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Abstract 
Traditional user interface optimization design mainly 
depends on the designer's manual adjustment, and it is 
a complex and inefficient process. In order to solve this 
problem, this paper presents a new method that 
combines eye movement and electroencephalography 
(EEG) to drive interactive genetic algorithm (IGA) and 
optimize user interface (UI) design solutions 
automatically. We apply this method to optimize the 
music player interface, and it proves that this method 
can evolve towards the user's preference and finally 
obtain the optimized design solution that meets the 
user's expectation. 
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Introduction 
Modular components are often used as basic design 
elements in the design of software or web pages. 
However, the components of the layout adjustment and 
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optimization require designers to spend a lot of time 
and effort. Usually, user interface design is a process of 
evaluating and adjusting through multiple iterations. 
The traditional user interface optimization needs 
designers continually adjust the component properties 
manually. The efficiency of this type of approach is low. 
Interactive genetic algorithm (IGA) is an intelligent 
computing method to solve the optimization problem 
with user’s feedback. It has been successfully applied in 
many fields in recent years. However, current systems 
based on the IGA require users to rate individuals 
timely, e.g., in each generation. This is a cumbersome 
operation, and will lead to users’ physical or mental 
fatigue resulting in lower accuracy and satisfaction.  

Eye tracking technology can record eye movement data 
to indicate individual's internal cognitive states. Existed 
research showed that eye movement data when people 
browse different regions of the picture could reflect 
people's preference for these regions [11]. Besides, 
measuring brain activity with electroencephalography 
(EEG) is mature enough to assess mental states. 
Combing with these existing methods, we can 
strengthen the understanding of user experience [1]. 
And eye tracking based interaction and brain-computer 
interaction, which is implicitly executed, can also 
overcome the shortcomings of users’ fatigue in IGA. 

In this paper, we present a novel method, which uses 
eye tracking and EEG data to collect users' preferences 
and model fitness functions on existing UI designs 
implicitly, and then drives the UI optimization process 
using IGA. Finally we validate the method in a music 
player UI design scenario. 

Related Work 
Evaluation function is important for optimizing UI 
design, and existing research work often focuses on 
how to model evaluation function appropriately. For 
example, Gajos et al. developed a prototype system, 
SUPPLE, which minimized the cost values to rebuild the 
UI layouts automatically [9]. Monmarche et al. 
developed a system that displayed web page style 
sheets and asked the users to manually select those 
that looked the best and those that best represented 
their preferences, and then the system followed these 
UI styles to make further optimizations accordingly [13]. 
Kitamura and Kanoh developed a system for designing 
the visual layout of posters [8]. Users were asked to 
explicitly rate each design solution, and then generated 
new posters whose layouts were similar to the highest 
rated ones. 

Psychologists have found that eye movement measures 
can produce good fitness functions for visually 
evolutionary algorithms [15]. Some studies have used 
implicit interaction schemes to obtain users’ subjective 
feedback, such as eye tracking based interactions. For 
example, Holmes and Zanker used an eye tracker to 
capture gaze fixations, and confirmed the reliability of 
such a measure of visual attention as representative of 
aesthetic preferences [16]. 

Since a few years, brain imaging such as 
electroencephalography (EEG) and functional near 
infrared spectroscopy (fNIRS) has been used in HCI to 
deepen the understanding of users, thanks notably to 
the spread of affordable and lightweight devices 
[14,12,4]. fNIRS has been studied to help users, for 
example, to evaluate user interfaces [10] or different 
data visualizations [3]. However, most of these works 



 

are driven by passive tasks or very basic interactions 
that are not ecological, especially when user interfaces 
and interactions are getting more complex. 

Inspired on above research, we propose a new method 
which combines with eye racking, EEG and IGA to 
optimize UI design. Furthermore, it is different from 
existed work at two main aspects: 1) record and 
analyze eye movement and EEG data simultaneously; 2) 
use IGA to drive user interface optimization design in 
implicit and natural interaction ways, such as by 
browsing. 

Eye tracking and EEG based UI optimization 
The overall working process of our method is described 
as follows. First, randomly generate several individuals 
according to the gene-coding mode and draw the 
corresponding design solutions on the screen. Then the 
user is asked to browse all the design solutions on the 
screen to search the preferred ones, while uses the eye 
tracker and Emotiv1 to record user’s eye movement 
data and EEG data during the user browsing process. 
When the user finishes browsing, analyzes the user's 
eye movement data and EEG data, determines the 
user's preference for each individual design solution 
and quantifies the individual's scores. Individual scores 
will be transformed into individual fitness values, and 
then IGA generates the next generation of individuals. 
Repeating the above process, until meet certain 
termination conditions, e.g., threshold of iteration times, 
and then present the final UI design optimization 
results. 

                                                   
1 https://www.emotiv.com/ 

Before displaying the individuals, a countdown clock is 
displayed in the center of the screen. On one hand, it 
can prompt the user to prepare for browsing; on the 
other hand, it can draw the user's visual attention on 
the center of the screen, so as to ensure that the user 
browsing is all from the center of the screen in each 
time. In addition, it avoids the traditional left-to-right 
reading habits that result in the upper-left corner of the 
screen taking precedence over other areas. After the 
countdown, UI individuals will be displayed on the 
screen, as shown in Figure 1. 

 
Figure 1: The layout design for users’ browsing 

The screen is divided into nine grids, and the other 
eight grids are used to show UI design individuals 
besides the middle area. The center does not display UI 
solutions, because after watching the countdown clock 
of the center, persistence of vision will probably attract 
more visual attention at the beginning of the browsing 
process, and this may have a "natural advantage" over 
other grids.  

To evaluate the UI design individuals and construct 
evaluation function (fitness function), we need to 



 

extract the features that reflect the user's subjective 
preferences. Here we use the following four features:  

(1) Engagement (e). We use EEG feature such as 
engagement to evaluate the user's preference for 
the interface [5] (higher means more preferred). 
We apply a Fast Fourier Transform to the raw EEG 
signals to extract the relevant frequency bands, 
e.g., α(7−11Hz), β(11−20Hz), and θ(4− 7Hz), 
averaged over each UI individuals, and use e= 
β/(α+θ) to calculate cognitive engagement, where 
e represents the engagement index for each UI 
individuals (in order to avoid users individual 
differences, normalize e for each user). The index 
reflects visual processing and sustained attention 
and is able to identify changes in attention related 
to external stimuli.  

(2) Fixation time (et) [2]. Fixation time is the sum of 
the fixation duration time for all the fixations that 
fall within the grid of the design individuals. 

(3) Fixation count (ec) [2]. Fixation count is the 
number of times that the user's fixations have 
moved into the grid of the design individuals from 
other grids. 

(4) Pupil diameter (ed) [6]. Pupil diameter is the 
arithmetic mean of all fixations that fall within the 
grid of the design individuals.  

Finally, we use S to indicate the fitness value of each UI 
individual, and calculate as follow: 

𝑆 = 𝑤!×𝑒 + 𝑤!×𝑒! + 𝑤!×𝑒! + 𝑤!×𝑒! 

Here 𝑤!, 𝑤!, 𝑤! and 𝑤! represent the weights of the 
engagement, fixation time, and fixation count and pupil 
diameter respectively. 

The IGA begins with initialization of the population and 
then proceeds by repeated operations of selection, 
crossover, mutation and replacement until a 
termination criterion is met [7]. The selection 
represents the survival of the fittest in IGA. The role of 
this operation is to preserve better individuals. 
Crossover and mutation are responsible for creation of 
new individuals. The replacement dictates which of the 
newly created individuals should be preserved in the 
subsequent population. As IGA proceeds through 
several generations, the population individuals are 
expected to continually improve. 

Pilot Study 
In order to assess the validity of the method, we build 
a prototype system and conducted a pilot study to 
optimize the UI design of music players. The interface 
design sketch is shown in Figure 2. We use eye 
movement and EEG data to optimize the properties of 
the music player's components, such as button location 
and sizes, label font, color and so on.  

 
Figure 2: Wireframe of the music player UI design 

The pilot study scenario is shown in Figure 3. A 
participant wore the eye tracker and Emotiv to record 
eye movement and EEG data respectively. The eye 
tracker’s working distance (between eyes and monitor 
screen) of is about 40 cm, and its accuracy is 0.9 



 

degrees of visual angle and the sampling frequency is 
30Hz. 

 
Figure 3: The scenario of the pilot study  

Figure 4 shows the example optimization process of 
user interface by our prototype system. As can be seen 
from the figure, the individuals of the generation 1 
were randomly generated and the style difference was 
relatively obvious. With the computing of the user's eye 
movements and EEG data features, more and more 
similar UI design solution individuals appeared, 
especially in generations 9 and 10, where the 
individuals on the screen were nearly all the same. This 
means that the IGA is converged, and the most UI 
solutions at this time are preferred by the user. 

 

Figure 4: Example of UI design solutions from generation 1 to 10 of IGA process

Conclusion 
We combined eye tracking and EEG data to infer users’ 
visual preference for UI designs, and then applied IGA 
for optimizing the design solutions. Our user pilot study 
validated that our method can help users optimize 

personalized UIs without explicit operations. It indicates 
that users can help UI designers in designing or 
customizing personal UIs in an implicit and natural 
interaction manner, just by browsing the screen, with 
high satisfaction and efficiency. 
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