Feature engineering in tinnitus research: .IR

data-driven definitions of oscillatory brain activity
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Do data-driven definitions of frequency bands differ from established ones?
What are the consequences for tinnitus-control classification performance?
Step 1: Unsupervised Machine Learning Step 2: Supervised Machine Learning
2 * group frequency bins (1 Hz - 80 Hz) to bands by covariance of power spectral * train binary tinnitus classifiers with
= density (PSD) across time using hierarchical (hard) and fuzzy c-means (soft) frequency band features derived from
0 clustering clustering versus from literature
= * evaluate cluster quantity and quality with method-specific metrics like * compare performance with ROC-AUC
silhouette score
N =562 (281/281 tinnitus/healthy controls)
Hierarchical clustering identified an optimum of four clusters ROC Curves
1.0 4 —— Established (k=5) (AUC = 0.589)
Frequency Bin Correlations Hierarchical Clustering Dendrogram - Datadriven {k=4) (AUC = 0.592)
¥ % 0.4 -
| e b Lol .
fﬁgﬁﬁ‘;ﬁm %mwmmmmﬂmgw
Clustering Evaluation Metrics - 0.0 0.9 0.4 0.6 0.8 10
—e— Silhouette Score False Positive Rate
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= * betaand gamma are grouped together established* versus data-driven™ frequency
5 00— band definitions achieved similarly weak
o pmerereeE discriminative performance
* Frequency band selection alone may not be
: : c ey sufficient to improve classification
!:uz.zy c-means clustering partially supports this finding and serformance in this data set
indicates overlap between frequency bands * results likely reflect low signal-to-noise ratio
~ of EEG data and inter-subject variability
lm“". I" ., clustering Evaluation Metrics *Data-driven frequency band selection: delta (0.5-2 Hz), theta (2.5-5.5 Hz), alpha
(6-13 Hz), beta+gamma (13.5-80 Hz)
. ’@\‘\/\\ Classification results are preliminary and subject to further validation.
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o * compare further frequency band definitions in classification "y ’
o e . : . eHealth workgroup
—=  Compare classification algorithms & refine hyperparameter tuning esklinik
= * repeatanalyses using brain connectivity measures instead of PSD Bezirksklinikum Regensburg
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