
Science & Validation
The science behind predictive creative intelligence
NeuroVision is built on one powerful scientific principle:

Human attention is not random.
Before people consciously judge a design, their brain has already started filtering the scene. 
In the first moments of viewing, attention is shaped by visual signals such as contrast, 
colour, spatial layout, faces, text, saliency, and visual hierarchy. These early attention 
patterns can be modelled, benchmarked, and compared with real eye-tracking data (Itti & 
Koch, 2001; Tatler et al., 2011; Bylinskii et al., 2019).



NeuroVision turns this science into a scalable creative intelligence system.

We help teams predict what people are likely to notice, what they may miss, how they may 
interpret the message, and what should be improved before launch.

metric cards

Critical early 
attention window 
where visual 
hierarchy starts to 
form1–2 

sec Early creative validation 
without waiting weeks for 

traditional research

Minutes
1–2 sec The critical early attention window where visual hierarchy starts to form.

Millions Gaze points and fixation signals used to inform predictive attention modelling.

Up to ~ 95% Benchmark similarity to real eye-tracking patterns under selected validation 
conditions.

Minutes Early creative validation without waiting weeks for traditional research.

Benchmark similarity to real eye-tracking 
patterns under validation conditions

~95%

MILLIONS
Gaze points and fixation signals 

used for predictive attention 
modelling



Predictive Visual 
Attention
From human gaze to scalable prediction
Eye-tracking research has shown that early gaze behaviour is not random. In the first 
moments of viewing, attention is partly driven by bottom-up visual features such as contrast, 
colour, saliency, spatial composition, object structure, faces, text, and visual hierarchy (Itti & 
Koch, 2001; Bruce & Tsotsos, 2009).



This is the scientific foundation behind predictive eye-tracking.



Large-scale research from MIT, Tübingen, and the wider saliency-modelling field has shown 
that computational models can predict human fixation patterns by learning from real gaze 
data. Deep learning models such as DeepGaze II and DeepGaze IIE have demonstrated 
strong benchmark performance on MIT/Tübingen saliency datasets, showing that human 
visual attention can be modelled as a measurable probability pattern — not as perfect 
individual certainty, but as statistically meaningful prediction (Kümmerer et al., 2016; 
Linardos et al., 2021).



NeuroVision brings this research into applied neuromarketing.



We use these scientific foundations to build and tune our own predictive attention system 
for business and creative applications. Instead of applying generic saliency maps, 
NeuroVision adapts predictive eye-tracking to real marketing materials — including ads, 
product visuals, landing pages, banners, brand assets, and campaign concepts — and 
strengthens the model through our own research data, validation studies, and 
neuromarketing-specific use cases.

The result is a fast, scalable attention layer that helps teams estimate whether the product, 
brand, headline, CTA, or key message is likely to be seen before media budget is spent.




Agentic Surveys
Audience interpretation at scale
Attention prediction shows what people may see in the first one to two seconds.

Agentic surveys help estimate what different audiences may think, feel, trust, or 
misunderstand.



Traditional surveys are powerful, but they are limited by recruitment, cost, speed, and 
sample availability. In many real-world research settings, the exact audience a brand wants 
to understand — by location, demographic profile, culture, purchasing context, or 
professional background — can be difficult, expensive, or sometimes practically impossible 
to recruit with precision.



NeuroVision adds a faster first-pass layer: 

structured agentic audience simulation.



These are not generic chatbots. They are controlled behavioural agents designed to 
approximate how different demographic, regional, and psychographic groups may respond 
to a creative stimulus. Each agent interprets the design through structured perception 
layers, allowing NeuroVision to detect clarity gaps, trust signals, emotional tone, brand fit, 
purchase relevance, and potential misunderstanding before launch.

In certain early-stage research contexts, agentic surveys may be more useful than 
traditional panels because they can model highly specific audience profiles consistently, 
repeatedly, and at scale — including segments that are normally difficult to recruit. This 
makes it possible to generate structured brand insight in minutes, compared with the days 
or weeks often required for conventional survey recruitment, fieldwork, and analysis.



This approach builds on emerging research in behavioural simulation and synthetic agents 
(Horton, 2023; Binz & Schulz, 2023; Park et al., 2024; Mei et al., 2024). NeuroVision is now 
extending this into a neuromarketing validation workflow with academic and industry 
partners, with research currently being prepared for submission (Kostrzewa & Molnár, 2026, 
manuscript in preparation).

The result is fast, 
repeatable audience 
interpretation before 
launch — especially 
for audience 
segments that are 
too slow, costly, or 
difficult to reach 
through traditional 
survey recruitment.



Validation Program
Proving the workflow from science to real-world usability
NeuroVision was built on validated scientific foundations: eye-tracking, visual saliency, 
predictive attention modelling, behavioural simulation, and applied cognitive science.



Now, together with academic and industry partners, we are working to validate the full 
NeuroVision workflow as one integrated system: predictive eye-tracking, agentic surveys, 
creative interpretation, and AI-assisted optimization for real-world business use.



Our goal is to help establish a new standard for applied neuromarketing software — fast 
enough for everyday creative teams, but grounded enough to be scientifically meaningful.

study 0 - Feasibility
Initial feasibility validation of this complex workflow has been completed and is being refined 
for industry-focused research communication.



Focus: commercial usefulness, quality of AI interpretation, predictive attention value, and 
workflow fit for creative teams.

study 1 - Eye-Tracking Benchmark
NeuroVision predictions are being benchmarked against existing eye-tracking datasets.



Initial benchmarking has reached approximately 95% similarity under selected benchmark 
conditions, and we are now working to further improve model performance, robustness, and 
applicability across real marketing materials.

main study - Eye-Tracking + Agentic Survey Validation
A new validation study is being prepared with academic and industry partners to evaluate the 
complete NeuroVision workflow, including predictive attention, agentic interpretation, cost 
savings, and industry applicability.



Current setup: controlled eye-tracking, independent online survey responses, well-known 
brand materials, and comparison between human feedback and NeuroVision’s agentic 
interpretation outputs.



Expected outcome: evidence that NeuroVision can significantly reduce the time and cost of 
early-stage creative testing while maintaining meaningful predictive and interpretive value.



Small label: 
Research in progress with academic and industry partners.



Our Scientific Position
Not a replacement for human research. A new layer before it.
NeuroVision is not designed to replace every eye-tracking study, survey, or human research 
project.



It is designed to bring a fast, scalable validation layer into everyday creative work — where 
traditional research is usually too slow, too expensive, or impossible to run for every design.



The platform helps teams understand:

What people are likely to notice 

What they may miss 

How they may interpret the message 

What should be improved before launch 



This gives creative teams a more objective way to evaluate design before spending time, 
tokens, budget, and media money behind it.
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