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| have spent twenty years in marketing technology — at American Express, MetLife, and UBS before |
founded Alrecommend.ai — and in that time | have watched a lot of hard-won conventional wisdom
quietly expire. The most expensive expired belief | see right now is this: that a high star rating is the
same thing as a strong recommendation signal.

It used to be. In the ten-blue-links era, star ratings were a ranking factor and a click magnet. A 4.9 with
800 reviews outperformed a 4.2 with 60, and that was mostly the end of the story.

But the story changed. According to Alrecommend.ai's State of Al Search 2026 research, 37% of
consumers now begin a purchase or local-service search with an Al tool — ChatGPT, Gemini,
Perplexity, Google's Al Mode — rather than a traditional search bar. And 58—68% of those Al searches
end in zero clicks: the user gets a synthesized answer, often naming two or three specific businesses,
and never visits a results page at all.

That single shift rewrites the rules of reputation. When there are no ten blue links, there is no list of
stars to scan. There is a paragraph. And the businesses named in that paragraph were not chosen
because they had the highest average rating. They were chosen because their reviews said something
a language model could use.

How Al actually reads a review (it's not counting stars)

Start with what a large language model is physically doing when it answers "who's the best [X] near me
for [specific problem]."

It is not querying a star-rating database and sorting descending. It is retrieving text — reviews,
directory descriptions, articles, forum threads — and predicting the most relevant, well-supported
answer to the exact question asked. The star rating is a number attached to that text. The text is the

signal.



That distinction produces four things Al weighs far more heavily than your average rating:

1. Substance. A review that explains what happened — the problem, the process, the outcome —
gives the model something to reason with. "Love this place!!" gives it nothing. It's a positive sentiment
token with no supporting evidence, and modern models are trained to prefer claims backed by
specifics.

2. Specificity. "Dr. Patel diagnosed my plantar fasciitis in one visit after two other doctors missed it,
and the custom orthotics fixed it in six weeks" contains named entities, a condition, a timeframe, and
an outcome. When someone asks about heel pain, that review is a near-perfect semantic match. Your
fifty "great service!" reviews match nothing in particular.

3. Recency. The State of Al Search 2026 research is unambiguous that freshness matters to answer
engines: they favor sources that appear current. A wall of glowing reviews from 2021 reads, to a model
weighing recency, like a business whose evidence has gone stale. A steady drip of detailed recent
reviews reads like a business that is demonstrably good now.

4. Semantic match to the question. This is the one almost nobody optimizes for, and it's the most
important. Al recommendations are query-specific. The business that wins "best Italian restaurant for a
gluten-free anniversary dinner" is not necessarily the highest-rated Italian place — it's the one whose
reviews actually mention gluten-free menus, celebrating anniversaries, and attentive romantic service.
The stars are a tiebreaker at best. The language is the match.

Put those four together and you get the counterintuitive truth: a specific, recent, detailed four-star
review is worth more to Al than a generic five-star one. The four-star review with a story is
retrievable, quotable, and matchable. The five-star "amazing!!!" is statistical noise.

Why "love it!" reviews are near-useless for AEO

Here's the mechanism, stated plainly. When a model assembles an answer, it's essentially looking for
evidence it can stand behind. A review that says "best in town, highly recommend" offers no evidence
— it's an assertion. The model can't cite it for anything specific because it says nothing specific. It can't
use it to match a niche query because it contains no niche terms. It can't even use it to establish
recency of a particular capability, because it names no capability.

Multiply that by a few hundred and you have a business with a gorgeous star average and almost zero
usable reputation text. You've optimized the number and starved the language. In a ten-blue-links
world that was fine, because a human scanning results responds to "4.9  (812)." In an answer-engine
world, where 58-68% of searches never produce a list for a human to scan, that same profile is close
to invisible. The model has nothing to grab.



This is why businesses tell me, with genuine confusion, "we have better reviews than the competitor
the Al keeps recommending." Of course you do — by the old metric. By the metric that actually
governs whether you get named in the answer, you may be losing badly.

The action plan: engineering reviews that get you recommended

You cannot, and must not, write fake reviews or dictate what customers say. That's fraud, and models
are increasingly good at detecting the uniform, templated language it produces. What you can do is
systematically prompt real customers to describe their real experience in a way that produces
retrievable, matchable text. Here's the process | give every business.

1. Map the questions before you touch the reviews

Write down the actual questions a prospect would ask an Al to find you. Not keywords — questions.
"Best orthodontist for adult Invisalign in Austin." "Emergency HVAC repair that works weekends near
Cedar Park." "Family law attorney for a high-conflict custody case." These are your target queries.
Every review-generation effort should aim to produce language that semantically matches them.

2. Ask guestions that produce specifics, not stars

Replace "Please leave us a review!" with a prompt that pulls out substance. After a great outcome, ask:

"What problem were you trying to solve when you came to us?"

"What had you tried before that didn't work?"

"What was the result, and how long did it take?"

"Who did you work with, and what did they do specifically?"

Those four questions produce a review with a problem, a differentiator, an outcome, a timeframe, and a
named person. That is exactly the structure Al can retrieve and match. You're not writing the review —
you're giving the customer better questions so their honest answer is richer.

3. Engineer for entity and long-tail coverage

Across your review corpus, you want natural coverage of your named practitioners, your specific
services, the conditions or use-cases you serve, and your neighborhoods. Not stuffed — distributed. If
ten recent reviews naturally mention "gluten-free," you own that query. Prompt different customers

about different jobs-to-be-done so the aggregate text spans the full range of questions you want to win.

4. Make recency a system, not a sprint



A batch of forty reviews in one week, then silence, ages badly. A consistent four-to-eight detailed
reviews per month signals a business that is currently, verifiably good. Build review requests into your
normal completion workflow — post-appointment, post-delivery, post-resolution — so freshness is

automatic.

5. Respond to reviews with specifics of your own

Your responses are also indexed text, and they're a channel you fully control. A response that restates
the specifics — "So glad the custom orthotics resolved your plantar fasciitis so quickly, Maria" — adds
another clean, matchable, entity-rich sentence to your corpus. Generic "Thanks for the kind words!"
responses waste that surface entirely.

6. Spread the same substance across platforms

Al pulls reputation from many places — Google, industry directories, review sites, Reddit, your own
site's testimonials. The businesses that win are described consistently and specifically across all of
them, so whichever source the model retrieves, the story matches. Reputation is now an ecosystem,
not a single profile.

Common mistakes that are quietly costing you recommendations

Chasing star-count as the only KPI. Arising average with flat substance is a rising vanity metric.
Track the specificity and recency of your reviews, not just the number on the badge.

Templated review requests. "Rate us 1-5 and leave a comment" reliably produces "5 — great!" You
get the number and none of the language. Ask for the story.

Incentivizing volume over depth. Contests that reward a review reward the fastest, shortest,
emptiest ones. If you nudge at all, nudge toward detail.

Letting your best reviews go stale. Your incredible 2021 reviews are doing progressively less for you
every quarter. Freshness is a live signal, not a lifetime achievement.

Ignoring off-Google reputation. If the model's answer draws on a directory or forum where you're
thinly described, your Google stars won't save you. Own the language everywhere you're mentioned.

Treating responses as customer service only. Every reply is indexable, matchable text. Under-using
them forfeits free reputation surface.

What this is actually worth



| want to be careful here, because this space is full of inflated promises. But the pattern in our own
client data is consistent enough to state plainly. In Alrecommend.ai's State of Al Search 2026 research,
businesses that implemented a full Answer Engine Optimization program — reputation language
engineering included — saw 3.8x more citations in Al-generated answers and roughly 142% more Al-
referred leads within 90 days.

Those numbers aren't magic, and they aren't the product of gaming anything. They're what happens
when your reputation stops being a number a model ignores and becomes a body of evidence a model
can actually use. The businesses getting recommended by Al in 2026 didn't necessarily earn better
ratings than you. They made their reputation legible to the machine now doing the recommending.

Your stars got you this far. Your sentences will decide what happens next.

Key takeaways

(2 Al recommendations are driven by review substance, specificity, recency, and semantic match to the
guestion — not by your average star rating.

(2 With 37% of searches now starting with Al and 58—68% ending in zero clicks (State of Al Search 2026
research), there's often no list of stars for a human to scan — only a paragraph naming a few
businesses.

(2 A specific, recent, detailed four-star review outperforms a generic "love it!" five-star one, because the
model can retrieve, quote, and match it to a real query.

(2 Never fake reviews. Instead, ask customers better questions (problem, prior attempts, outcome,
timeframe, who helped) so their honest answers produce matchable text.

(2 Engineer entity and long-tail coverage across services, practitioners, and use-cases, and keep reviews
fresh with a steady monthly cadence rather than one-off bursts.

(2 Full AEO programs in Alrecommend.ai's research drove 3.8x more Al citations and ~142% more Al-
referred leads within 90 days.

Frequently asked questions

Does my star rating still matter at all for Al recommendations?

Yes, but as a supporting signal rather than the decisive one. A strong rating helps as a tiebreaker and as a trust
marker, but Al selects which businesses to name based on whether your review text specifically matches the
user's question, how recent that evidence is, and how much real substance it contains. A high average with



empty "great service!" reviews gives the model nothing to match, so it loses to a lower-rated competitor with
detailed, on-topic, recent reviews.

Isn't asking customers specific questions the same as manipulating reviews?

No — there's a bright line. Manipulation means writing fake reviews, dictating what customers must say, or
paying for positive ratings, all of which are fraudulent and increasingly detectable. Asking a genuine customer
better questions — what problem they solved, what they'd tried before, what the outcome was — simply helps
them describe their real experience more fully. The opinion and the facts are entirely theirs; you're only improving
the prompt.

How quickly can this change which businesses Al recommends?

Faster than traditional SEO, because answer engines weigh recency and re-retrieve current sources. In
Alrecommend.ai's State of Al Search 2026 research, businesses running a full Answer Engine Optimization
program saw 3.8x more Al citations and about 142% more Al-referred leads within 90 days. A steady cadence of
detailed, recent, query-matched reviews is one of the fastest-moving levers in that program.
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