter 3's core diagnostic point made concrete: "the site works

fine, people can use it" is evidence the site works in a browser, which is a

different test entirely from whether a crawler that doesn't execute

JavaScript can read the same content. The new site had been built entirely

as a client-side rendered application, with all content populated by

JavaScript after the initial page load, a legitimate and common way to

build a modern website, but one that left this particular gap unaddressed.

Why the Old Information Was Still Showing
The old information persisted for a specific, explainable reason, not a

mysterious one. The business's old site, before the redesign, had been

simpler and had rendered its content directly in the raw HTML. Various

crawlers had indexed that content over time, and third-party sources per

Chapter 4, directories, cached pages, aggregator services, still held that

older, fully-rendered version of the business's information. The new,

JavaScript-dependent site wasn't actively feeding wrong information. It

was, from a crawler's perspective, functionally invisible, leaving the

older, indexed information as the most complete version available to be

retrieved.

AI ACCURACY AT WORK 125



The Fix
Following Chapter 10's guidance, the business brought the raw-fetch

findings directly to its development agency, using the exact language

Chapter 10 recommends: "Our raw HTML response for these pages

doesn't contain our actual content, though it displays fine in a browser.

Can we fix this with server-side rendering or static generation, so search

and AI crawlers receive the same complete HTML a browser does after

JavaScript runs?"

The agency evaluated the site's structure and recommended static

generation for the primary marketing pages, since the content on those

pages didn't need to be generated per visitor, paired with server-side

rendering for a small number of pages with visitor-specific elements. This

matched Chapter 10's guidance on choosing between the two approaches

based on whether content needs to be generated per-visitor or can be built

once ahead of time.

Verifying the Fix
Following Chapter 10's verification guidance, the business re-ran the raw-

fetch test after the technical fix deployed, and confirmed the actual

content, not an empty shell, was now present in the raw HTML response

for every key page. The team also confirmed, per Chapter 10's caching

guidance, that the site's content delivery network cache needed to be

manually purged before the fix was visible to a fresh crawl, an easy step

to miss that had briefly made the fix appear not to have worked during

initial testing.
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Re-Testing and the Lag That Followed
A Chapter 6 audit run immediately after the technical fix still showed

some outdated information in AI answers, since the previously indexed

old content didn't disappear the moment the new content became

crawlable. A follow-up audit eight weeks later showed meaningful

improvement, with most systems now reflecting current information,

consistent with Chapter 10's note that crawlers still need to revisit a site

before a fix is reflected, and consistent with Chapter 12's broader point

that even a source-level fix takes real time to propagate outward.

What This Case Study Illustrates
A visually excellent, functionally excellent website is not proof of

crawlability. This business had no content problem, per Chapter 9 and

Chapter 11, its actual service descriptions and facts were clear and well-

written. It had a purely technical access problem exactly as Chapter 3

defines it, invisible during ordinary human use of the site, and invisible to

the business itself until someone specifically ran the diagnostic test

Chapter 3 and Chapter 10 both point to as the necessary first step.
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C A S E  S T U D Y

The Invisible Specialist

This case study follows a single business through the full methodology in

this book, from the first audit to a completed re-test. The business itself is

a composite drawn from the patterns this book has described throughout,

not a specific real business, and the numbers are illustrative rather than a

documented result.

The Business
A specialty professional services firm, narrowly focused on one specific

type of work within a broader industry. The firm's website is genuinely

good: clear service pages, a detailed methodology section, real case

studies with specific outcomes, and a founder with deep, credible

expertise in the specific niche. By any conventional measure, this is a

well-built site.

The Problem
The firm's owner ran Chapter 6's two-minute test out of curiosity more

than concern, asking a general-purpose AI assistant, "What does this firm

do?" The answer described the firm using the generic language of the

broader industry category, with no mention of the specific niche that

actually defines the business and differentiates it from every general

competitor in the same broader category.

The observed symptom fits Chapter 7's Incomplete category: nothing in

the answer was false. The firm does, technically, operate within that

broader industry. But the answer missed the one fact that actually matters

to a prospect deciding whether this firm, specifically, is the right fit for
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their specific need. What the audit establishes is that the answer was

incomplete, not yet why, which is exactly what the rest of this case study

sets out to trace.

Running the Full Audit
Following Chapter 6's methodology, the owner tested the same question,

along with several use-case-fit questions from Appendix A, across four AI

systems. The pattern held across all four: every system correctly

identified the broader industry, and none of them surfaced the specific

niche unprompted. Only when the test question explicitly asked about that

niche by name did the systems confirm the firm's specialization, meaning

the information existed somewhere in what these systems could retrieve,

but wasn't surfacing as the firm's defining characteristic.

Diagnosing Why
This is where Chapter 11's diagnostic question became central: was the

differentiator actually stated clearly, or was it present but buried? A

review of the site found the answer: the niche specialization was

mentioned in the site's copy, but almost entirely inside long, narrative

paragraphs on an "our approach" page, never as a direct, standalone

statement, and never in the homepage's opening two sentences, where

Chapter 11 argues it matters most.

The homepage instead opened with the same kind of broad, friendly

framing Chapter 11 uses as its worked example: language about

"comprehensive solutions" and "trusted expertise," true in a generic sense,

but not the specific, quotable fact that would tell a retrieval system this

business's actual, narrow specialization.
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The Fix
Following Chapter 11's restatement principle, the firm rewrote its

homepage's opening two sentences to state the specific niche directly and

plainly, the way Chapter 11's worked example moves from "businesses of

all sizes achieve their goals" to a specific customer type, method, and

outcome. The "our approach" page was restructured with real headings

that named the niche directly rather than describing it only in flowing

prose. A new FAQ section, built per Chapter 9's guidance from real client

questions, included direct questions like "Does this firm work with

[specific niche use case]?" answered in the first sentence rather than

buried in a longer response.

None of this involved adding a single new fact to the site. Every piece of

information restated was already true and already present somewhere on

the site. The fix was entirely about restating existing facts in the clearer,

more extractable format Chapter 9 and Chapter 11 describe.

Re-Testing
Six weeks later, the firm re-ran the same question set across the same four

systems, per Chapter 15's methodology. Three of the four systems now

led with the specific niche when asked what the firm does, rather than

defaulting to the broader industry category. The fourth system still led

with the broader category but included the niche specialization when

asked a direct use-case-fit question, an improvement from not surfacing it

at all in the original audit.
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What This Case Study Illustrates
The firm didn't have a technical problem, per Chapter 3 and Chapter 10. It

didn't have a third-party source problem, per Chapter 4 and Chapter 12. It

had a Chapter 11 problem specifically: true, valuable, differentiating

information that existed on the site but wasn't structured in a way that

made it easy for a retrieval system to identify as the defining fact about

the business. This is a common enough pattern that Chapter 6's audit

results, in a business's specific mix of finding categories, tell you which

chapter of Part III to prioritize first. For this firm, that answer was

Chapter 11, not Chapter 10 or Chapter 12.
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P a r t  I V

Keeping It Fixed
Accuracy Is a Process

Part III fixed the information environment. Part IV keeps that

environment from drifting back out of shape. That's the organizing

idea for everything ahead, and it's worth stating once, plainly, rather

than returning to it repeatedly: the reason isn't a flaw in the Part III

work, it's structural. AI models get updated, the web keeps changing

independent of anything you do, and people inside the business make

small, well-intentioned changes without checking what already exists.

The three chapters ahead build the response to that reality. Chapter 14

names the phenomenon, drift, and works through where it actually

comes from, outside the business, inside it, and in regulatory or

credential changes nobody thought to track. Chapter 15 turns that

understanding into an actual habit: a realistic cadence, clear

ownership, and a simple way to track results over time. Chapter 16

closes the part by addressing a question that matters as much as

whether the work is happening: how do you actually know if it's

working, in terms concrete enough to report to someone else and

honest enough not to overclaim what you can actually measure.



A case study closes this part, following a business through the

discovery that a problem it believed fully solved had quietly partially

reappeared, not because anything was done wrong the first time, but

because the underlying system this book describes never stops

moving.



C H A P T E R  1 4

Why This Isn't a One-Time
Project

In  Th is  Chapter

Why AI models and their retrieval sources change

continuously.

What "drift" looks like, from outside the business

and from your own team, in this context.

The real cost of treating this as a project with an

end date.

Setting realistic expectations before you build a

habit around it.

Every fix in Part III addresses a real, current problem, and Part IV's

opener already named why none of them stay fixed permanently. This

chapter is about where that movement actually comes from, in enough

specific detail to recognize it when it shows up in your own re-

verification cycles.

Naming the Pattern: Drift
Call it drift: the gradual reintroduction of inaccuracy into a system you

already fixed once, not through any new error on your part, but through

the passage of time and the changes happening around you. Retrieval

infrastructure changes. New directories launch and old ones restructure

their data. None of it is about your business doing anything wrong.

• 

• 

• 

• 
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How Often Models Actually Change
AI providers regularly update models and retrieval systems, sometimes

changing how information is interpreted, retrieved, or represented.

Separately, the web itself is continuously changing. Pages are updated,

directories change their data, businesses launch new services, and old

information remains accessible. The result is an information environment

that is never actually static, even during a period where you've made no

changes at all.

What Drift Actually Looks Like
A directory you corrected eighteen months ago quietly reverts during a

platform migration. A competitor launches a product with a name similar

enough to yours that retrieval starts conflating the two. A model update

changes how information is retrieved or represented, surfacing an old

page you thought was thoroughly outweighed by newer content.

None of these are dramatic events. They're the kind of thing that only

becomes visible if you're actually looking, which is exactly the problem

with treating Part III as a project with a finish line.

Competitive Dynamics and Drift You Didn't
Cause
Some drift has nothing to do with anything on your end at all. A

competitor produces a large volume of new, well-structured content in

your shared category, and their information begins appearing more often

in answers where yours previously did. None of this is a mistake you

made. It's the ordinary competitive churn of a market that doesn't hold

still, showing up in a system you're trying to keep accurate.
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This is worth naming specifically because it changes how you should

react to a re-verification cycle that finds new drift: the diagnostic question

isn't only "what did we do wrong," it's also "what changed around us."

Internal Drift You Did Cause, Without
Meaning To
Not all drift comes from outside the business. A new hire writes fresh

homepage copy without checking the reference document from Chapter

13. A different department launches a microsite or a campaign landing

page with its own description of what the company does. An employee

who understood the business well leaves, and whoever replaces them fills

in a listing from memory rather than from the canonical version.

None of this is malicious, and none of it is really external, but it produces

the exact same fog of slightly conflicting information this book keeps

warning about. It's worth naming separately because it's the kind of drift a

process can actually prevent upstream, rather than something you can

only catch after the fact: it's an enforcement gap, not a fact you need to go

discover, and Chapter 13's reference document is the direct fix, if people

are actually using it.

Regulatory and Compliance Changes as a
Drift Source
For regulated businesses, drift sometimes originates from outside your

own actions or your competitors' entirely: a licensing requirement

changes, a certification your business held gets renamed or restructured

by the issuing body. If you operate in a regulated category, add a specific

check to your re-verification cycle: confirm every credential and

regulatory claim in your reference document is still current and correctly

named.
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Figure 14.1: Three sources of drift, external, internal, and regulatory, all feeding
back into the same information environment.

The Cost of Treating This as Done
The businesses most affected by this aren't the ones who never did the

work. They're the ones who did the work once, got a clean audit result,

and stopped checking. Drift accumulates quietly, exactly the way the

original problem did before this book existed, and by the time it's noticed

again, it can be a larger cleanup than the original one.

Don't let a single clean audit result become an excuse to deprioritize

this permanently. A clean result is evidence the work you did was

effective as of that date. It's not evidence that it'll stay effective without

any further attention.

Figure 14.1 — Where Drift Comes From

External / Competitive
directories restructure,

competitors publish, models
update — none of it your doing

Internal
a new hire skips the reference

document, a department launches
its own description

Regulatory / Credential
a license requirement changes,

a certification is renamed by
the issuing body

The information environment
you already fixed once, per Part III

Drift
the gradual reintroduction of inaccuracy into a

system you already fixed, not through new error on your part

The fix isn't constant vigilance. It's a deliberate, scheduled habit of
re-checking, covered in Chapter 15, at a cadence you can actually sustain.
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Setting Realistic Expectations
This doesn't mean constant vigilance or daily monitoring. It means

building a deliberate, scheduled habit of re-checking, covered in Chapter

15, at a cadence that's sustainable rather than exhausting. Reconciliation,

in the broadest sense, will always exist. The strategic move is changing

who's actually doing the reconciling: a deliberate, scheduled process,

rather than an unpleasant surprise discovered by accident.

Communicating This Internally
If more than one person is involved in your business's marketing or

communications, it's worth explicitly communicating the concept of drift,

as distinct from the original one-time cleanup, to everyone who might

otherwise assume the work is finished once Part III's fixes are complete.

A team that understands drift as an expected, ongoing property of the

system reacts to a new finding calmly, as routine maintenance. A team

that was told this was a one-time project reacts to the same finding as

evidence that something went wrong the first time, which is both

inaccurate and demoralizing in a way that risks the whole habit being

abandoned prematurely.

AI ACCURACY AT WORK 138



C H A P T E R  1 5

Building a Re-Verification
Habit

In  Th is  Chapter

A realistic cadence for ongoing checks.

What to re-check versus what to check fresh each

time.

Assigning ownership so this doesn't quietly stop

happening.

A simple template for tracking results over time.

Chapter 14 made the case for why this work never really finishes. This

chapter is about building the actual habit that keeps drift from

accumulating unnoticed.

A Realistic Cadence
Quarterly re-testing is a practical default for most businesses. It's frequent

enough to give most businesses a regular view of whether anything has

changed, and infrequent enough to be sustainable rather than becoming an

ignored chore. Businesses in fast-moving or highly competitive categories

might reasonably move to a monthly cadence for their highest-priority

questions specifically, while keeping the full audit quarterly.

• 

• 

• 

• 
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What to Re-Check Every Time
Run the same core questions from Chapter 6's methodology, on the same

systems, every cycle. This consistency is what makes comparison across

cycles meaningful. Also re-check your highest-priority directory listings

from Chapter 12 directly, since platform migrations or data syncs can

quietly reintroduce errors you'd otherwise never notice.

What to Check Fresh
Each cycle, alongside the consistent core questions, add a check for

anything new: a new competitor, a new product launch, any new AI

system that has become relevant to how your customers search for

information since your last cycle.

Assigning Real Ownership
This is the detail that determines whether a re-verification habit survives

past the first cycle or two. Someone specific needs to own this, by name,

with it in their actual job description, not as a vague shared responsibility

that quietly becomes nobody's job under deadline pressure.

What ownership actually looks like scales with the size of the business.

At a solo or small-team business, this is realistically a recurring calendar

reminder for the owner, treated with the same seriousness as a tax

deadline. At a larger organization, this belongs formally inside whoever

owns marketing or digital presence more broadly, written into that role's

actual responsibilities.

If the person who ran the original audit leaves the business or

changes roles without this being formally handed off, treat that as an

immediate trigger for a fresh audit, not something to defer until the

next scheduled cycle.
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Handling an Urgent Finding Between
Scheduled Cycles
Chapter 15's cadence assumes findings surface on a predictable schedule,

but a genuinely urgent issue shouldn't wait for the next quarterly cycle

simply because that's when it's scheduled. Build a simple, explicit

exception into your process: any finding classified at the highest severity

level from Chapter 7's framework, however it's discovered, triggers

immediate action rather than sitting in a queue until the next planned

check.

Tooling and Automation Options
For businesses running this habit at real scale, manually re-asking the

same question set across multiple systems every quarter becomes a

genuine time cost worth automating where possible. Some AI providers

offer application programming interfaces that allow scripted, repeatable

querying of the same question set. This requires either in-house technical

capability or a vendor providing this specifically, and it's worth evaluating

once the manual version of this habit is well-established. Whatever tool or

script handles this, treat the query data itself carefully: a verification tool

doesn't need to retain a running log of your competitive audit questions

and answers in someone else's cloud storage to do its job. A stateless

design, one that queries, records the result to your own system, and keeps

nothing further, is the more defensible default, especially once you're

running competitor comparisons per Chapter 16. For mid-sized or

enterprise businesses with in-house technical capability, this is also where

a lightweight internal tool, built once and reused every cycle, can

automate the repetitive parts of the process without requiring a full

enterprise platform.
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A Simple Tracking Template
For each cycle, record: the date, the exact questions and systems tested,

the findings categorized per Chapter 7's framework, what action was

taken in response, and the date of the next scheduled cycle. A simple

spreadsheet is entirely sufficient. What matters is that it exists

consistently, so a pattern across multiple cycles becomes visible.

Reviewing the Trend, Not Just the Latest
Cycle
A single cycle's findings tell you where you stand today. The real value of

this habit shows up once you have three or four cycles of history to

compare, since that's when a genuine trend, improving, worsening, or

stable, becomes visible rather than each check feeling like an isolated

snapshot. Set a brief annual review specifically to look back across the

full year's cycles together, alongside Chapter 16's metrics, and ask

whether the overall trajectory matches what the individual quarterly

efforts would suggest. A flat or worsening trend despite consistent

quarterly effort is itself an important finding. It may point to a systemic

issue, an unaddressed source that appears repeatedly in retrieval, or an

ownership gap that a single cycle's findings wouldn't surface on their

own.
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C H A P T E R  1 6

Measuring Whether It's
Working

In  Th is  Chapter

Why "the answers look better" isn't a sufficient

measurement.

Concrete, trackable metrics for AI accuracy work.

Connecting this work to business outcomes, not

just accuracy scores.

Building a simple before-and-after comparison.

Fixing things without measuring whether the fix worked is a familiar

failure mode from every other kind of organizational change, and it

applies just as much here.

Accuracy Rate Across Your Test Set
Using the same core questions from your Chapter 6 audit, tracked

consistently per Chapter 15's habit, calculate a simple accuracy rate, with

an explicit denominator so the number means the same thing from one

cycle to the next:

Accuracy rate = fully accurate observations ÷ observations eligible

for the calculation.

• 

• 

• 

• 
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Eligible observations are every question-system pair tested, minus

anything falling into Chapter 7's Incomplete category, tracked separately

per below. Outdated, Misattributed, and Confidently invented findings all

count against the accuracy rate, since each represents an observation that

wasn't fully accurate, though "confidently invented" here still means what

Chapter 7 defined it as: a claim that's false and doesn't trace to an

identifiable source, not a claim about what happened inside the model.

A worked example. Say your audit covers 15 questions, tested across

four AI systems, for 60 total data points. If 24 of those data points fall

into Chapter 7's outdated, misattributed, or confidently invented

categories, your accuracy rate is 36 out of 60, or 60 percent. Track this

same 60-point structure every quarter. If it moves to 45 out of 60 next

quarter, that's a concrete, defensible 75 percent accuracy rate, up from 60

percent.

Keep the incomplete category out of this specific calculation, and track it

as its own separate percentage. Folding a softer, more subjective category

into a hard accuracy number makes the metric noisier and harder to

defend, and blurs exactly what the denominator represents.

Source Quality in Your Inventory
From your Chapter 8 and Chapter 12 work, track what percentage of your

highest-priority third-party listings are current and correct at any given

check. Treat this as a leading operational signal worth tracking on its

own, not a validated predictive relationship: deteriorating source quality

can precede an observable answer problem, which is reason enough to

watch it, even without claiming it reliably forecasts the accuracy rate

above.
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Time-to-Detection for New Drift
Once you've run a few cycles of Chapter 15's habit, track how quickly

new drift gets caught. Frame this carefully: you rarely know the exact

moment a source drifted, only that it was correct at your last check and

wrong at this one. The measurable version of this metric is the time

between the earliest evidence a change occurred and the cycle that

actually caught it, not a claim about the precise date the underlying

change happened. A shrinking gap here means your re-verification

cadence is well-tuned. A growing gap suggests you need a tighter cadence

or a broader set of test questions.

A Warning: Resist the temptation to measure only the metrics

that are flattering. If your accuracy rate improved but your source-

quality percentage quietly declined, that's a real, useful finding,

not something to leave out of your tracking record.

Benchmarking Against Competitors
Beyond tracking your own accuracy rate over time, it's worth periodically

running the same comparative questions from Appendix A against a

handful of direct competitors. Treat this strictly as a calibration exercise,

not a leaderboard. The comparison is only meaningful if you're testing the

same questions, the same systems, and applying the same classification

rules to both, since competitor accuracy measured a different way isn't

actually comparable to yours. Done carefully, it answers one specific

question: is an accuracy rate of 70 percent a genuinely strong result in a

category where competitors average 40 percent, or a mediocre one where

competitors average 90 percent? Your own longitudinal trend, tracked

cycle over cycle, remains the primary measurement. Competitor testing is

context for interpreting that trend, not a score to chase on its own.
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Qualitative Signals Worth Tracking
Alongside the Numbers
Alongside the quantitative metrics above, it's worth keeping a simple

qualitative log: specific phrases or framings that recur across your audit

cycles. A recurring specific phrase is a useful clue about which source or

sources may be contributing to the representation, worth investigating per

Chapter 6's retrieval stage, though multiple independent sources can

converge on similar wording, and a single traced match is a lead, not

proof of influence. Similarly worth logging: any direct anecdotal

feedback from an actual prospect or customer who mentions something

they read or heard about your business.

Connecting This to Actual Business
Outcomes
The metrics above measure the work directly. It's also worth trying to

connect this to something a business leader cares about more directly:

inquiry volume, conversion rate on inquiries that mention how someone

found you, or direct feedback when a prospect mentions something they

read about you that turned out to be accurate or, previously, inaccurate.

Reporting This Upward
If you're doing this work inside a larger organization rather than as the

owner yourself, it's worth thinking specifically about how to report these

metrics to whoever holds the budget for this work. A single number in

isolation, "our accuracy rate is 75 percent", means little without context.

Pair it with the trend line from previous cycles, the directional cost

estimate from Chapter 20, and a brief, plain-language note on what
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specifically drove any change since the last report. This is the difference

between a report that gets read once and filed, and one that actually

secures continued support for the ongoing habit Chapter 15 describes.
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C A S E  S T U D Y

The Rebranded Business

This case study follows a business through an entity-consistency problem

created by a name change, illustrating how Chapters 4, 7, 8, 12, 13, and

14 work together on a single real-world scenario. As with the other case

studies in this book, this is a composite drawn from recurring patterns

rather than a specific documented business.

The Business
A business-to-business service company that changed its legal and public-

facing name roughly two years before this case study begins, moving

from a name closely tied to its founder to a more scalable, professional

name reflecting the business it had grown into. The website, updated at

launch, has used the new name consistently since the rebrand.

The Problem
A prospect who found the business through a referral asked an AI

assistant a comparative question, naming the business by its current

name. The answer blended details from both the current business and

what the assistant described as a separately named, seemingly related

company, incorrectly implying two distinct businesses might be involved,

or that the company had a confusing corporate structure. Neither was true.

This is Chapter 7's Misattributed category, though as the audit proceeded

it became clear the actual cause looked more like entity confusion than a

case of information genuinely describing a different business entirely.
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Tracing the Sources
Following Chapter 8's inventory approach, the business owner pulled

listings from its highest-priority third-party sources and found the actual

pattern: the website reflected the new name entirely, but three regional

directory listings still displayed the old name, a professional association

listing hadn't been updated since before the rebrand, and one long-tenured

employee's professional profile still listed the old company name as their

current employer.

This is exactly the fog Chapter 13 describes: not one dramatic wrong

answer from a single bad source, but several slightly different versions of

the same business's identity sitting in different places, giving a retrieval

system no strong reason to treat them as the same entity rather than two

related ones.

Applying Chapter 13's Framework
The business built a Chapter 13 reference document using its current,

canonical name, description, and details, and worked through its Chapter

8 inventory in priority order, correcting the three outdated directory

listings first, since they were both high-visibility and directly implicated

in the audit finding. The professional association listing required a direct

email to request the update, since the platform had no self-service edit

option, an example of Chapter 12's guidance that some corrections take

more manual effort than a simple edit.

The employee profile was handled the way Chapter 13's guidance on

employee profiles as an overlooked source describes: not as a policing

exercise, but by sharing the reference document directly and asking the

employee to update their own profile to the current name, which they did

without any friction once asked.
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Why This Took Longer Than Expected
Following Chapter 13's guidance on rebrand transitions, the business had

budgeted for a transition period, but the audit revealed the old name was

more deeply embedded than expected, appearing in several places nobody

on the team had thought to check, including an archived press release still

indexed from before the rebrand. Consistent with Chapter 4's third-party

categories, this archived press release fell into the "can't touch" category:

nobody at the outlet was available to update or remove a two-year-old

article, and pursuing it wasn't worth the effort relative to simply

outweighing it with a larger, more current, more consistent footprint

under the new name.

Re-Testing and the Drift That Followed
An audit three months after the initial cleanup showed the comparative

question resolving correctly across all systems tested, with no further

mention of a separate, related entity. A follow-up cycle six months later,

however, caught a new instance of the old name: a new regional

partnership page, built by a different department, had pulled boilerplate

company language from an old internal document that predated the

rebrand. This is Chapter 14's internal drift exactly, drift the business

caused itself, without any external source being at fault, simply because

the reference document wasn't checked before that page went live.

What This Case Study Illustrates
A rebrand isn't a single event with a single fix. It's a Chapter 8 inventory

problem at first, tracing where the old identity persists, a Chapter 13

consistency problem in the middle, building and propagating one

canonical version, and a Chapter 14 drift problem indefinitely afterward,
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since new content created by people who weren't involved in the original

rebrand effort can reintroduce the old identity long after the visible

cleanup appears complete.
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P a r t  V

Putting It Into Practice
From Methodology to Motion

Parts II through IV gave you a complete methodology, organized the

way it's easiest to explain: audit, then fix, then maintain. That's the

right way to teach it. It's not quite the right shape for actually doing it,

and Part V exists to close that gap.

Three questions tend to surface once a reader has the full methodology

in hand but hasn't started yet. What do I actually do first, this week, in

what order? How much of this genuinely applies to a business my

size, versus a much larger one this book sometimes seems to be

picturing? And, honestly, what happens if I do all of this correctly and

an AI assistant still gets something wrong anyway?

The three chapters ahead answer each of those in turn. Chapter 17

compresses the entire methodology into a sequenced thirty-day

project, with the reasoning behind the order made explicit so you can

adapt it rather than follow it blindly. Chapter 18 addresses scale

directly, three different operating models for a solo business, a

growing team, and an enterprise, and more importantly, the signals

that tell you when it's time to move from one to the next. Chapter 19

addresses the honest limit of everything in this book: good

information substantially improves your odds of a correct answer, but



it doesn't guarantee one, and understanding exactly where that

guarantee stops is what keeps a single disappointing result from

undermining a genuinely effective habit.

This part is shorter than the parts before it, deliberately. Its job isn't to

introduce new concepts. It's to take everything already covered and

put it into a shape you can actually act on starting this week.



C H A P T E R  1 7

The 30-Day AI Visibility
Cleanup

In  Th is  Chapter

Turning the methodology developed across Parts II

through IV into a single, sequenced project.

What to do in each of the first four weeks, and why

that order matters.

What this timeline does and doesn't accomplish.

Adjusting the sequence for a business with limited

time.

Everything from Chapter 6 forward has been organized by topic: audit

methodology, then the wrong-answer categories, then source strategy,

then the technical fix, the content fix, the directory cleanup, and entity

consistency. That's the right way to explain each piece on its own. It's not

the order you'd actually do the work in if you sat down today and asked,

"What do I do first?"

This chapter answers that question directly. It compresses the book's

methodology into a four-week sequence. Appendix B gives you the same

sequence as a printable checklist. This chapter explains the reasoning

behind the order, so you can adapt it intelligently instead of following it

mechanically.

• 

• 

• 

• 
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Why Sequence Matters Here
The chapters in Parts II and III don't depend on each other in a strict

technical sense. You could theoretically fix your directory listings before

running an audit. But doing so would mean fixing things you haven't

confirmed are broken, while leaving unaddressed whatever the audit

would have told you actually matters most. The sequence below exists to

make sure early effort buys you the diagnostic information that makes

later effort worth spending.

Figure 17.1: The 30-day sequence across four weeks, from diagnosis through
establishing maintenance.

Week 1: Find Out What's Actually Wrong
Start with Chapter 6's audit, run across at least four AI systems, using

both the two-minute test and the fuller question set. Categorize every

finding using Chapter 7's four categories, outdated, incomplete,

misattributed, and confidently invented, and note the severity of each one

honestly rather than assuming everything is equally urgent.

Figure 17.1 — The 30-Day Sequence

Week 1
Find out

what's actually
wrong

Audit + source
inventory

Week 2
Fix what's

keeping AI from
reading you at all

Technical: crawler
access, rendering

Week 3
Fix what AI

reads, once it
can read you

Content + top-tier
directory cleanup

Week 4
Make this

stick

Ownership,
measurement, cadence

Diagnose → make it readable → improve the information → establish maintenance

The first three weeks produce the core fixes you can reasonably make within the
timeline. Week 4 is where you establish measurement and maintenance, so that

improvement, once it shows up, doesn't quietly reverse.

Thirty days is not enough to finish everything — it's enough to get the highest-leverage work done first.
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While the audit results are fresh, build your Chapter 8 source inventory:

the list of what you control, what you can influence, and what you can't

touch, prioritized by business importance and by which sources the audit

actually implicated. This is also the moment to build the Chapter 13

reference document, the single canonical version of your business name,

description, location, hours, and credentials, since you'll need it as the

source of truth for every fix that follows.

Resist the urge to start fixing anything yet, even an error that's obviously

wrong the moment you spot it. Chapter 6 made this same point about the

audit itself: a partial audit followed by scattered fixes produces a worse

outcome than a complete audit followed by prioritized fixes. The same

logic applies here at the level of the whole 30 days.

Week 2: Fix What's Keeping AI From Reading
You At All
Week 2 is technical. Start with Chapter 10's crawler-access check, since a

robots.txt fix is often the fastest, highest-leverage change available to

you. Run the raw-fetch test from Chapter 3 on your key pages to check

for JavaScript-rendering problems, and if you find them, this is the point

where you loop in a developer using the specific language Chapter 10

provides.

Confirm your structured data is present and matches what's actually true

about your business today. If your audit found a specific wrong or

outdated claim, check whether your schema is quietly repeating it, since a

mismatch between your schema and your visible content is worth fixing

immediately regardless of which system it affects.
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This week's work is technical rather than editorial, which is exactly why it

goes before the content work in Week 3. There's limited value in rewriting

a page beautifully if the version an AI system actually receives is an

empty shell.

Week 3: Fix What AI Reads, Once It Can
Read You
With Chapter 10's technical fixes underway or complete, turn to content.

Rewrite your homepage's opening using the answer-first, specific-over-

general principles from Chapter 9 and Chapter 11. Build or expand your

FAQ section around real customer questions, addressing the specific gaps

your Week 1 audit surfaced rather than generic industry questions nobody

actually asks.

This is also the week to work through your Chapter 12 directory cleanup,

starting with the five highest-priority listings from your Week 1 inventory.

Correct each one using the exact language from your Chapter 13

reference document, not a shortened or improvised version, and set a

follow-up check roughly a week out to confirm each correction actually

took effect rather than trusting a save confirmation.

Thirty days is not enough time to complete the full directory cleanup

for most businesses with more than a few years of online history.

Chapter 12 was explicit about this. Treat Week 3's directory work as a real

start on your highest-priority tier, not a claim that the whole inventory is

done.
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Week 4: Make This Stick
The first three weeks produce the core fixes you can reasonably make

within the timeline. Week 4 is where you establish measurement and

maintenance, so that improvement, once it shows up, doesn't quietly

reverse. Assign a named owner for ongoing re-verification, per Chapter

15, not a vague shared responsibility. Put your next three audit dates on

the calendar now, while the habit is easy to start, rather than leaving the

first follow-up audit undated.

Build your tracking record using Chapter 16's accuracy-rate structure,

with today's numbers as the baseline you'll compare every future cycle

against. If you're in a position to estimate the cost of inaction using

Chapter 20's framework, do that now too, while the audit findings are

specific and fresh, since a directional dollar figure is easier to build from

real, current findings than from memory later.

What This Timeline Does and Doesn't
Accomplish
At the end of 30 days, you'll have a complete audit, a corrected technical

foundation, meaningfully improved content in your highest-priority spots,

your top-tier directory listings corrected, and a genuine ongoing habit

started. That's real progress, and it addresses the highest-severity findings

from your audit.

What it doesn't accomplish: a comprehensive rewrite of your entire site, a

fully cleaned directory presence beyond your top tier, or certainty that

every AI system now describes your business correctly. Chapter 19 covers

why that last one isn't fully achievable even with a perfect information

environment. This timeline gets the highest-leverage work done first.

Everything past your top-priority tier becomes the ongoing background

work Chapter 15 and Chapter 18 describe.
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Adjusting the Sequence for Limited Time
Appendix B includes a one-week compressed version of this same

sequence for a business that genuinely can't commit to a full month right

now: one audit round, the robots.txt and raw-fetch checks, a homepage

rewrite, and a single calendar reminder for a 90-day follow-up. It captures

a meaningful share of the value in a fraction of the time, though it isn't a

substitute for working through the full sequence when you're able to.

If your business operates at a scale where even the full 30-day version

feels too compressed, or too simple, Chapter 18 covers how this same

sequence scales up for a multi-location or enterprise business, where

several of these weeks might reasonably become several months of

coordinated work across multiple teams.
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C H A P T E R  1 8

Right-Sizing This for Your
Business

In  Th is  Chapter

Why a solo business and an enterprise need

different versions of the same process.

Three operating models, and how to tell which one

fits you.

What changes as a business grows past its original

model.

Avoiding both under-building and over-building

this work.

Every chapter so far has described the methodology itself: what to audit,

what to fix, how to keep it fixed. This chapter is about scale. A five-

person business and a five-thousand-person organization are both doing

the same underlying work, running an audit, fixing what's wrong, keeping

it maintained, but what that looks like day to day is genuinely different,

not just smaller or larger versions of the same checklist.

Reading this book and assuming you need an enterprise-grade program

regardless of your actual size is a real risk. So is the opposite: a growing

business still running an informal, one-person version of this work well

past the point where that model can keep up. This chapter gives you three

reference models and, more importantly, the signals that tell you when it's

time to move from one to the next.

• 

• 

• 

• 
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The Solo Operating Model
If you're the owner, and marketing, sales, and everything else runs

through you or a very small team, this work should stay genuinely

lightweight. One reference document, per Chapter 13, covering your

business name, description, location, hours, and credentials. Five priority

sources, per Chapter 8, the listings and platforms that actually matter for

your business rather than an exhaustive inventory. Five recurring

questions you test every cycle, per Chapter 6's methodology, rather than

an elaborate rotating question set.

Ownership at this scale is simple because there's usually only one

reasonable owner: you. The practical mechanism is a recurring calendar

reminder treated with the same seriousness as a tax deadline, exactly as

Chapter 15 described. Quarterly is a practical default for most solo

businesses. There's no meaningful audience at this scale for a formal

report or a tracked metric beyond a simple before-and-after comparison

you keep for your own reference.

The failure mode to watch for at this scale isn't under-investment, it's

over-building. A solo business that adopts an enterprise-style process,

complete with multiple tracked metrics, a formal reporting cadence, and a

rotating question bank, takes on overhead the business doesn't need to

carry. Simple and sustained beats sophisticated and abandoned.

The Small to Midsize Operating Model
Once more than one person touches your business's public-facing content,

marketing copy, social profiles, directory listings, customer-facing

communication, the solo model starts to break down, not because the

underlying work changes, but because coordination becomes a real

requirement rather than an assumption.
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At this scale, the reference document from Chapter 13 needs a genuine,

deliberate home: a shared drive or intranet page, not a file on one person's

desktop, and an explicit update process rather than an informal

understanding. Your source inventory from Chapter 8 grows from five

priority sources to something closer to a real, maintained list, since a

growing business typically accumulates directory listings, regional

variations, and additional review platforms faster than it prunes them.

Ownership needs to become a named, written responsibility inside

someone's actual role, marketing or digital presence, rather than the

business owner personally, since at this scale the owner is rarely still the

person best positioned to run the day-to-day work. A useful cadence split,

introduced in Chapter 15, becomes more important here: monthly checks

on your highest-priority questions specifically, with the full audit running

quarterly. This catches drift on what matters most without requiring the

full audit's time investment every month.

This is also the scale where Chapter 16's tracked metrics start earning

their keep. A single owner rarely needs a formal accuracy-rate trend line

to know whether things are improving. A small team reporting to an

owner, or a marketing lead reporting to leadership, genuinely benefits

from a number that can be compared cycle over cycle.

The Enterprise Operating Model
A business operating across multiple locations, multiple brands, or a

genuinely large public footprint needs a materially different structure, not

just a bigger version of the small-business model. Chapter 13 already

covered why multiple locations and multiple brands each need their own

reference document rather than one shared version, since conflating

genuinely distinct entities is worse than simple inconsistency. That

principle extends through this entire chapter's concerns at enterprise scale.
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Governance becomes a real requirement here: a defined process for who

can authorize a change to a reference document, how a regional team

requests an update, and how a change actually propagates to every

location or brand it affects. Chapter 14's point about internal drift, a new

hire writing fresh copy without checking the reference document, a

department launching a microsite with its own description, becomes

substantially more likely to happen unnoticed as the number of people

who can create public-facing content grows.

Chapter 15's tooling and automation section becomes more directly

relevant at this scale. Manually re-testing the same question set across

multiple systems, multiple locations, and multiple brands every quarter is

a genuine, non-trivial time cost at enterprise size, which is where

application programming interfaces for scripted, repeatable querying, or

an internal tool built for this specific purpose, start to justify their own

development cost.

Regional variation deserves explicit attention too. Chapter 12 noted that

directory ecosystems vary by market, and an enterprise operating across

several countries or regions needs to extend its source inventory

separately for each one rather than assuming a single global list covers

everything.

Recognizing When You've Outgrown Your
Current Model
The signal to move from the solo model to the small-business model isn't

a specific headcount, it's the moment more than one person can create or

edit public-facing content about the business without checking a shared

reference first. The signal to move from small-business to enterprise isn't

revenue, it's the moment a single reference document and a single source

inventory can no longer represent the business accurately because it

genuinely operates as more than one entity, geographically or by brand.
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Moving up a model too early wastes effort on process the business doesn't

yet need. Moving up too late means Chapter 14's drift accumulates faster

than an outgrown, informal process can catch it. Revisit which model

actually fits at the same cadence you revisit anything else in this book:

when something about the business itself changes materially, not on a

fixed schedule disconnected from that reality.

AI ACCURACY AT WORK 164



C H A P T E R  1 9

When AI Gets It Wrong Anyway

In  Th is  Chapter

Why a fully corrected information environment still

doesn't guarantee a correct answer.

What this book's methodology actually controls,

and what it doesn't.

How to respond when a wrong answer surfaces

after you've done the work.

Why this isn't a reason to stop doing the work.

If you've worked through Parts II and III, corrected the technical barriers,

restated your facts clearly, cleaned up your directory listings, and built a

consistent entity across every place your business appears, there's a

reasonable expectation that might have formed along the way: that a fully

corrected information environment means AI systems will now describe

your business correctly. This chapter exists because that expectation,

however reasonable it feels, isn't quite right, and believing it can leave

you more frustrated by an eventual wrong answer than you need to be.

What This Book's Methodology Actually
Controls
Go back to Chapter 2's retrieval and generation model. Everything in

Parts II and III addresses the retrieval side: making sure the correct,

current, well-structured information is available to be found. None of it

• 

• 

• 

• 
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touches the generation side directly, the part of the process where a model

interprets, weighs, and synthesizes whatever it retrieved into an actual

answer.

This distinction matters more than it might seem. Good information does

not guarantee a good answer. It substantially improves the odds of a good

answer, which is the entire premise this book has argued for since Chapter

1. But retrieval feeding good material into a generation process is not the

same as controlling what that process does with it.

Why This Is True Even With a Perfect
Information Environment
Here, "perfect" means perfect within the scope of what your own audit

actually covers, correct, current, and accessible across your reference

document and priority sources, not a claim that every piece of information

about your business anywhere on the web is accounted for. Even within

that narrower, achievable scope, a model can retrieve your correct, current

information and still produce an imperfect answer, for reasons that have

nothing to do with anything covered in Chapters 6 through 13. It might

retrieve your correct information alongside an outdated competitor

mention and blend them in a way that's technically inaccurate. It might

apply a reasonable-sounding but wrong inference to fill a gap the

retrieved material didn't actually cover. It might simply phrase something

in a way that's misleading despite drawing on entirely correct sources.

That's the core tension this book has been responding to from the start,

and it doesn't fully disappear just because you've done everything right on

your end.
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Model updates compound this. Chapter 14 covered drift, the idea that

fixed things don't stay fixed permanently, and part of what makes drift

real is that the same correct, well-structured information can be

interpreted differently by a model version six months from now than it is

today, through no change on your part at all.

The Goal Was Never to Control the Model
This is worth stating plainly, because it's easy to lose sight of across

eighteen chapters of practical fixes: the goal of this book was never to

control what an AI model does. That goal isn't achievable by any

business, and a service or vendor that implies otherwise is promising

something outside anyone's actual control.

The goal, consistently, has been to make the correct answer well-

supported, accessible, current, and easy to identify, so that when a model

does its job of retrieving and synthesizing available information, the

correct version is the version most readily available to it. That's a

meaningfully different, and genuinely achievable, goal. It's also the

honest one.

How to Respond When a Wrong Answer
Surfaces Anyway
When your Chapter 15 re-verification cycle turns up a wrong answer

despite a clean information environment, work through Chapter 7's

diagnostic questions before assuming your work failed. Is the underlying

source material actually still correct and current, or did something drift

without your noticing? Is this a genuinely new error, or a previously

known limitation you've already accepted, the walled-garden problem

from Chapter 4, for instance, where a platform's access restrictions are

outside anything you can fix?
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If the source material is genuinely correct, accessible, and current, and the

answer is still wrong, that's the category this chapter describes: a

generation-side outcome you can't fully control. Note it, per Chapter 16's

qualitative tracking, since a pattern of these specific errors across cycles

is itself useful information, even when no single instance is something

you can directly fix. Don't treat one wrong answer against an otherwise

clean environment as evidence that Parts II and III's work failed. Chapter

16's accuracy rate exists precisely so a single data point doesn't get over-

weighted against your actual trend.

Why This Isn't a Reason to Stop
None of this is an argument for giving up on the work in this book. A

business with a clean, well-structured, current information environment

gives AI systems substantially better material to work from than a

business without one. The gap this chapter describes, between a fully

corrected environment and a perfect answer every time, is real, but it's a

narrower gap than the one between doing nothing and doing this book's

work.

Setting this expectation correctly from the start protects the habit itself. A

business that expected perfection and got something short of it may

conclude, wrongly, that the whole effort wasn't worth it. A business that

expected genuine, durable improvement, with occasional exceptions it

can't fully eliminate, and that's exactly what it got, keeps doing the work

that continues paying off. That's the more accurate expectation, and it's

the one this book has actually been arguing for since Chapter 5's case

against chasing tricks and guarantees.
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P a r t  V I

The Business Case
Why This Is Worth Doing

Every chapter to this point has assumed the value of this work is self-

evident once you understand the mechanism. For your own decision-

making, that's probably true. For justifying the time and budget this

work requires, whether to yourself, a business partner, or someone

holding the budget above you, "AI accuracy matters" is rarely enough

on its own. Part VI makes the case in terms a budget conversation

actually requires: a real cost estimate, and, if you want to take it

further, a real business built around it.

Chapter 20 confronts the fact that the cost of an inaccurate AI

presence is invisible by default. Nobody files a complaint when a

prospect asks an AI assistant a question, gets a wrong or thin answer,

and quietly chooses a competitor instead. Chapter 20 gives you a

framework for estimating that cost directionally, honestly, without

pretending to a precision that isn't available. Chapter 21 is for a

different reader entirely, someone considering building a service

around this book's methodology, and it covers packaging the work,

positioning it honestly against a crowded and often manipulation-

focused competitive category, and pricing it around the actual

thoroughness of the work rather than a guaranteed outcome nobody

can honestly promise.



These two chapters close the book because they answer the last

remaining question a reader might have after seventeen chapters of

methodology: not "how," which the rest of the book has already

covered, but "why this, and why now," stated in terms that hold up

under real scrutiny rather than assumed on faith.



C H A P T E R  2 0

What This Actually Costs You
If You Ignore It

In  Th is  Chapter

Quantifying the cost of an inaccurate AI presence.

Why this cost is invisible by default.

A framework for estimating your own exposure.

Why waiting makes the eventual fix more

expensive, not less.

Every chapter so far has assumed the value of fixing this is self-evident.

This chapter makes the actual cost of not fixing it concrete.

Why the Cost Is Invisible by Default
Nobody emails you to say an AI described your business wrong. There's

no error report, no support ticket, no obvious signal. The cost accrues in a

place you can't see directly: the prospect who asked an AI assistant a

question, got a wrong or thin answer about you, and quietly chose a

competitor instead, all without you ever knowing that interaction

happened.

• 

• 

• 

• 
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A Framework for Estimating Exposure
You can't measure this precisely, but you can reason about it directionally.

Start with a real, honest estimate of what percentage of your prospects

likely ask an AI assistant something about you or your category before

ever contacting you directly. Then consider your Chapter 6 audit results:

if a meaningful percentage of your test questions produced wrong or thin

answers, that's roughly the percentage of AI-mediated prospect

interactions currently working against you.

A worked example. Consider a business with an average deal value of

$8,000 and roughly 200 qualified prospect inquiries per year. If 40

percent of prospects check an AI assistant before making contact, that's

80 AI-mediated interactions annually. If you use your audit's 35 percent

wrong-or-thin answer rate as a deliberately rough proxy, not a measured

figure, for the share of AI-mediated interactions that may expose a

prospect to a problematic answer, that produces an estimated 28

potentially affected interactions, before a human conversation ever has

the chance to correct the record. If you then model a 25 percent decision-

impact rate as a scenario assumption, not a conservative estimate the

methodology has established, seven opportunities would be at risk:

$56,000 in estimated annual exposure.

A Warning: This estimate will feel uncomfortably speculative the

first time you calculate it. That discomfort is appropriate;

precision isn't available here. What matters is that the exercise

moves the conversation from "this is probably worth something"

to a specific enough number that it can be weighed honestly

against other priorities.
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The Cost Beyond Lost Deals
It's worth naming a second, harder-to-quantify cost: reputational drift. A

prospect who gets a subtly wrong AI answer, then later encounters the

correct version directly, experiences a small moment of reduced

confidence at exactly the point where first impressions matter most, even

in cases where they eventually do become a customer anyway.

Weighing This Against Other Uses of the
Same Time and Budget
Every business has more worthwhile projects competing for the same

limited time and budget than it can pursue simultaneously. Once you have

a directional estimate like the one above, the actual decision is an

ordinary prioritization exercise: does this estimated exposure exceed the

return available from whatever else that same time and budget could

otherwise fund this quarter.

Why Waiting Makes This More Expensive,
Not Less
Chapter 14 covered drift: the tendency for fixed things to become unfixed

again over time. The corollary is that unfixed things tend to compound

too. An outdated listing that remains uncorrected can accumulate more

downstream copies and continue supplying the same outdated

information to other sources it feeds. The cleanup can get larger, not

smaller, the longer it's deferred.
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Making the Case Internally
If you're advocating for this work inside an organization rather than

deciding on it alone, the estimate built in this chapter is the actual tool for

that conversation, not the general argument made in earlier chapters. A

specific number, however directional, gives a budget-holder something

concrete to weigh against competing priorities in a way that "AI accuracy

matters" on its own does not. Bring the worked example's structure, deal

value, inquiry volume, estimated AI-mediated share, audit-measured

wrong-answer rate, and walk through it live with your own real numbers

rather than presenting a finished figure without its derivation. A number

someone can see built in front of them is more persuasive, and more

defensible under questioning, than the same number presented as a

conclusion alone.
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C H A P T E R  2 1

Building an AI Accuracy
Practice

In  Th is  Chapter

Who this chapter is for, specifically.

Packaging this book's methodology as a service

offering.

Pricing considerations and what to avoid

promising.

Positioning against the crowded AEO and GEO tool

space.

Everything in this book is directly usable by a business owner working

through it themselves. This final chapter is for a different reader: someone

considering offering this work as a service.

What You're Actually Selling
Strip away the specific vocabulary, and the service this book describes is

straightforward: find out what AI systems say about a client's business,

identify why, and fix the underlying causes. Resist the temptation to

complicate this positioning to sound more sophisticated than it is. The

plain version is more credible, not less.

• 

• 

• 

• 
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Packaging the Methodology
Part II of this book, the audit methodology, packages naturally into a

discrete, deliverable first engagement: a documented report of what major

AI systems currently say about a client's business, categorized per

Chapter 7's framework, with a clear prioritized list of what to fix. Parts III

and IV package naturally into a second-phase engagement: either a

project-based cleanup, or an ongoing retainer built around the quarterly

cadence from Chapter 15.

Pricing Considerations
Resist promising specific, guaranteed outcomes tied to search rankings or

lead volume. This book's whole premise, established in Chapter 5, is that

the work is about accuracy, not manipulation, and accuracy-based work

doesn't come with the kind of guaranteed, gameable outcome that

ranking-manipulation services sometimes promise. Price based on the

scope and thoroughness of the audit and fix work itself.

A Warning: A client who was sold on a guaranteed outcome and

doesn't get it is a client who churns. A client who was sold on a

thorough, honest audit and a real fix process, and got exactly that,

is a client who stays for the ongoing retainer. Sell the second

thing.

Team Structure as a Practice Grows
A single practitioner can deliver the audit-and-report engagement entirely

solo. As a practice grows past a handful of concurrent clients, the natural

first hire is someone focused on the directory and listing cleanup work

from Chapter 12, since it's the most time-intensive and most easily
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delegated piece of the fix work. Content rewriting, per Chapters 9 and 11,

is the natural second specialization. Keep the audit methodology and

client-facing strategy work with the most experienced person on the team.

Demonstrating the Practice's Own Value to
Prospective Clients
There's a natural, honest way to prove this work's value before a

prospective client has committed to anything: run the Chapter 6 audit

methodology against their business, using only publicly available

information, and bring the actual findings to the first real conversation.

This works because it's honest in the same way the rest of this book

insists on: you're not promising a guaranteed outcome, you're showing

real, verifiable current findings and letting the prospect decide whether

fixing them is worth the engagement.

Positioning Against the Crowded Tool Space
The market already contains tools and services positioned around AEO

and GEO, often emphasizing visibility, citations, rankings, or monitoring.

If you build a practice around this methodology, your differentiation isn't

another promise to control what an AI system says. It's the narrower and

more defensible promise of improving the information environment that

gives those systems something accurate to work from.

Closing Note
Every chapter in this book has made some version of the same argument,

applied to a different layer of the problem: the true, accurate story of a

business is worth making easy to find, and that work is more durable,

more honest, and ultimately more effective than any attempt to
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manipulate the systems now doing so much of the work of introducing a

business to the people looking for it. That argument doesn't change

whether you're applying it to your own business after reading Part III, or

building an entire practice around applying it to other people's businesses

after reading this final chapter. The mechanism is the same. Only the

scale changes.
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A P P E N D I X  A

The AI Audit Question Bank

A reusable set of test questions for Chapter 6's audit methodology,

organized by what each question is actually testing.

Core identity questions
What does [company] do?

What does [company] specialize in?

Where is [company] located?

Who founded or leads [company]?

Comparative questions
How does [company] compare to [named competitor]?

What's the difference between [company] and [named competitor]?

Which is better for [specific use case], [company] or [named

competitor]?

Trust and reputation questions
What are people saying about [company]?

Is [company] a reputable business?

Are there any complaints about [company]?

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 
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Use-case fit questions
Is [company] good for [specific customer type or need]?

What kind of business is [company] best suited for?

Would [company] work for [specific scenario]?

Factual detail questions
What are [company]'s hours?

Does [company] offer [specific service]?

How much does [company] charge for [specific service]?

Industry-specific extensions
The categories above are deliberately general. Most businesses benefit

from adding a handful of questions specific to their own category, phrased

the way an actual customer in that industry would ask them. A few

patterns to adapt:

Regulated industries: "Is [company] licensed to operate in [state or

region]?"

Service businesses with variable scope: "What does a typical

[service] project look like with [company]?"

Product businesses: "What's included when you buy [product] from

[company]?"

Businesses with a strong local component: "Is [company] locally

owned?"

Add two or three of these tailored to your own category before running

your first full audit, and keep them consistent across every future cycle

per Chapter 15's habit.

• 

• 

• 

• 

• 

• 

• 

• 

• 
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Run each category across every system in your test set. Document exact

wording per Chapter 6's methodology, and categorize every finding using

Chapter 7's four-category framework before moving to fixes.
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A P P E N D I X  B

A 30-Day AI Accuracy
Checklist

Week 1: Audit
[ ] Run the two-minute test (Chapter 6)

[ ] Run the full audit across at least four AI systems (Chapter 6)

[ ] Categorize every finding using the four-category framework

(Chapter 7)

[ ] Build your third-party source inventory (Chapter 8)

Week 2: Technical foundation
[ ] Check robots.txt for accidental crawler blocks (Chapter 10)

[ ] Run the raw-fetch test on your homepage and key pages (Chapter

3, Chapter 10)

[ ] Confirm organization and local business schema is present and

accurate (Chapter 10)

[ ] Flag any JavaScript-rendering issues for developer attention

(Chapter 10)

Week 3: Content and consistency
[ ] Rewrite your homepage's opening using answer-first, specific

language (Chapter 9, Chapter 11)

[ ] Build or rewrite your FAQ section using real customer questions

(Chapter 9)

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 
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[ ] Create your single entity-consistency reference document

(Chapter 13)

[ ] Fix your top five highest-priority directory listings (Chapter 12)

Week 4: Ongoing habit
[ ] Assign a named owner for quarterly re-verification (Chapter 15)

[ ] Set your next three audit dates on the calendar now (Chapter 15)

[ ] Build your tracking record with today's baseline numbers

(Chapter 16)

[ ] Calculate a directional cost-of-inaction estimate (Chapter 20)

This checklist won't complete every fix in this book in 30 days, especially

the directory cleanup work in Chapter 12, which usually extends well past

a single month. It will get the highest-leverage work done and the

ongoing habit genuinely started, which matters more than speed on any

single item.

If you only have one week
For a business with genuinely limited time to invest right now, collapse

this into a single-week version: run the two-minute test and one full audit

round (Chapter 6), fix your robots.txt and run the raw-fetch test (Chapter

3, Chapter 10), rewrite your homepage's opening two sentences using

answer-first, specific language (Chapter 9, Chapter 11), and put a single

recurring calendar reminder in place for a follow-up audit in 90 days

(Chapter 15). This isn't a substitute for the full 30-day version, but it's a

real, meaningful start that captures a large share of the available value for

a small fraction of the time.

• 

• 

• 

• 

• 
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A P P E N D I X  C

The "Is This Actually Wrong"
Decision Tree

Use this when an audit finding is ambiguous, to decide which category

from Chapter 7 it belongs to and how urgently it needs attention.

Start: does the AI's answer state something as fact that isn't true?

No, but the answer is generic or misses your actual differentiator → 

Incomplete. Fix with Chapter 9 and Chapter 11's content work. Not

urgent, but real.

Yes, continue below.

Was this true at some point in the past?

Yes → Outdated. Trace the source per Chapter 7, fix at the source

per Chapter 12. Moderate urgency, high volume.

No, continue below.

Does the wrong information describe a different, identifiable

business?

Yes → Misattributed. High urgency. Trace the source immediately

and pursue correction or removal.

No, continue below.

Can you identify any source this claim likely came from?

Yes → Re-examine. This is likely still Outdated or Misattributed

with a source you haven't fully traced yet. Go back one step.

• 

• 

• 

• 

• 

• 

• 
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No → Confidently invented. The rarest category. Document it

precisely, since it's worth tracking whether this recurs across audit

cycles, and consider whether it indicates a broader thinness of

available source material about your business that Part III's content

work should address directly.

One more check, regardless of category: does this finding recur

consistently across multiple systems, or did it appear once on one

platform? A finding appearing across three or four systems reflects

something structural, likely a widely-syndicated source. A single-system

finding may simply reflect that one system's particular retrieval quirks,

and is lower priority than a structural, cross-system finding of the same

severity.

Combining category and severity into a
single priority
Once you've categorized a finding using the tree above and scored it

using Chapter 7's severity scale, combine the two into a simple priority

order. As a practical default: Severity 3 Misattributed and Confidently

invented findings should receive immediate attention, followed by

Severity 2 or 3 Outdated findings, since they're usually high-volume and

traceable. Incomplete findings and any remaining Severity 1 items come

last, worth fixing as part of ongoing content work per Chapter 11. Treat

this as a starting order rather than a fixed rule; Chapter 7 is explicit that

category doesn't equal severity, so a specific finding's actual business

impact can move it up or down this default sequence.

• 
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A P P E N D I X  D

The AI Visibility Audit
Worksheet

A fill-in template for recording Chapter 6's audit results. Copy this

structure into a spreadsheet before your first audit cycle, and reuse the

same structure every cycle after that so results stay comparable over time.

A fillable spreadsheet version of this worksheet is available on request at

portalintegrators.com/writing.

Business information
Business name (exact, per Chapter 13's reference document): ____

Primary category or industry: ____

Audit date: ____

Person conducting this audit: ____

Systems tested
List every AI system included in this cycle. Chapter 6 recommends at

least four.

System
Version or plan tested
(if known)

Access method (free tier,
subscription, API)

• 

• 

• 

• 
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Per-question results
Repeat this block for every question in your test set, drawn from

Appendix A.

Question asked (exact wording): ____

System: ____

Full answer received (verbatim): ____

Source(s) cited or identifiable, if any: ____

Error category (Chapter 7): Outdated / Incomplete / Misattributed /

Confidently invented / None

Severity (Chapter 7 scale): 1 / 2 / 3

Recurs across systems? (Y/N, and which ones): ____

Cycle summary
Total data points tested this cycle (questions times systems): ____

Data points with any finding: ____

Data points classified as Outdated, Misattributed, or Confidently

invented: ____

Incomplete data points, tracked separately: ____

Accuracy rate, per Chapter 16 (fully accurate observations ÷

observations eligible for the calculation, excluding Incomplete): 

____

Top three priority findings, by category and severity: ____

Comparison to previous cycle's accuracy rate, if applicable: ____

Keep every completed worksheet on file rather than overwriting the

previous cycle's version. The comparison across multiple cycles, per

Chapter 15, is where this worksheet's real value shows up.

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 
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A filled-in example
Using the worked audit from Chapter 6:

Business name: Company X

Primary category: Residential and commercial HVAC services

Audit date: March 3

Person conducting this audit: Owner

Per-question result: - Question asked: "What does Company X

specialize in?" - System: A general-purpose AI assistant - Full answer

received: "Company X specializes in residential HVAC installation and

repair." - Source(s) identifiable: A five-year-old regional directory listing

using the same "residential HVAC" phrasing - Error category: Outdated -

Severity: 2, since it omits an entire service line a prospect might be

searching for specifically - Recurs across systems: Yes, two of the four

systems tested gave a nearly identical answer

Cycle summary: - Top priority finding: the outdated directory listing

feeding the residential-only claim, plus thin on-site coverage of the

commercial service line - Next actions: correct the directory listing

(Chapter 12), restate the commercial capability more prominently on the

site (Chapter 11)

• 

• 

• 

• 
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A P P E N D I X  E

The Entity Reference
Document Template

A blank version of the reference document Chapter 13 describes. Fill this

in once, store it somewhere genuinely shared and visible, and treat it as

the single source every listing, page, and profile update should copy from.

Core identity
Business name (exact): ____

Short description (one sentence): ____

Long description (one paragraph): ____

Former name(s), if applicable: ____

Location and contact
Address (exact, per location if more than one): ____

Phone (exact format): ____

Hours: ____

Website: ____

Services and positioning
Core services or products (bulleted, exact wording): ____

Industries or customer types served: ____

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 
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What makes this business different (the differentiator from Chapter

11's homepage rewrite): ____

Credentials and claims
Certifications, licenses, or accreditations (exact wording): ____

Awards or recognitions worth stating consistently: ____

Any regulatory claims that require exact, current wording: ____

For multi-brand or multi-location businesses
Chapter 13 covers why each brand or location needs its own copy of this

document rather than one shared version. If this applies to you, note here

which brand or location this specific copy covers, and where the other

copies are stored.

This document covers: ____

Other reference documents for this business are stored at: ____

Document control
Owner (named individual, per Chapter 13's enforcement section): 

____

Last reviewed date: ____

Update process (how a change gets proposed, approved, and

propagated): ____

For a filled-in version of this exact template, see Chapter 13's worked

example, which walks through every field above using a single

illustrative business.

• 

• 

• 

• 

• 

• 

• 

• 

• 
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A P P E N D I X  F

The Source Inventory
Worksheet

A working template for Chapter 8's source inventory. Populate one row

per source, then sort by priority before starting Chapter 12's cleanup

work. A fillable spreadsheet version of this worksheet is available on

request at portalintegrators.com/writing.

Source
name

URL

Category
(control /
influence /
can't
touch)

Editable
directly?

Currently
correct?

Connected
to an audit
finding?

Priority
(high /
medium /
low)

Last
checked

Notes on filling this in
Category follows Chapter 4's three-part model. Your own website is

"control." A directory listing you can claim and edit is "influence." An old

news article or archived page you have no editorial standing on is "can't

touch," and per Chapter 4, these generally don't belong in the active

cleanup rows above at all, they're worth noting once, then setting aside.

Priority should reflect business importance and connection to an actual

audit finding, per Chapter 12's guidance, rather than an assumption about

a platform's citation weight, which usually isn't something you can

observe directly.
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Last checked matters more than it seems. A source marked correct six

months ago may have drifted, per Chapter 14, especially if it's fed by a

data aggregator rather than edited directly. Revisit this date at every re-

verification cycle per Chapter 15, and update the row rather than

assuming an old check still holds.

A filled-in example

Source
name

URL Category
Editable
directly?

Currently
correct?

Connected
to an audit
finding?

Priority
Last
checked

Company
website

(own
domain)

Control Yes Yes Yes, the
source of
truth the
audit
compared
against

High This
cycle

Regional
business
directory

(directory
URL)

Influence Yes, via
claimed
listing

No, states
residential
only

Yes, the
traced
source of
the
outdated
finding

High This
cycle

Industry
association
directory

(association
URL)

Influence Yes, via
member
portal

Not
checked
yet

Not yet,
added
proactively

Medium Not yet
checked

Five-year-
old news
writeup

(news URL) Can't
touch

No Partially,
predates
the
commercial
service line

No Low Noted,
not
tracked
further
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Aggregator-fed sources
If a source is fed by a data aggregation service rather than directly

editable, note that here so you don't waste effort trying to edit it at the

platform level:

Source
name

Aggregator
it's fed by

Aggregator
corrected?
(date)

Downstream update
confirmed? (date)
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A P P E N D I X  G

The Re-Verification Log

A repeatable template for Chapter 15's ongoing habit. Start a new entry

every cycle rather than overwriting the previous one, so the full history

stays available for Chapter 16's trend review. A fillable spreadsheet

version of this log is available on request at portalintegrators.com/writing.

Cycle record
Cycle date: ____

Owner completing this cycle: ____

Systems tested (should match previous cycles for comparability): 

____

Core questions tested (should match previous cycles, per Chapter

15): ____

New questions added this cycle, and why: ____

Findings
Total findings this cycle, by category (Chapter 7): Outdated ___ /

Incomplete ___ / Misattributed ___ / Confidently invented ___

Findings that are new since last cycle: ____

Findings that recurred from a previous cycle despite an earlier fix

(possible drift, per Chapter 14): ____

Accuracy rate this cycle (Chapter 16): ____

Accuracy rate, previous cycle: ____

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 
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Actions taken
Action taken for each new or recurring finding, and date completed: 

____

Any finding still open, and why: ____

Any high-severity finding handled outside the normal cycle, per

Chapter 15's exception process: ____

Next cycle
Next scheduled cycle date: ____

Anything flagged to check specifically next cycle: ____

A filled-in example
Cycle date: Q2 cycle, June 3

Owner completing this cycle: Marketing lead

Findings this cycle: Outdated 1 / Incomplete 1 / Misattributed 0 /

Confidently invented 0

New since last cycle: none, this is the same directory-listing finding

from Q1, now confirmed corrected

Recurred despite an earlier fix: no

Accuracy rate this cycle: 5 of 6 tracked data points now accurate,

versus 4 of 6 last cycle

Actions taken: corrected directory listing verified live; homepage

rewrite from Chapter 11 published and confirmed accessible in the

site's current HTML

Still open: the industry association directory listing, pending a

response to a submitted correction request

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 
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Next scheduled cycle: September 3

Annual rollup (complete once a year, per
Chapter 15)

Number of cycles completed this year: ____

Overall trend across the year (improving / worsening / stable): ____

Does the trend match what individual cycle efforts would suggest? If

not, note the likely explanation (systemic issue, recurring source,

ownership gap): ____

• 

• 

• 

• 
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A P P E N D I X  H

The Technical Handoff
Checklist

Chapter 10 deliberately doesn't require you to become a developer. This

appendix is what you hand to one. Fill in the specifics for your own site,

then send this document as-is rather than translating it into your own

technical language first. A fillable spreadsheet version of this checklist is

available on request at portalintegrators.com/writing.

Crawler access
[ ] Current robots.txt reviewed for unintended disallow rules

(Chapter 10)

[ ] Specific issue found, if any: ____

JavaScript rendering
[ ] Raw-fetch test run on key pages (Chapter 3, Chapter 10)

[ ] Pages where raw HTML is missing content that displays fine in a

browser: ____

[ ] Request to developer: "Can we fix this with server-side rendering

or static generation, so crawlers receive the same complete HTML a

browser does after JavaScript runs?"

Structured data
[ ] Homepage and key service pages run through a schema-testing

tool (Chapter 10)

• 

• 

• 

• 

• 

• 
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[ ] Specific gap found (missing schema type, outdated field,

mismatch with visible content): ____

[ ] Request to developer: "Can we add or correct this so it matches

our current site content?"

Canonical URLs
[ ] Confirmed each page has a single canonical URL, with no

unintended duplicate versions competing for the same content

[ ] Specific issue found, if any: ____

PDFs and downloadable content
[ ] Confirmed key PDFs (case studies, spec sheets) contain

selectable, readable text rather than scanned images (Chapter 3)

[ ] Specific document(s) needing OCR or a text-based rebuild: ____

Images containing important text
[ ] Confirmed no business-critical fact (a claim, a number, a

differentiator) exists only inside an image, per Chapter 11's case-

study guidance

[ ] Specific instance(s) found: ____

Mobile and alternate site versions
[ ] Raw-fetch test run separately against any genuinely separate

mobile version, if one exists (Chapter 10)

[ ] Specific gap found between desktop and mobile content: ____

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 
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Caching and CDN
[ ] Confirmed the process for clearing or purging cache after a

content fix goes live (Chapter 10)

Verification
[ ] Raw-fetch test re-run after each fix to confirm the change actually

took effect (Chapter 10)

[ ] Sign-off date once every item above is confirmed resolved: ____

If you're using this checklist as part of a site migration, also complete

Chapter 10's migration-specific checks against the staging version before

launch, not after, including a standard security and static-analysis scan as

general pre-launch hygiene.

A filled-in example
Crawler access: reviewed, no unintended disallow rules found

JavaScript rendering: raw-fetch test run on the homepage and three

key service pages; the homepage's service descriptions are missing

from the raw HTML entirely, though they render normally in a

browser

Request sent to developer: "Our raw HTML response for the

homepage doesn't contain our service descriptions, though it displays

fine in a browser. Can we fix this with server-side rendering or static

generation, so search and AI crawlers receive the same complete

HTML a browser does after JavaScript runs?"

Structured data: schema-testing tool shows no Organization schema

present at all

• 

• 

• 

• 

• 

• 

• 
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Request sent to developer: "Our schema testing shows no

Organization schema. Can we add this so it matches our current site

content?"

Sign-off date: pending developer response, follow-up scheduled for

two weeks out

• 

• 
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