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Who we are

AI visibility lab for data-driven brands
metaturbine.com

Daria, Co-founder, Marketing Lead 
8 years in marketing, including Publicis Groupe (Coca-Cola). Led teams for fintech scale-ups,
business tools, and apps. Founded a content marketing agency and an HR-tech startup.

Cyril, Co-founder, Data Science Lead 
10 years in applied data science and machine learning. Built scoring models for fintech
startups (Series A led by SBI) and predictive models (Burger King, McCann London, Century21).

Denis F., Fullstack Developer
4 years in AI-powered services, fintech, and end-to-end development across backend
and frontend.

Denis A., Fullstack Developer
6 years in development across enterprise, fintech, edtech, and multimedia projects.
Main stack: React.js and Node.js.

https://metaturbine.com/


State of the market

ChatGPT: 700M users/week (July 2025, Open AI)
Gemini app: 750M monthly active users (Feb 2026, Google)
Google AI Overviews: 2B users/mo (July 2025, Google)

Copilot: 100M MAU (October 2025, Microsoft)
Grok: 600 MAU across the X and Grok apps (January 2026, xAI)
Claude: not disclosed 
Perplexity: not disclosed 

→ People phrase queries differently in chatbots. 
→ Search systems work differently. 
→ The results are different too.

Chatbots vs. Google
ChatGPT                   Google
18B messages        96B searches per week

Estimation from 5T+ searches per year
December 2025, Google

July 2025, Open AI

https://cdn.openai.com/pdf/a253471f-8260-40c6-a2cc-aa93fe9f142e/economic-research-chatgpt-usage-paper.pdf
https://blog.google/company-news/inside-google/message-ceo/alphabet-earnings-q4-2025/
https://blog.google/company-news/inside-google/message-ceo/alphabet-earnings-q2-2025/
https://www.microsoft.com/investor/reports/ar25/index.html
https://x.ai/news/series-e
https://business.google.com/us/think/search-and-video/search-trends-marketing-takeaways
https://cdn.openai.com/pdf/a253471f-8260-40c6-a2cc-aa93fe9f142e/economic-research-chatgpt-usage-paper.pdf


What we know about how chatbots work 
(and what to do with that)



How models work

They rely on vector embeddings
Embeddings are numerical representations of concepts. They convert meaning into number sequences, which
helps computers understand relationships between concepts.

→ synonyms can behave almost like the same word.
→ concepts matter more than exact keywords.
→ semantic similarity is the key.



They use pre-trained knowledge + the web
The model may rewrite the prompt internally.

It uses pre-trained knowledge first.

It may turn to web search when:
the initial answer does not meet its reliability threshold,
the prompt requires fresher information,
personal or product settings enable search.

→ We do not know the exact weighting of each factor.
→ Semantic content similarity is likely one of the main drivers.

How models work



How models work

Answers differ across models 
Because models are trained differently, use different weights, and make different ranking decisions. 
→ Each chatbot requires its own optimization approach

Gemini

ChatGPT

Perplexity

1.91%
2.28%

13.7%

4.57%

How similar are chatbot sources?

Gemini ChatGPT Perplexity

8.4

5.4 5.3

How many brands do chatbots recommend on average?



How models work

Experiment: OpenAI vs. Gemini vs. SBERT
1,000 texts from different domains
OpenAI, Gemini, and SBERT embeddings
We measured how similarly they ranked texts.

Result: OpenAI and Gemini are similar, but not identical with semantic agreement ranging from ~71% to ~82%.



How models work

What we do not know
No one outside LLM developers knows exactly how users phrase their prompts.
Responses are also shaped by user context.
Hallucinations still occur.

What we do know
We can see chatbot traffic in Google Analytics.
We also hear from self-reported users who found us through LLMs.
And there is likely additional LLM-driven traffic that we cannot fully attribute.

What we can do about it
Track performance regularly across a broad enough set of prompts and topics.
Use mathematical methods to measure and predict as much as possible.



Tracking and first steps



Tracking & first steps

Define the tracking set
Build a test set
Check whether the brand appears at all.

If visibility is zero
The first thing to check is whether chatbot crawlers can technically access the site.
Once that is verified, review the results again.

Update the prompt set
Not every prompt is worth tracking. Choose the ones that:

matter for the business,
you want to be visible in,
have relatively low competition.

Other inputs: Google, Bing, SEO.

→ Build a solid tracking set of 50+ prompts



Platform Crawler Name (User-Agent) Purpose

OpenAI (ChatGPT) GPTBot, OAI-SearchBot, ChatGPT-User Model training, indexing, real-time content
fetching

Google Gemini Googlebot (standard crawling), Google-Extended (AI content use) Search indexing and Gemini AI features

Perplexity AI PerplexityBot, Perplexity-User AI search indexing and on-demand citation
fetching

Microsoft Copilot Bingbot Search + AI integration

Anthropic Claude anthropic-ai, ClaudeBot, claude-web AI model training and live answers

Tracking & first steps

Check logs for crawlers



Tracking & first steps

Tracking set

Test report for Papaya Global



Tracking & first steps

Analyze each topic and prompt
Identify which competitors already appear in chatbot answers.
These are often not only the competitors the product team sees as direct competitors.

Then ask: what are they doing to show up there?

Look at the sources behind those answers:
media, Wikipedia, Reddit, LinkedIn, G2, review platforms, and company websites.

Also look at the formats: 
articles, category pages, comparison pages, or other types of content.



Tracking & first steps

Build a plan 
Based on what is realistically possible for your brand.

In many cases, this means:
→ strengthening media presence,
→ improving visibility on review platforms and social media,
→ updating existing content or adding new content to the site.



Tracking & first steps

Top competitors

Test report for Payhawk



Tracking & first steps

Top sources

Test report for Payhawk



How to create content for LLMs



How to create content

Simplified workflow
Start with a prompt.
Identify the key terms and concepts as the LLM interprets them.
Create an agent and provide context: company information, competitors, sources, and target keywords.
Ask it to generate a draft.
Validate it with a content validator.
Review the text.
Publish.
Monitor the result.

*SEO fundamentals still work:
 good page structure, overall site trust, a table of contents, FAQ sections, etc.



How to create content

Keyword extractor
metaturbine.com/tools/semantic-keyword-extractor

https://metaturbine.com/tools/semantic-keyword-extractor


How to create content

Content validator
metaturbine.com/tools/validator

https://metaturbine.com/tools/validator


How to create content for LLMs
(like a pro)



Case study

Case study
Client: Folio Wallet
Service Provider: Turbine

Timeframe:
- 10 weeks of optimization
- 3 weeks of stabilization

Primary Model Measured: ChatGPT

Key Metric: AI search visibility share

https://folio.id/
https://metaturbine.com/


Case study

Phase 1: Baseline & Testing 
Aug 5 – Sep 10

We ran initial tests across a wide range of prompts. It confirmed two things:
There was no accidental or residual visibility.
Any future movement would be attributable to the work done.

Result: 0% visibility. Folio did not appear in model outputs.



Case study

Phase 2: Setup & Prompt Strategy
Sep 11 – Sep 17

We started with two fundamentals:
Technical accesibility. Ensured the site was properly accessible for LLMs.
Prompt set discovery. We built and validated a prompt set that could be tracked consistently over time.

We deliberately looked for prompts at the intersection of:
Folio’s real product features
Topics valuable for the brand narrative
Areas where competitors appeared, but Folio didn’t (yet)

→ That intersection became the core prompt set we tracked going forward.

Result: The initial setup and technical fixes resulted in the first 18% of visibility share.



Case study

Phase 3: Core Optimization
Sep 18 – Nov 22

This was the main execution phase.
We focused on three core thematic clusters: security, general document storage, and new niche Folio wanted to
win: storing tickets and personal documents in one place

What we did:
Updated existing content (metadata, page structure, FAQ blocks)
Created new content to close clearly identified semantic gaps

Results: Week 1: 20% → Week 2: 37% → Week 3: 50% → Following month: stabilized at 43% visibility share



Case study



Case study

Phase 4: Stabilization check
Nov 25 – Dec 14

For three weeks, we made no changes at all.
We simply observed whether visibility would hold.

Result: it did. The gains were not short-term fluctuations.



What we did in practice

Initial assessment
At the start, Folio Wallet and the brands already
appearing in responses were located in different
semantic clusters. 

Existing brands occupied one cluster (blue), while
Folio sat in another (yellow). In this state, Folio had
a low probability of being shown as an answer.



What we did in practice

Content creation
We use standard content guidelines (structure,
relevance, length, etc.), but the most
important input is semantics as seen by the
model itself. 

Even in Turbine’s free reports, you can see a
preview of this approach: model answers are
annotated with semantic entities, showing how
the LLM interprets the text. 

The same logic can be explored using
Turbine’s semantic keyword extractor.

https://metaturbine.com/
https://metaturbine.com/tools/semantic-keyword-extractor


What we did in practice

Content evaluation
We built a heatmap: the brighter the color, the closer the text is to those already being surfaced for that
prompt (shown in the first five rows).



What we did in practice

Content evaluation
The final step was empirical validation: publishing
the content and monitoring AI visibility for the
same prompt. We observed that it was in fact cited
by the model, and Folio began appearing
consistently in the results.

We then verified this again using semantic
clustering. When this content was taken into
account, the model placed Folio in the same
cluster as the brands already visible for that
prompt (highlighted in pink).



Case study

Overall results
Folio moved from low visibility to a leading position, a clear narrative was established and reinforced.



Case study

Overall results
The Folio website became a primary citation source when models talk about the brand.



What can you do

Content development
→ All of this can be built with APIs, so it is possible to create a workflow like this in-house.
→ If you work with external vendors, check whether they actually use this kind of approach.
→ We build content development pipelines to automate it. If you want to test it, come talk to us about a pilot.

+ vector databases



Baltic Nordic SEO Summit

Key takeaways

It’s a new channel
AI visibility is measurable (to some extent)
Different models behave differently
Track first
Then create content
Create content using maths



metaturbine.com

Let’s stay in touch

                       AI Visibility Lab
Daria, Co-founder, Marketing Lead 
linkedin.com/daria-ofitserova

Cyril, Co-founder, Data Science Lead 
linkedin.com/cyril-kotrikov

https://www.linkedin.com/in/daria-ofitserova/
https://www.linkedin.com/in/cyril-kotrikov/
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