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1 Synopsis

Brain-Computer-Interfaces (BClIs) that decode aesthetic Interest could improve user
experience in digital spaces by personalizing aesthetic stimuli selection without requir-
ing explicit user feedback that might interrupt aesthetic experience. However, scientific
understanding of aesthetic experience remains lacking, while validated BCI methods
have not yet been applied to decode aesthetic Interest from EEG. We thus conducted
a study in which participants gazed at visual art in a virtual museum and graded their
Interest for each of them, while their EEG was being measured. Previous research
suggested that brain oscillations could be informative of aesthetic preference. There-
fore, we tested Filterbank Common Spatial Patterns feature extraction together with
shrinkage Linear Discriminant Analysis, in a 2-class aesthetic Interest classification
problem. We report promising aesthetic Interest decoding accuracies significantly and
substantially above chance level.

2 Background

Passive Brain-Computer-Interfaces (BCIs) allow implicit and real-time monitoring of
cognitive, affective and conative states in human users (Appriou & Lotte, 2021). Aes-
thetic experiences are complex constructs composed of such states, notably attentional,
affective and reward-related states (Schaeffer, 2015). Today, we humans are exposed
to an unprecedented amount of aesthetic stimuli, especially in digital spaces such as
social media. In such spaces, presentation of artworks, e.g. visual art or music, re-
lies on recommendation systems that require explicit user feedback. However, explicit
feedback necessitates cognitive effort that might lessen aesthetic experience.

Passive aesthetic preference decoding BClIs, on the other hand, could allow person-
alization of art presentation in digital spaces without interruption, and thus, improve
user experience (Welter, Bouneau, Lotte & Ward, 2023). Previous research on aes-
thetic preference decoding mostly focused on hedonic Liking (Welter & Lotte, 2024).
However, automated art presentation based solely on Likes can easily result in filter
bubbles of low aesthetic value (Yilma & Leiva, 2023). On the other hand, recommen-
dations based on epistemic affects such as Interest and Curiosity could offer a wider
range of aesthetic experiences to users (Kennett, Humphries & Chatterjee, 2023). In or-
der to contribute towards the development of BCI-based art recommender systems that



result in interesting aesthetic experiences, we investigated aesthetic Interest decoding
from Electroencephalography (EEG) data.

3 Methods

We collected EEG data from 13 healthy adults while they gazed at 120 high quality
digital reproductions of diverse visual artworks in a virtual museum. The experiment
consisted of 6 blocks of 20 artwork presentation and rating trials. At the start of each
trial, a blank screen was displayed for a randomly chosen interval between 0.5 and 0.8s.
After that, a fixation cross appeared for 5s, to washout potential emotions evoked by
previous artworks and to measure a stable baseline. Then, an artwork stimulus was pre-
sented for 10s. Finally, the participants reported their Interest evoked by artworks on a
scale from 0-100. These ratings served as ground truth for subsequent aesthetic Interest
classification. After each run, the participants could rest for a minute. Balanced Inter-
est/Disinterest classes were created by selecting the 45% highest and the 45% lowest
rated artworks respectively. This partitioning resulted in 55-58 trials/class. Thus, we
defined aesthetic Interest decoding as a 2-class supervised classification problem with
an estimated chance level (alpha=0.01) of 60.9% (Combrisson & Jerbi, 2015).

EEG data were recorded at 256 Hz using an ActiChamp amplifier (Brain Products,
Gilching, Germany) with 31 active electrodes on a standard 10-20 montage. Electrodes
were placed on on a broad scalp covering. The signal was grounded at Fpz and during
recording the reference was placed on Fz. During offline analysis, the data was re-
referenced to common average reference.

In order to decode aesthetic interest for visual art from the EEG signal, the fol-
lowing pipeline was used and validated with a 10-fold shuffled an stratified cross-
validation: First, we manually inspected the data to reject bad channels. Then, we
applied a 1-100Hz bandpass filter and a notch filter at 50 Hz to remove line noise. Af-
terwards, we created fixed epochs of 1s length and cleaned these epochs using a local
Autoreject (Jas et al., 2016). These pre-processed epochs were then given to an Ex-
tended Infomax Independent Component Analysis (Lee, Girolami & Sejnowski, 1999).
The resulting ICs were classified with ICLabel (Pion-Tonachini, Kreutz-Delgado &
Makeig, 2019). Then, non-artefactual components were used to reconstruct a clean
signal from the raw EEG. Then, trial epochs were extracted from 0.1-10s (t=0s being
the start of the artwork display) during stimulus presentation and baseline corrected
from -4s to -0.01s before stimulus appearance. We extracted discriminant features of
the EEG epochs for classification with Filterbank Common Spatial Patterns (FBCSP)
(Ang et al., 2012) A bank of 8 bandpass filters was used ( 1-4Hz, 4-8Hz, 8-13Hz,
13-16Hz, 16-20Hz, 20-30Hz, 30-50Hz, 50-70Hz). Note that we included frequencies
above 30Hz - often rejected due to artefacts - as previous studies have suggested their
link with aesthetic experience (Strijbosch et al., 2022). For each of these band-pass
filter, 6 CSP spatial filters were learned from the train set and applied on the test set
during each global cross-validation fold. During the computation of the spatial filters,
covariance matrices where estimated using Oracle Approximating Shrinkage Estimator
(Chen, Wiesel, Eldar & Hero 2010). After spatial filtering, log-transformed bandpower
features were extracted. For each cross-validation fold, optimal features were selected
using Recursive Feature Elimination (Guyon, Weston, Barnhill & Vapnik, 2002) with a
local 5-fold shuffled and stratified cross-validation (inner cross-validation) on the train-
ing set data of that fold (from the outer cross-validation). The selected features were
then fed into a shrinkage Linear Discriminant Analysis (SLDA) (Blankertz et al., 2011)



classifier and aesthetic Interest decoding performance was evaluated by computing the
mean test accuracy over global cross-validation folds for each subject.

4 Results

Mean Interest Decoding Performance

Accuracy in %

1 2 3 4 5 6 7 8 9 10 11 12 13
Subjects

Figure 1: Mean aesthetic Interest FBCSP-sLDA decoding accuracy for all subjects

The overall mean decoding performance was 75.9% =+ 9.4 (see Figure 1).

5 Discussion

EEG Aesthetic Interest decoding with FBCSP-sLDA worked quite well on average.
Performance was below chance for one subject only. It should be noted, however,
that ‘Interest’ is used with a range of different meanings (Pekrun, 2019) and thus,
participants might have understood the Interest rating task differently.

Despite the relatively high FBCSP-sLDA Interest classification performance, bridg-
ing the gap towards online aesthetic preference decoding, and thus automated art pre-
sentation BCIs, remains challenging. Many BClIs require training on balanced data
samples. Unfortunately, it is often uncertain whether an individual will find an artwork
interesting or not. Statistical artwork properties, such as symmetry or complexity, have
been correlated with subjective aesthetic ratings (Geller, Bartho, Thoemmes & Redies,
2022) and could be used to estimate aesthetic preference a priori. In conclusion, aes-
thetic Interest decoding BCIs seem feasible, but future work should investigate optimal
training data selection during online calibration.
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