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Executive Summary

Ecommerce analytics was built around human sessions. A shopper clicked an ad, opened a
search result, landed on a product page, browsed, added to cart, and either converted or left.
The channel label was imperfect, but it was usually legible enough for marketing operations. Al
shopping breaks that comfort. A store can be touched by an Al crawler before a human visit
exists. A product page can be retrieved by ChatGPT because a user asked a question, but the
user may never click. A catalog record can be available to an agentic channel while the open-
web product page still fails to explain the product clearly. A spike in bot logs can look like

demand even when it is only infrastructure activity.

This white paper focuses on one important slice of that problem: how ecommerce teams should
interpret ChatGPT-User, OAI-SearchBot, and GPTBot. These three user agents are often grouped
together as "Al traffic," but they do not carry the same commercial meaning. Treating them as
one bucket creates false positives, weak dashboards, and poor decisions. The better approach
is to separate access, indexing, live retrieval, readability, recommendation, and commerce

outcomes.



OpenAl's crawler documentation separates the user agents by purpose. OAl-SearchBot is for
search-related surfacing. GPTBot is associated with crawling that may be used for improving
generative Al foundation models. ChatGPT-User is used for certain user actions in ChatGPT and
Custom GPTs; it is not used for automatic web crawling. That distinction is not a minor
implementation detail. It changes how growth, SEO, GEO, analytics, merchandising, and

engineering teams should read their logs.

For ecommerce, the commercial interpretation is simple. OAl-SearchBot is primarily an Al search
visibility and crawl access signal. GPTBot is a model-crawling and governance signal. ChatGPT-
User is the signal closest to live user-triggered retrieval. None of them, by itself, proves a
recommendation, a referral, or an order. The value comes from connecting the signals to product
coverage, corpus unit efficiency, Al readability, structured product context, answer inclusion,

and downstream revenue.

DeepLumen's position is that bot classification is the beginning of Al commerce intelligence, not
the end. Logs show that an Al system reached the site. They do not show what the Al
understood. To turn access into recommendation readiness, ecommerce brands need cleaner
product context, fewer noisy corpus units, automatic structured markup, and a machine-

readable layer that lets Al systems retrieve and compare product facts with lower ambiguity.

The Core Thesis

The central thesis of this white paper is that Al traffic should be classified by business meaning,
not by novelty. A request from an Al-related user agent is not automatically a new customer, a
recommendation event, or a proof of demand. It is evidence that a particular Al system, with a
particular purpose, touched a page at a particular moment. The ecommerce team has to ask

what that touch represents.

The old analytics instinct is to create a single segment called "Al traffic." That segment is
emotionally satisfying because it makes a new channel visible. But it is analytically weak. It
combines background crawling, search crawling, user-triggered retrieval, automated agent
actions, referral sessions, and sometimes unrelated bot traffic. When those signals are mixed,

the resulting number is too vague to guide action.



A better model treats Al traffic as a layered funnel. At the top is access: can the right Al systems
reach important pages? Next is retrieval: are live Al workflows checking products, policies,
reviews, collections, or buying guides? Next is readability: can the Al understand what it
retrieved without spending too much context on noise? Next is recommendation: does the Al
actually include the product in answers for relevant prompts? Finally there is commerce: does
the Al-mediated journey produce visits, assisted conversions, checkout events, or attributable

revenue?

ChatGPT-User, OAlI-SearchBot, and GPTBot sit in different parts of that layered funnel. They are
not competitors. They are not interchangeable. They are three distinct signals that answer three
different questions. The practical work is to map each signal to the question it can answer and

avoid using it for questions it cannot answer.

If you put all Al user agents into one bucket, you lose the business meaning of the

traffic. The goal is not to count Al visits. The goal is to understand which Al interaction

happened and whether the page was ready for it.

Definitions: Three User Agents, Three Meanings

Before building a measurement model, ecommerce teams need a shared vocabulary. Most
reporting problems in Al visibility begin with language drift. Teams say "ChatGPT traffic" when
they mean a referral visit. They say "Al crawler" when they mean GPTBot. They say "ChatGPT
searched us" when they actually saw OAl-SearchBot. They say "a customer used Al" when the

only evidence is background crawling. The definitions below are the baseline for cleaner

reporting.
User Primary meaning Ecommerce interpretation What it does not prove
agent
ChatGPT- User-triggered action in A live Al workflow may be It does not prove the

User ChatGPT or Custom retrieving a product, policy, product was



User Primary meaning
agent
GPTs.
OAI- OpenAl search crawler
SearchBot for surfacing websites
in ChatGPT search
features.
GPTBot Crawler associated with

OpenAl model
improvement and
related uses.

Ecommerce interpretation

category, review, or source
page.

The page may be accessible
for Al search visibility and
answer surfacing.

A governance and
background crawl signal
that should be separated
from shopping demand.

What it does not prove

recommended, clicked, or
purchased.

It does not prove live buyer
intent or a user prompt.

It does not prove product
discovery,
recommendation, or
referral demand.

These definitions are useful because each signal has a different next step. OAI-SearchBot

should trigger questions about crawl access, page coverage, important URLs, and search

eligibility. ChatGPT-User should trigger questions about live retrieval, prompt context, answer

inclusion, product fact clarity, and whether retrieved pages are Al-readable. GPTBot should

trigger questions about crawler policy, training-related governance, robots.txt settings, and

whether the team is over-counting background crawl volume as demand.

OpenAl also makes an important policy distinction: the robots.txt settings for OAl-SearchBot and

GPTBot are independent. A site can allow OAl-SearchBot to support appearance in search

results while disallowing GPTBot to indicate that content should not be used for training

generative Al foundation models. That independence lets ecommerce teams stop arguing about

whether to "allow Al" or "block Al" as a single decision. There are several types of Al access,

and each one deserves its own policy.



Why Traditional Ecommerce Analytics Breaks

Traditional ecommerce analytics assumes the user and the browser are tightly connected. A
person searches, clicks, lands, browses, and buys. Al-mediated shopping separates those
events. A person can ask ChatGPT a question, ChatGPT can retrieve a product page, the answer
can summarize the product, and the person can decide without clicking. Or the person may click
later from a different device. Or the assistant may retrieve pages from multiple merchants,

compare them, and only send traffic to one of them.

This changes the role of the server log. In the old world, server logs mostly supported
engineering, security, and attribution cleanup. In the Al shopping world, server logs become an
early signal of machine-mediated demand. But early does not mean complete. A log line can tell
you that a user agent reached a URL. It cannot tell you the user's full prompt, whether the page
was used in the answer, whether the answer was favorable, or whether the user converted

somewhere else.

The result is a measurement gap. Marketing teams want to know whether Al is driving revenue.
SEO teams want to know whether Al can crawl and cite content. Merchandising teams want to
know which products are being considered. Legal teams want to control training use.
Engineering teams want to manage bot load and verification. Those teams often look at the same
raw user-agent data and ask different questions. Without a shared model, the data becomes

noisy very quickly.

Practitioner discussions on LinkedIn reflect this confusion. People do not usually start with a
clean taxonomy. They ask why Al bots are hitting their servers, whether GPTBot should be
blocked, whether ChatGPT visits in logs are real users, whether Cloudflare bot controls are
suppressing useful traffic, and how to report Al referral sessions. In a June 10, 2026 LinkedIn
scan around phrases such as GPTBot robots.txt, lIms.txt GPTBot, OAlI-SearchBot, ChatGPT-User
user agent, and Al crawler traffic ecommerce, the useful signal was not a single viral post. It was
the repeated operator vocabulary: block, allow, label, verify, report, and attribute. Those are not
random questions. They are symptoms of the same underlying shift: ecommerce teams are
watching machine agents appear in the buyer journey before their analytics stack knows what to

call them.



The correct response is not to make the dashboard more dramatic. It is to make the dashboard
more precise. Al traffic should be split into signals that map to business questions. Crawl access
answers whether Al systems can reach the store. Retrieval answers whether a live Al workflow is
checking the store. Readability answers whether the retrieved page is understandable.
Recommendation answers whether the product was selected. Commerce answers whether the

Al-mediated path produced measurable business action.

The Six-Layer Al Traffic Signal Model

DeepLumen uses a six-layer model to keep Al traffic from becoming a vanity number. The layers
are not always sequential, and not every Al system will expose every layer. But the model gives

ecommerce teams a clean way to separate what is known from what is inferred.

1. ACCESS 2. SEARCH CRAWL

Can the Al system reach important pages, Can Al search systems crawl and surface
catalog data, agent discovery files, policy the store in answer-oriented search

pages, and product URLs? features?

3. LIVE RETRIEVAL 4. READABILITY

Does a user-triggered Al workflow retrieve Can the Al understand the retrieved content
product or policy pages during a live with low ambiguity and low corpus unit cost?

conversation?

5. RECOMMENDATION 6. COMMERCE
Does the product appear in the Al answer for Does the Al-mediated path produce referral
relevant shopping prompts with the right traffic, assisted conversions, checkout

framing? events, or orders?



OAIl-SearchBot mostly belongs in the access and search crawl layers. ChatGPT-User mostly
belongs in the live retrieval layer. GPTBot belongs in the governance and background crawling
layer, which may support broad model improvement but should not be treated as live shopping
intent. Al referral sessions and orders sit further downstream. Corpus unit analysis and
structured markup sit between retrieval and recommendation because they determine how

efficiently the Al can interpret what it reached.

This model also helps teams avoid false negatives. A product can receive little visible referral
traffic but still be repeatedly retrieved by ChatGPT-User. That means the product may be
entering Al decision workflows even if the human click has not materialized. Conversely, a site
can receive large volumes of GPTBot traffic without meaningful live shopping activity. Both

patterns are important, but they imply different actions.

OAI-SearchBot: Search Visibility, Not Live Demand

OAl-SearchBot is the clearest signal for OpenAl search crawl access. OpenAl describes it as a
crawler used to surface websites in search results in ChatGPT's search features. For ecommerce
teams, that makes it relevant to Al search visibility and open-web discoverability. If OAI-
SearchBot cannot access a page, that page may be less likely to appear as a source in search-

related ChatGPT answers.

But OAI-SearchBot should not be read as a shopper signal. It is closer to indexing than intent. If it
crawls a collection page, the correct interpretation is not "a customer asked about this
category." The safer interpretation is "OpenAl search systems may be able to reach this

category." That is useful, but it is only one layer of the journey.

For ecommerce reporting, OAl-SearchBot should be measured by page type and product
priority. Which product pages are reached? Which collections are reached? Which buyer guides
are reached? Which policy pages are reached? Are important SKUs missing? Are canonical URLs
clean? Are important pages blocked, hidden, password-protected, or buried behind client-side

rendering? These questions connect crawl access to commercial coverage.



The next question is whether the crawled page is useful after access. A crawlable product page
can still be weak for Al recommendation if it contains vague copy, thin attributes, duplicated app
widgets, noisy scripts, disconnected reviews, or missing policy context. OAl-SearchBot shows

that the door can open. It does not show whether the room is organized.

ChatGPT-User: The Signal Closest to Live Retrieval

ChatGPT-User is commercially interesting because it can appear when a user action in ChatGPT
or a Custom GPT causes a page visit. In other words, it can be closer to the moment when a
person is asking an Al assistant for help. For ecommerce, that might mean comparing products,
checking whether a product fits a constraint, verifying shipping details, reading a return policy,

or gathering evidence for a recommendation.

This signal deserves special handling. It should not be buried inside generic bot traffic. A
ChatGPT-User visit to a product page is different from a crawler sweep. It may indicate that a live
Al workflow needed that page. The page may have been used, ignored, summarized, cited,
compared, or discarded. The log line cannot tell you which. But it tells you the page entered a

live retrieval path, and that is valuable.

The operational question after ChatGPT-User activity is not simply "how many visits did we get?"
It is "which product facts did ChatGPT likely need from this page, and were those facts easy to
extract?" If the retrieved page is a product page, the relevant facts may include price, availability,
variants, materials, dimensions, compatibility, use cases, reviews, return policy, shipping speed,
warranty, and certifications. If the retrieved page is a policy page, the relevant facts may be

return window, exclusions, international shipping, warranty claims, or payment options.

ChatGPT-User should also be connected to prompt testing. If a product page receives repeated
ChatGPT-User retrieval, test the likely prompts that could lead to it. Does the product appear in
answers? Is the framing accurate? Does the assistant mention the right attributes? Does it cite
the store, a reseller, a review page, or a competitor? Does it hallucinate stale pricing or

availability? This is where retrieval turns into recommendation quality work.



GPTBot: Governance Signal, Not Shopping Intent

GPTBot often appears in Al crawler dashboards because it is easy to spot in logs. But it is
dangerous to over-read. OpenAl describes GPTBot as a crawler used to make generative Al
foundation models more useful and safe, and says it is used to crawl content that may be used in
training those models. That places GPTBot in a different category from ChatGPT-User and OAI-
SearchBot.

For ecommerce demand analysis, GPTBot is not a live shopping-intent signal. A spike in GPTBot
traffic does not mean shoppers are asking for your products. It does not mean your products
were recommended. It does not mean an assistant checked a price in response to a buyer

prompt. It means a background crawler may be accessing content for a different use case.

That does not make GPTBot irrelevant. It matters for crawler governance, data policy, legal
review, server load, and training-use preferences. A brand may decide to allow GPTBot, block
GPTBot, or monitor GPTBot differently by page type. But that decision belongs in a governance

layer, not in an Al revenue dashboard.

The most common mistake is to combine GPTBot volume with ChatGPT-User visits and call the
total "Al demand." That produces a flattering number and a weak insight. Growth teams may
celebrate a traffic spike that has little connection to real buyers. Engineering teams may block a
user agent without understanding the business implication. Legal teams may set a broad policy
that accidentally suppresses useful search visibility. Separating GPTBot prevents these

misreads.

Robots.txt, Network Controls, and Governance

Robots.txt has become newly important because Al systems have made automated access
commercially visible again. But robots.txt is not a complete Al visibility strategy. It is an advisory
access layer. It helps well-behaved crawlers understand what a site owner wants, but it does not
guarantee every system will behave the same way, and it does not solve product readability after

access.



OpenAl's crawler documentation is especially relevant because it separates OAl-SearchBot and
GPTBot. A merchant can allow OAI-SearchBot for search surfacing while disallowing GPTBot for
training-related use. That independence is important. It lets teams preserve search visibility

without treating all Al access as the same policy question.

Shopify adds another layer. Shopify Catalog can make eligible products discoverable by Al
channels, while Al crawlers may also access the store directly through the open web. Shopify
documentation notes that blocking Al crawlers at the robots.txt or network layer affects only
open-web discoverability and does not stop product data from being sent through activated
Shopify Catalog channels. This distinction matters because teams can accidentally assume

crawler policy controls all Al exposure when it only controls one part of the discovery system.

Network controls also deserve careful handling. CDN rules, bot filters, WAF policies, proxy
configurations, and rate limits can block useful Al access before robots.txt is even considered.
The darkly funny failure mode is a store that deploys aggressive bot protection to stop scraping,
then blocks the very Al assistant a potential customer is using to evaluate a purchase. The
solution is not to open everything. The solution is to classify, verify, monitor, and decide based

on user-agent purpose and page sensitivity.

The Shopily Context: Catalog, Agent Discovery, and
Open Web Crawling

Shopify merchants now need to think in multiple Al discovery layers. Shopify Catalog is a
product data route for agentic channels. Agent discovery files such as agents.md, lims.txt, and
lIms-full.txt give Al systems a way to understand store context, policies, sitemaps, and discovery
endpoints. Open-web crawling still matters because Al systems can find pages the same way
traditional search engines do. These layers complement one another, but they do not replace

one another.



Shopify states that products syndicated to Al channels through Shopify Catalog are listed with
product data such as title, description, options, images, price, availability, and other key
attributes structured in a way Al agents can parse and understand. That is a strong baseline.
Shopify also notes that the catalog is the authoritative product data feed to agentic channels and

that agent discovery files are separate from Shopify Catalog.

The strategic implication is that Shopify Al visibility is not a single switch. A product can be
eligible for Shopify Catalog, discoverable through open-web crawling, represented in agent
discovery files, and still underperform in Al recommendations if the product context is weak.
Conversely, a product page can receive OAl-SearchBot access but lack the structured attributes

and evidence required to be selected for a specific buyer prompt.

For Shopify teams, the reporting model should include at least five separate layers: Catalog
eligibility, agent discovery availability, open-web crawler access, user-triggered retrieval, and
recommendation readiness. DeepLumen's role sits especially in the last two layers: reducing
noisy corpus units, improving Al readability, and organizing product facts with automatic

structured markup so agents can retrieve and compare products more confidently.

Why Bot Access Is Not Al Readability

A log file can confirm access. It cannot confirm comprehension. That distinction is the heart of
Al-readable ecommerce. When an Al system retrieves a product page, it still has to parse the
page, filter noise, identify product facts, resolve ambiguity, compare facts against user

constraints, and decide whether the evidence is strong enough to include in an answer.

Traditional product pages are often designed for human persuasion, not machine interpretation.
They may use tabs, accordions, app widgets, JavaScript-rendered reviews, image-based
comparison charts, decorative copy, hidden variant data, duplicated metadata, and incomplete
schema. A human shopper can visually navigate the page. An Al agent may have to process

thousands of low-signal tokens to find a handful of commercial facts.



DeepLumen describes this as a corpus unit problem. A corpus unit is a discrete piece of text,
metadata, markup, table data, review snippet, product fact, policy statement, or retrieved context
that an Al system processes when trying to understand a page. Too many noisy corpus units
increase reading cost and ambiguity. The product may be technically visible, but expensive to

understand.

Al readability improves when the page exposes product identity, attributes, evidence, policies,
use cases, constraints, and purchase context in a compact, structured, and consistent way.
Automatic structured markup helps because it gives Al systems a clearer representation of the
product. Corpus unit reduction helps because it removes low-signal material and makes the
important facts easier to retrieve. Together, they turn bot access into a stronger recommendation

input.

The Measurement Architecture

A useful Al traffic dashboard should not begin with a total Al traffic number. It should begin with
questions. Can Al systems reach the site? Which systems reached which pages? Which visits
were search crawling, background crawling, live retrieval, or referrals? Which product categories
are touched most often? Which important products are missing? Which retrieved products
appear in prompt tests? Which Al answers lead to sessions, carts, or orders? The social
vocabulary around Al crawlers is useful here because it shows the raw questions operators are
already asking; the dashboard should translate those messy phrases into clean fields rather than

flattening them into one vanity metric.

Layer Primary signal Question answered Business owner
Access OAl-SearchBot coverage, Can Al search systems SEO /

robots status, allowed IPs reach priority pages? Engineering
Live retrieval ChatGPT-User by URL and Are live Al workflows GEO / Analytics

page type checking the store?



Layer Primary signal Question answered Business owner

Governance GPTBot and crawler policy What automated access Legal /
is allowed or blocked? Engineering
Readability Corpus unit count, structured Can Al understand the Merchandising /
markup, attribute product after retrieval? SEO

completeness

Recommendation Prompt tests, answer inclusion, Does the product appear Growth /
citation quality for relevant buyer Content
intents?
Commerce Al referrals, assisted revenue, Does Al visibility produce Revenue /
checkout events business action? Analytics

The dashboard should also include page-type segmentation. A ChatGPT-User visit to a return
policy means something different from a ChatGPT-User visit to a best-selling product. An OAI-
SearchBot crawl of the homepage is less useful than coverage across priority product URLSs.
GPTBot crawling old blog posts should not be interpreted the same way as OAl-SearchBot

reaching new category pages.

Product priority matters too. Al visibility for a long-tail blog page is useful, but ecommerce value
comes from connecting visibility to sellable products. The dashboard should show which priority
SKUs are reachable, retrieved, readable, recommended, and commercially active. That creates a

bridge from technical Al access to revenue operations.

The Al Traffic Intelligence Maturity Model

Most ecommerce teams will not move from zero Al visibility reporting to perfect attribution in
one step. The practical path is a maturity model. Each stage adds precision without pretending
that Al-mediated buying already behaves like traditional paid search attribution. The purpose of

the maturity model is to help teams know what kind of truth they are ready to claim.



The first stage is raw observation. The team notices GPTBot, OAI-SearchBot, ChatGPT-User,
PerplexityBot, ClaudeBot, Google-Extended, or other Al-related user agents in server logs. At
this stage, the only reliable claim is that automated or Al-mediated access is happening. It is too
early to claim demand, recommendation, or revenue. The right action is to classify the signals

and preserve enough log detail for later analysis.

The second stage is classification. User agents are separated by purpose, page type, status
code, method, canonical URL, country, device class, response time, and whether the request
reached useful content. This is where the team stops talking about one blob of "Al traffic" and
starts reporting OAI-SearchBot coverage, ChatGPT-User retrieval, GPTBot governance, and Al

referral sessions separately.

The third stage is coverage analysis. The team compares Al access against the commercial map
of the store. Which products matter most? Which categories drive margin? Which policy pages
affect conversion? Which buyer guides support category authority? Which bestsellers have zero
Al access? Which low-priority pages receive most of the bot volume? Coverage analysis turns

logs into merchandising questions.

The fourth stage is readability analysis. Once the team knows which pages Al systems can
reach, it asks whether those pages are efficient for Al to process. This is where corpus unit
count, structured markup, attribute completeness, entity clarity, and evidence mapping matter. A
page with strong human design can still be weak at this stage if important facts are buried in

screenshots, tabs, JavaScript-rendered widgets, or vague marketing language.

The fifth stage is recommendation validation. The team tests prompts that match real buyer
intents and compares Al answers against logs. If ChatGPT-User retrieves a product but the
product rarely appears in answers, the issue may be recommendation readiness. If OAI-
SearchBot crawls a page but answer engines cite competitor pages, the issue may be authority,
structured context, or category evidence. If the product appears but the answer frames it poorly,

the issue may be missing or ambiguous product facts.



The sixth stage is commercial attribution. This does not mean every Al answer becomes

perfectly attributable. It means the team connects Al referral sessions, assisted conversions,

coupon usage, direct traffic lift, product-page retrieval patterns, and checkout events into a

cautious revenue model. At this stage, the company can begin treating Al visibility as a

measurable commerce channel without pretending every machine interaction equals a sale.

Stage

Observation

Classification

Coverage

Readability

Validation

Attribution

Primary question

Are Al systems
touching the site?

Which Al system
touched which page?

Are priority products
and pages reached?

Can Al understand
the reached pages?

Do products appear in
Al answers?

Does Al visibility
affect commerce?

Acceptable claim

Al-related access exists.

Signals can be separated
by purpose.

Al systems can or cannot

reach commercial assets.

Product meaning is clear
or expensive to parse.

Prompt inclusion and
answer quality can be
tested.

Al activity can be
connected to revenue
indicators.

Risk if skipped

Ignoring early machine-
mediated demand signals.

Inflating demand with crawler
noise.

Optimizing pages that do not
affect revenue.

Confusing crawl access with
usable product context.

Assuming retrieval means
recommendation.

Over-promising or under-
reporting business impact.

Page Type Interpretation: Not Every URL Means the



Same Thing

Al traffic interpretation depends heavily on page type. A single ChatGPT-User visit to a shipping
policy page may indicate that a live user or GPT workflow needed to verify purchase conditions.
A ChatGPT-User visit to a product page may indicate active product evaluation. An OAl-

SearchBot crawl of a blog post may support category education. A GPTBot crawl of hundreds of

old articles may say more about background crawling than current demand.

Product pages are the most commercially direct. When Al systems retrieve product pages, the
team should inspect whether key facts are explicit: product name, brand, price, availability,
variants, materials, specifications, compatibility, dimensions, warranty, reviews, use cases,
limitations, and purchase conditions. Product pages are where corpus unit reduction usually has
the clearest commercial payoff because every ambiguity can affect recommendation

confidence.

Collection pages serve a different role. They help Al systems understand category structure,
product grouping, internal relevance, and the merchant's inventory breadth. A collection page is
often the bridge between broad shopper intent and specific product selection. If OAlI-SearchBot
reaches collection pages but not individual products, the store may have category-level visibility
without enough SKU-level coverage. If ChatGPT-User reaches a collection page, it may mean

the assistant is exploring a category before choosing a product.

Policy pages become more important in agentic commerce than many brands expect. Al
assistants do not only need product descriptions. They need to know whether a product can be
shipped to the user, returned if it fails, covered by warranty, paid for safely, or delivered within
the required time. A product can lose a recommendation because the assistant cannot verify
post-purchase conditions. ChatGPT-User visits to return, warranty, shipping, privacy, or payment

pages should be treated as part of purchase evaluation, not as random support-page traffic.

Review pages and testimonial sections provide evidence. If review content is rendered by
JavaScript widgets or hidden behind app containers, Al systems may struggle to use it. A page
can claim "best for electronics repair," but if the review evidence is not accessible and
structured, the model may prefer a competitor with clearer proof. For Al recommendation,

evidence is not decoration. It is part of the reasoning substrate.



Blog posts, glossary entries, and white papers help the model understand category language

and brand authority. They are not always direct conversion pages, but they can support answer

inclusion. A glossary page defining OAI-SearchBot may not sell a Shopify app in one click, but it

can make DeepLumen a more likely source when Al systems answer questions about Al traffic

classification. This is why content clusters matter for GEO: they create dense, internally linked

semantic coverage around emerging terms.

Page type

Product page

Collection
page

Policy page

Review content

Blog or white

paper

Glossary page

Al traffic meaning

Potential product evaluation.

Category exploration and
inventory mapping.

Purchase-condition verification.

Trust and proof evaluation.

Topic authority and entity
understanding.

Definition ownership and Al
citation support.

Readiness question

Are facts, variants, evidence, and constraints
explicit?

Does the page explain category structure and
product differences?

Can Al extract shipping, return, warranty, and
payment rules?

Are reviews accessible, attributable, and
connected to product claims?

Does the content define the market language
and link to commercial pages?

Does the term map cleanly to related entities,
FAQs, and product relevance?

The Data Requirements Behind AI-Readable



Ecommerce

Once a team separates the user agents, the next question is what data the Al system needs after
it reaches a page. This is where many ecommerce sites discover that they have plenty of content
but not enough machine-readable meaning. Product data exists in the admin, the theme, the
product description, the image gallery, the review app, the FAQ accordion, the shipping policy,

and the schema markup, but the pieces do not always agree or connect.

Al-readable ecommerce requires stable product identity. The model needs to know what the
product is, which brand owns it, which category it belongs to, which variants are available, and
which URL is authoritative. Duplicate product pages, inconsistent titles, unclear variant naming,
and thin canonical structure create uncertainty. Humans can often work around those issues. Al
systems may choose a cleaner competitor because uncertainty raises the cost of

recommendation.

It also requires attribute completeness. A product title may say "rotary tool kit," but the shopper
may ask for battery voltage, included accessories, compatible materials, weight, noise level,
safety features, warranty length, or whether it is suitable for beginners. If those attributes are
missing, the Al cannot confidently match the product to the prompt. If they are present only in an
image, the Al may miss them. If they are present in prose but not structured, the Al may extract

them inconsistently.

Evidence matters as much as attributes. Al systems are increasingly expected to justify
recommendations. A product should not only claim that it is durable, compact, hypoallergenic,
beginner-friendly, or professional-grade. It should provide evidence: reviews, specifications,
certifications, third-party mentions, warranty terms, comparison data, and clear policy support.

Evidence reduces recommendation risk.

Contextual fit is another requirement. A product may be objectively good but not relevant to the
specific buyer. The page should help Al systems understand who the product is for, who it is not
for, what use cases it supports, what constraints it satisfies, and where it sits relative to
alternatives. For many ecommerce categories, this is the difference between being included in a

catalog and being chosen in a recommendation.



Finally, actionability matters. Al systems need to know what happens next. Is the product in
stock? Can it ship to the user's market? Is the price current? Are there bundle options? Is
checkout available? Are returns easy? Are there constraints around batteries, cross-border
shipping, subscriptions, personalization, or regulated categories? Recommendation confidence

falls when the next step is unclear.

IDENTITY ATTRIBUTES

Brand, product name, canonical URL, Materials, size, compatibility, features,
category, variant structure, and authoritative specifications, options, price, and
source. availability.

EVIDENCE CONTEXT

Reviews, certifications, warranties, third- Use cases, buyer profiles, constraints,
party references, proof points, and policy exclusions, category fit, and comparison
support. logic.

ACTIONABILITY EFFICIENCY

Inventory, shipping, returns, checkout path, Low-noise corpus units, structured markup,
payment options, bundles, and service semantic HTML, and concise machine-
coverage. readable facts.

Category Examples: How the Same User Agent
Changes Meaning

The business meaning of ChatGPT-User, OAl-SearchBot, and GPTBot also depends on category.
Al-mediated shopping is not a single behavior. A beauty shopper may ask about ingredients and
skin type. A hardware shopper may ask about compatibility and torque. A furniture shopper may
ask about dimensions and delivery. A supplements shopper may ask about certifications and
safety. The user agent is the same, but the product facts needed for recommendation are
different.



In home and living, Al systems often need dimensions, materials, room fit, assembly
requirements, cleaning instructions, delivery details, and return constraints. A ChatGPT-User
visit to a sofa product page may indicate that the assistant is verifying whether the product fits a
user's space, budget, or style preference. If the page lacks structured dimensions, shipping lead

time, upholstery material, and return terms, retrieval may not become recommendation.

In tools and electronics, compatibility becomes central. A precision screwdriver kit needs bit
types, magnetic properties, supported device categories, case quality, material, warranty, and
included accessories. A rotary tool needs voltage, RPM range, attachments, battery inclusion,
safety features, and suitable materials. ChatGPT-User retrieval in this category should be

followed by prompt testing around tasks, not only product names.

In beauty and personal care, the key facts are ingredients, skin type, certifications, allergens,
usage instructions, regulatory claims, review evidence, and contraindications. An Al assistant
may avoid recommending a product if the page makes broad claims without specific ingredient
or suitability data. OAI-SearchBot coverage is useful, but recommendation readiness depends on

whether sensitive facts are explicit and trustworthy.

In fashion and apparel, Al needs size, fit, fabric, care instructions, model measurements, return
policy, color accuracy, occasion, seasonality, and inventory. A product page that looks beautiful
to humans can be weak for Al if fit guidance is hidden in images or if variants are ambiguous.
ChatGPT-User retrieval may indicate that the assistant is trying to answer a fit or occasion

question, not simply browsing.

In B2B or technical products, Al systems need documentation, integration requirements,
compliance statements, pricing model, support terms, and implementation constraints. A user
may ask an assistant to shortlist tools based on stack compatibility or procurement needs. Bot

access without structured technical context will not be enough.

These examples show why there is no universal "Al traffic optimization" checklist. The common
layer is classification and readability. The category layer is the specific evidence and attributes

required for an Al system to recommend the product safely. DeepLumen's corpus unit approach
is useful because it starts with the underlying representation problem, then adapts to category-

specific product meaning.



Prompt, Log, and Page Triangulation

The strongest Al visibility workflow triangulates three sources: logs, prompts, and pages. Logs
show what Al systems reached. Prompts show what Al systems answer. Pages show what
product context the Al had available. None of the three is sufficient alone. Together, they create

a practical operating loop.

Start with logs. Identify which user agents reached which pages. Segment by ChatGPT-User,
OAl-SearchBot, GPTBot, and other Al systems. Map those visits to product categories, page
types, and commercial priority. This creates a machine-access view of the store. It answers the

question: where did Al systems actually go?

Then test prompts. For any product or category with meaningful ChatGPT-User or OAI-
SearchBot activity, build prompts that match real buyer intent. Use constraint-rich prompts,
comparison prompts, policy-sensitive prompts, and alternative prompts. Do not only test the
brand name. Al shopping often begins before the user knows which brand to choose. Test "best
modular tool storage for a small workshop," not only "HOTO SNAPBLOQ." Test "queen organic

cotton mattress topper under $200," not only the product name.

Next inspect the page. If the product appears in answers, check whether the answer is accurate.
If the product does not appear, inspect whether the page provides the missing facts. If the
answer cites a competitor, compare the competitor's structured context. If the answer mentions
a wrong detail, look for ambiguity or stale data. If the assistant retrieves the page but does not
recommend the product, the problem may be evidence, attribute completeness, category fit, or

trust.

This triangulation prevents two common errors. The first is overreacting to logs without checking
answers. The second is prompt testing without understanding whether Al systems can actually
access the page. Logs and prompts must be connected. Page analysis explains the gap between

them.



Over time, this workflow produces an Al visibility backlog. Some tasks are access tasks, such as
fixing blocked URLs or missing product coverage. Some are readability tasks, such as reducing
noisy corpus units or adding structured markup. Some are content tasks, such as creating
category guides or glossary definitions. Some are merchandising tasks, such as clarifying
product use cases and comparison logic. The value of the model is that each task is tied to a

signal rather than a vague fear of being invisible to Al.

Reporting Cadence and Operating Rhythm

Al traffic intelligence should become a recurring operating rhythm, not a one-time audit. The
signals are too dynamic for a quarterly review, but too noisy for teams to react to every log spike.
The right cadence depends on store size, product update velocity, and how much Al-mediated
traffic already appears in logs. Social listening should sit inside that rhythm as an early-warning
layer: when operators begin asking the same crawler, robots, lims.txt, or referral-attribution
questions in public, those phrases often become the next search queries and the next support

tickets.

A weekly rhythm works well for most growing ecommerce teams. Each week, review OAI-

SearchBot coverage for priority products and categories, ChatGPT-User retrieval by page type,
GPTBot volume for governance awareness, Al referral sessions, and prompt-test outcomes for
the most commercially important categories. The purpose is not to produce a large report. The

purpose is to spot changes early and decide which pages deserve attention.

A monthly rhythm should connect Al visibility signals to content and merchandising decisions. If
a category receives Al crawler access but no prompt inclusion, the team may need stronger
category content, better product comparisons, or clearer structured markup. If a product
receives repeated ChatGPT-User retrieval, the team should audit that page's corpus units,
product facts, reviews, policy context, and prompt performance. If GPTBot is the only signal

increasing, the team should keep it in governance reporting rather than demand forecasting.



A quarterly rhythm should evaluate whether Al visibility is becoming a measurable sales channel.
This does not require perfect attribution. It requires a disciplined view of leading and lagging
indicators: Al crawler coverage, live retrieval, answer inclusion, Al referral sessions, assisted
revenue, and changes in direct or branded demand around Al-discovered products. The goal is

to understand whether the brand is moving from being accessible to being recommendable.

This operating rhythm also gives SEO, GEO, engineering, legal, and revenue teams a shared
language. SEO can own crawlability and content coverage. GEO can own prompt testing and
answer inclusion. Engineering can own bot verification, network controls, and structured data
deployment. Merchandising can own product facts and comparison evidence. Revenue teams
can own conversion and attribution. Without this rhythm, Al traffic becomes a curiosity. With it,

Al traffic becomes a management system.

From Retrieval to Recommendation Readiness

Recommendation readiness begins after access. It asks whether the product can be selected for
a specific buyer intent. This is a higher bar than crawlability. It requires product identity, attribute
clarity, use-case mapping, evidence, constraints, policy context, comparison logic, and

actionability. A page can be crawled and retrieved but still fail the recommendation moment.

Consider a shopper asking for "a compact precision screwdriver kit for electronics repair, under
$80, with magnetic bits and a durable case." The Al system needs to know which product is a
screwdriver kit, whether it is compact, whether it is designed for electronics repair, whether the
price fits, whether the bits are magnetic, whether the case is durable, whether reviews support
the claim, and whether shipping and returns are acceptable. If those facts are scattered across
images, tabs, vague copy, and app widgets, the product may lose to a competitor with cleaner

structured context.

That is why DeepLumen connects Al traffic signals to corpus unit reduction and automatic
structured markup. The point is not only to attract crawlers. The point is to make the product
easier for Al systems to understand once they arrive. When the page is compact, structured, and
evidence-rich, ChatGPT-User retrieval becomes more commercially meaningful because the Al

can extract the right facts with less ambiguity.



Recommendation readiness should be tested with prompts, not assumed from logs. If ChatGPT-

User retrieves a product, run buyer-intent prompts around that product and category. Check

whether the product appears, whether the answer is accurate, whether the product is compared

fairly, whether the assistant cites the right source, and whether the answer reflects current

availability and policy context. Logs show opportunity. Prompt tests show selection quality.

Operational Playbook by Signal Pattern

Classification becomes useful when it changes action. The table below maps common signal

patterns to the next layer of analysis. It avoids treating every Al bot event as a crisis or a win.

Signal pattern

OAl-SearchBot crawls
many category pages but
misses priority products.

ChatGPT-User repeatedly
visits a specific product

page.

GPTBot volume rises but
ChatGPT-User is absent.

OAIl-SearchBot and
ChatGPT-User both reach
the same category.

Al referral sessions appear
after ChatGPT-User
retrieval.

Likely meaning

Al search access exists, but
product coverage may be
weak.

Live Al workflows may be
checking that product.

Background crawling
increased without clear live
shopping retrieval.

The category may be
entering both Al search and
live retrieval workflows.

The journey may be moving
from retrieval to human click-
through.

Recommended next analysis

Review internal linking, canonical
URLs, product URL discoverability,
robots rules, and structured markup.

Run buyer-intent prompt tests, inspect
answer inclusion, and audit product
fact clarity.

Separate reporting and avoid treating
the spike as demand.

Prioritize corpus unit reduction,
attribute cleanup, evidence mapping,
and comparison content.

Analyze landing page behavior,
conversion rate, product fit, and
answer framing.



Signal pattern Likely meaning Recommended next analysis

Al crawlers are blocked by Network controls may be Verify user agents and IP ranges, then
CDN rules. suppressing useful Al access separate search, training, and user-
before robots.txt applies. triggered access policies.

Common Mistakes

Counting all Al user agents as one channel. This removes the difference between search
crawling, background crawling, and live user-triggered retrieval.

Calling OAI-SearchBot demand. OAl-SearchBot is valuable for search visibility, but it is not
proof that a shopper asked about the product.

Calling GPTBot revenue signal. GPTBot belongs in crawler governance and policy reporting, not
direct shopping-intent attribution.

Ignoring page type. A visit to a policy page, product page, collection page, blog post, and
glossary entry should be interpreted differently.

Stopping at access. A page that is reachable may still be too noisy or ambiguous for Al systems
to recommend confidently.

Forgetting Shopify's multiple layers. Shopify Catalog, agent discovery files, robots.txt, open-
web crawling, and product-page readability all answer different questions.

Skipping prompt validation. Server logs show retrieval opportunity; prompt testing shows
whether that opportunity becomes answer inclusion.



The DeepLumen View

DeepLumen treats Al user-agent logs as the first layer of visibility intelligence. They show
access, coverage, retrieval, and governance signals. But the deeper question is not simply which

bot visited. The deeper question is what the Al system could understand after it arrived.

This is where DeepLumen's product thesis becomes important. Many ecommerce sites are not
invisible because they lack products. They are invisible because their product meaning is

expensive for Al systems to process. Product identity, attributes, use cases, evidence, policies,
and buying context are often present, but scattered across human-first layouts, app fragments,

scripts, and marketing copy.

DeepLumen helps reduce noisy corpus units, improve Al readability, and apply automatic
structured markup. The goal is to make the product easier for Al systems to retrieve, compare,
trust, and recommend. That turns ChatGPT-User retrieval from a curiosity into a practical
optimization signal. It turns OAI-SearchBot coverage from a crawl metric into an input for Al
search readiness. It keeps GPTBot in the right governance lane instead of letting it inflate

demand reporting.

In this view, Al visibility is not a dashboard score. It is an operating system for machine-mediated
commerce. Logs show who came to the page. Corpus analysis shows how hard the page is to
read. Structured markup shows whether product facts are explicit. Prompt testing shows
whether the product is selected. Revenue data shows whether the Al-mediated path creates

business value.

Glossary

Al traffic intelligence is still an emerging operating language for ecommerce teams. These terms

define the semantic field around this white paper.



RETRIEVAL SIGNAL

ChatGPT-User

A user agent associated with certain user-
triggered actions in ChatGPT and Custom
GPTs.

For ecommerce teams, it is usually closer to live
retrieval than background crawling, but it does not
prove recommendation by itself.

GOVERNANCE SIGNAL

GPTBot

A crawler associated with crawling content
that may be used to improve generative Al
foundation models.

For ecommerce analytics, it should be separated
from live retrieval, referrals, and recommendation
reporting.

EFFICIENCY LAYER

Corpus unit

A discrete unit of content, metadata,
markup, table data, review text, product
fact, or retrieved context processed by an
Al system.

Reducing noisy corpus units lowers reading cost
and helps Al systems reach product meaning with
less ambiguity.

SEARCH SIGNAL

OAl-SearchBot

OpenAl's search crawler for surfacing
websites in ChatGPT search features.

It is primarily an Al search visibility and crawl
access signal, not a direct shopping-intent signal.

ANALYTICS LAYER

Al traffic logs

Server-side records that show which Al-
related user agents reached which URLs at
what time.

Logs show access and retrieval opportunity; they
do not show what an Al answer included or
whether a shopper converted.

READABILITY LAYER

Al-readable ecommerce

Ecommerce content organized so Al
systems can extract product facts, policies,
evidence, use cases, and purchase
constraints reliably.

A store can be beautifully designed for humans
while still being expensive or ambiguous for Al
systems to parse.



SELECTION LAYER

Recommendation readiness

The state in which an Al system can
retrieve, understand, compare, trust, and
select a product for a relevant shopper
intent.

This is the layer that separates being accessible to
Al from being chosen by Al.

INFRASTRUCTURE LAYER

Agentic Page

An Al-readable semantic layer that sits
beside the human storefront and exposes
structured commercial context to Al agents.

For DeepLumen, Agentic Page connects Al traffic
signals to corpus unit reduction and automatic
structured markup.

FAQ

Is ChatGPT-User the same as ChatGPT referral traffic? +
Should ecommerce teams block GPTBot? +
Does allowing OAlI-SearchBot guarantee Al recommendations? +
How should Shopify teams think about this? 4+
Where does DeepLumen fit? 4+
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