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This report concerns the validation of NeuroVision, a proprietary 
algorithm for predicting visual attention in images and videos, and 
especially for predicting consumer attention. 

The main aim of the current technical report and analysis is to:
● Explain the methods undertaken to develop the NeuroVision 

platform.
● Describe the two main prediction models: the AI model and 

the visual saliency model.
● Compare the predictions of NeuroVision to that of 

high-resolution eye-tracking.
● Describe the additional metrics provided by NeuroVision.
● Provide use cases for which NeuroVision has been 

developed.

This report is motivated by the desire to obtain and demonstrate 
both the accuracy, stability and versatility of NeuroVision as a tool 
for predicting visual attention.

INTRODUCTION NeuroVision
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One crucial component of marketing is to produce sufficient attention to one’s 
main asset, such as an ad in a medium, a packaging on the shelf, a feature of a 
phone app, or a checkout button on an e-commerce page. Without attention, 
customers will neither respond to or remember the brand or product.

The solution is most often to run studies to measure consumer attention. 
Here, eye-tracking studies are powerful and reliable methods. However, such 
methods require a minimum set of participants, a high turnaround time for 
results, and with a price tag that leaves many out. What is being tested with 
this method is next to final designs, instead of multiple iterations.

Furthermore, although there are online solutions for attention monitoring, 
such as webcam-based eye-tracking or mouse tracking, these methods are 
not sufficiently sensitive or reliable to provide valid insights to guide design 
decisions.

To abate this, Neurons Inc has worked since 2012 to use the latest knowledge 
from computational neuroscience and machine learning methods to create a 
tool that allows quick and reliable attention prediction at a low cost. Here, we 
will present our solutions, how they have been created and validated.

WHY ATTENTION PREDICTION? NeuroVision

Eye-Tracking

NeuroVision
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NeuroVision is based on the past decades of research on the human visual system, 
and the latest advances in machine learning. 

Today, the human visual system is by far the best understood system of the human 
brain. This understanding is today so advanced that it is possible to put certain parts 
of human vision onto a mathematical formula. 

Due to its mathematical nature, NeuroVision provides several benefits that 
outperforms traditional methods: 

● Fast: analysis results in seconds to minutes, instead of weeks to months.
● Scalable: 1 image or video or a thousand images is all the same to 

NeuroVision. 
● Reliable: scientifically validated to predict over 90% of eye-tracking results.
● Usability: works by uploading an image to a dedicated folder, results provided 

in minutes to hours. Works on all phones, tablets, and computers.
● Mobile: works on any mobile device and platform.
● Inexpensive: costs are a fraction of eye tracking and other traditional research 

methods.

BACKGROUND NeuroVision

NeuroVision

Eye-Tracking
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The machine learning model approach was based on two main 
parameters:

● A large database of properly labeled, quality eye-tracking 
recordings from over 12,000 participants on 
consumer-related items (e.g., print ads, commercials, web 
pages, e-commerce, products, packaging, retail, apps).

● A variety of machine learning models (N=30) trained and 
compared to produce the best possible model prediction.

The model was created by leveraging the latest versions of 
Google’s tensorflow framework in order to create a fully 
convolutional autoencoder. The architecture employed structural 
elements from ResNet50 and MSINet as well as LSTM modules in 
order to create a balanced probability map.

For each model training, one portion of the data were randomly 
selected for training, and a second portion for validation test. 

The next page describes the data that were used.

MODEL DEVELOPMENT NeuroVision

EYE-TRACKING DATABASE
With a database based on well over 

12.000 participants, Neurons holds one 
of the largest single databases of high 

quality eye-tracking data. This is a critical 
element in training machine learning 

models.

MACHINE LEARNING
The NeuroVision Attention AI solution has 

trained 30 different machine learning 
models, each models running for weeks 
to months. The winning model predicts 
eye-tracking with over 90% accuracy.



9

Each data set consisted of a number of XY coordinates and amplitude 
data from the eye-tracking heat map. The eye-tracking heat map 
represents the number of people and the time spent looking at each 
area of the screen. The color indicates the cumulative time of eye 
fixations to each region of an image or video, with warmer colors 
indicating more attention.

This 3-dimensional dataset (XY positioning and color coding per pixel) 
was fed into the machine learning model as the factor to predict. The 
raw image was used as the independent variables to which the model 
was to use to create predictions.

The training was based on a feedback model where the model 
estimate produced both Kullback-Leibler divergence (KLD) and Mean 
Square Error (MSE), and where progress during model iterations were 
measured up against both the KLD and MSE.

Testing was done on a completely separate data set (the 30% data) 
from what the model was trained on, basically meaning that the 
model was asked to make predictions on pictures that it was naive to.

DATA SET NeuroVision
Eye-Tracking

Model 26Model 15

Model accuracy was not only trained for sensitivity (hitting the right 
target) but also specificity (ignoring the wrong targets).

If Your Data Is Bad, 
Your Machine Learning Tools 
Are Useless

Thomas C. Redman

https://hbr.org/2018/04/if-your-data-is-bad-your-machine-learning-tools-are-useless
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We developed three main ways to evaluate how a model performed relative to 
eye-tracking data:

● Pixel-by-pixel comparison -- this is by far the toughest comparison, 
where we tested both the correlation (Spearman’s R, SR) and the error 
rate (standard error rate, SER) between the prediction and the 
eye-tracking data.

● Area of Interest analysis -- we then averaged the data within 
predefined relevant AOIs and then analyzed the aggregated values 
between the model prediction and the eye-tracking data, again using 
Spearman’s R and SER.

● Interpretation comparison -- We finally tested a group of people who 
were used to interpret eye-tracking data, on whether they would infer 
the same from the heat map. Participants were blinded to whether the 
heat map was from the model prediction or the original eye-tracking 
data. Here, we used intraclass correlation, which is standard for testing 
method validity and reliability.

Our focus was on using the hardest test, i.e., the pixel-by-pixel comparison, but 
the other measures would be a good testament to whether professionals will 
reach the same conclusions from the two types of heat maps.

MODEL PERFORMANCE NeuroVision
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When analyzing the accuracy for different models, we use 
SR and SER as dependent measures of accuracy. Here, we 
saw that models produced very different accuracy.

As seen in the figure, model 22 produced the best 
accuracy (high SR and low SER), while many other scores 
produced good scores. From this perspective, model 22 
was the best performing model.

Models such as model 20 produced a relatively low SR 
and a high SER, suggesting that the model was both 
generally less correlated with the eye-tracking heat map, 
and had more errors.

Based on this, we selected 3 models that performed 
optimally on SR and SER, and brought them further to the 
next validation steps.

MODEL PERFORMANCE, PIXEL LEVEL NeuroVision
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Another way to visualize the performance of the model 
performances was to plot the relative distribution of scores. The 
plots are shown from selected models on how they perform on 
SR and SER scores.

As can be seen, SR scores show a non-parametric distribution 
with a skew toward higher values. This is why we opted for using 
SR as a metric instead of parametrically based methods such as 
Pearson’s R. 

Model 28 clearly shows a high weight towards higher correlation 
values. This demonstrates that this model in general tends to 
perform well over 80% accuracy for the majority of images. For 
models such as model 15, the main mass and peak of the 
distribution shows an overall lower performance.

For the analysis of error rates (SER) we see that model 28 shows 
a low and narrow peak, suggesting that the overall chances for 
errors are very low with this model. For other models, such as 
model 15, the peak is on a higher error rate, suggesting an 
overall less accurate model.

MODEL PERFORMANCE, PIXEL LEVEL NeuroVision
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Our next step was to draw multiple AOIs 
per picture and compare the aggregated 
values within each AOI in a pairwise 
manner. 

Here, we find a highly positive correlation 
between the selected model prediction 
and the eye-tracking values (Spearman’s 
Rho = 0.606, p<0.0001).

A further subdivision between different 
AOIs show that all AOI types have this 
positive relationship, although some are 
performing better than others.

Together, these first AOI results show 
that we will get very much the same 
results from using eye-tracking and 
NeuroVision AOI analyses.

MODEL PERFORMANCE, AOI LEVEL NeuroVision
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A second type of AOI comparison was to 
look at whether using a cutoff would lead to 
reliable results. That is, if we decided 
whether attention within an AOI was a “hit” 
or a “miss” would we then get to the same 
conclusion?

First, we saw that the precision of the AOi 
analyses was highly skewed towards higher 
values, meaning that for most AOIs our 
precision would be very high, for both 
Spearman’s R and a linear regression R2 the 
median value was around 0.75.

We then set a conservative cutoff at 0.62 
for hit/miss, we find that the accuracy is 
0ver 92%. Together, this supports that our 
interpretation of NeuroVision AOI data will 
be the same as with eye-tracking data.

MODEL PERFORMANCE, AOI LEVEL (cont) NeuroVision

HIT MISS

Eye-tracking 40 577

NeuroVision 20 597
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The final stage of our analysis involved 
testing whether the new AI model would 
lead to the same interpretation as from 
eye-tracking data.

To test this, participants were asked to 
determine the level of attention to 
predefined regions using a 4-point scale 
(none, a little, moderate, high). The heat 
maps were visually identical, and 
participants were blinded to which type of 
heat map they looked at. All participants 
rated heat maps from both AI and 
eye-tracking for each picture, which was 
randomly presented across participants.

Our results show that interpretations from 
the AI model are virtually identical to the 
interpretations from eye-tracking heat 
maps.

These results clearly demonstrate that the 
new NeuroVision AI model is comparable to 
eye-tracking data.

MODEL PERFORMANCE, INTERPRETATION NeuroVision

Mean = -0.0045
Median = 0
Std = 1.058

When comparing interpretations to AI and ET-data, there is an 
over-representation of null differences (zero), and most differences 

are only a single nuance (e.g., “a little” instead of “moderate”)

There is a highly significant positive relationship between 
interpretations on AI and ET data. Using an ordinal logistic regression 

analysis, the results are highly significant ( p<0.0001). Data are 
jittered for better visualization.
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NeuroVision also encompasses a host of other features that can help in the design 
process, including: 

● COGNITIVE DEMAND – A score showing the amount of information that 
the viewer has to process in your image/video. When images are more 
complex they lead to more perceptual load and thereby more cognitive 
demand.

● CLARITY – An index of how large a portion of your image that draws 
attention. When images have many items that pull on customers’ 
attention, they are less likely to see any single part of the picture, and the 
picture is therefore less clear. Higher clarity scores are achieved when a 
single or very few narrow areas draw attention.

● COLOR LOAD AND BRIGHTNESS – This summarises the degree of 
redness, greenness and blueness + brightness there is in the image. There 
are no recommended levels here, but the values are interesting 
parameters if you are expecting that an ad should have a very particular 
colour profile. It also gives you a good way of tinkering with different 
colour profiles in your visual materials.

BEYOND THE HEAT MAP NeuroVision
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Eye-Tracking

NeuroVision

Eye-Tracking

NeuroVision

Eye-Tracking

NeuroVision

MODEL EVALUATION NeuroVision
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Eye-Tracking

NeuroVision

MODEL EVALUATION NeuroVision

Link to video

https://docs.google.com/file/d/11HdIDpuNufyQ58npXP1LL1lx3n02S85Q/preview
https://drive.google.com/open?id=1COhYrYg8VyNThn95nxuJXbg5L_7z_peJ
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Eye-Tracking

NeuroVision

MODEL EVALUATION NeuroVision

Link to video

https://docs.google.com/file/d/1yKcJC2HoDHFAo4pXl9ERv_Wb6tLLQZRg/preview
https://drive.google.com/open?id=1DpSUvUeU-AgDKiu35q_tUa7LLPmdIpq0
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Webcam Eye-Tracking NeuroVision

BETTER THAN WEBCAM EYE-TRACKING NeuroVision

Link to videoLink to video

https://docs.google.com/file/d/1EF16Podx6Ix-NZWNQ0_z5G5lffqoQXPq/preview
https://docs.google.com/file/d/1Z5_LBffAOlM-npC2zTj7GAx48CRPPbID/preview
https://drive.google.com/open?id=1_vDkZw9Z09H1lK8iDgPECWQUG4PxStzR
https://drive.google.com/open?id=1Wub4v-vzYpyJ37f31f8nG8xmLb9OOj_J
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