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Supplementary materials and results 



1. Supplementary Figures 1 

 2 

Supplementary Figure S1: Comparison of per-cluster liking for each sensory feature. Our 3 

clustering method achieves beƩer separaƟon of clusters in terms of sensory features, with 12 4 

features having significantly different liking per cluster (Kruskal-Wallis test, pvalue <0.05) 5 

compared to CoƩer et al. clusters which only idenƟfied 5 significantly different sensory 6 

preferences.  7 
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Supplementary Figure S2: Comparison of per-cluster liking for each coffee brew. CoƩer et al. 10 

clustering achieves beƩer separaƟon of clusters in terms of preferred brews, with 10 brews 11 

having significantly different liking per cluster (Kruskal-Wallis test, pvalue <0.05) compared to 12 

our clustering method which only idenƟfied 2 significantly different brews.  13 
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Supplementary Figure S3: Analysis of model performance with sequenƟally more arbitrary 15 

consumers removed from dataset. Each point is the average of 10 trials of randomly selected 16 

judges removed. Error bars are the standard deviaƟon of each set of 10 trials. Performance of 17 

models trained on each cluster are compared, as these were both trained on a subset of n=61 18 

and n=57 consumers, making for a fairer comparison than a model trained with all 118 19 

consumers.  20 
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Supplementary Figure S4: Per-cluster JAR feature liking. Although there are some differences between 29 
clusters for Acidity and Mouthfeel, in general per-cluster JAR liking was similar to the JAR liking of all 30 
judges, with significant differences in liking for too much vs too liƩle flavor intensity.  31 

 32 



 33 

Supplementary Figure S5: A. PCA scree plot for pre-clustering dimensionality reducƟon. B. SelecƟon of k 34 
by elbow method using 4 metrics: distorƟon score, silhoueƩe score, Calinski-Harabasz score, and BIC. 35 
Although not all metrics agreed with k=2, in general lower numbers of clusters had higher scores. 36 
AddiƟonally, selecƟng a k=2 makes our results more comparable with the results from CoƩer et al.  37 
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