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Background

• Wine quality assessment is an important aspect of wine research, 

particularly regarding consumer acceptance1,2

• Lack of standardization for sensory analysis

• Consumer incorporate extrinsic (price, presentation, visuals etc.) cues when evaluation hedonic 

quality

• Vivino: a unique perspective on wine quality

• Crowd sourced reviews using a 1-5 rating system 
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Methods: Samples
German white wine (n=89) 

Obtained from Badische Anillin 
& Soda Fabrik (BASF, 
Ludwigshafen, Germany)

Grape varieties
Riesling (34), Pinot Blanc (9), Pinot Gris 
(8), Chardonnay (6), Sylvaner (5), 
Sauvignon Blanc (5), Scheurebe (2), 
Bacchus (1), Cabernet Blanc (1), Elbling 
(1), Gewürztraminer (1), Muskateller 
(1), Goldmuskateller (1), Gutedel (1), 
Müller-Thurgau (1), Sauvignac (1), 
Traminer (1) and Cuvées (10)

Region
Pfalz (58), Rheinhessen (9), Mosel (6), 
Baden (5), Franken (3), Rheingau (3), 
Württemberg (2), Saar (1), Nahe (1) 
and Mittelrhein (1)

Vintage
2020 (42), 2021 (14), 2019 (13), 2017 
(9), 2018 (7), 2016 (3) and 2014 (1)



Methods: Data Collection
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DHS-GC-MS
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Mid-level data fusion

Model Development

• Merge data blocks

• Combined calibration matrix

• Auto scale prediction matrix

• Range from 3.1-4.2

• Perform variable selection

• RMSECV as selection criteria

• Contiguous block CV

• Build model!

X (89 x 163)

iPLS Variable selection

Y (63 x 1)

X (63 x 32)

Autoscale



PLS model
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A B

PLS model of 8 Latent variables

Scores coloured according to observed Vivino ratings

High

Low



Predicting Vivino ratings
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• Prediction range: 3.4 – 4.2 

• Corresponds with observations

• R 2 (CV) = 0.74

• Good correlation between chemistry 

and rating

• RSMECV = 0.09

• Lowest possible RMSE value 

considering contribution from ratings 

and model



Conclusion & Limitations

• A Partial Least Squares (PLS) model can predict Vivino quality ratings using 
32 chemical variables

• Chemical properties are correlated with consumer perceived quality ratings

Limitations

• Limited prediction range

• Include validation set

• Missing statistic information on extracted ratings

• Standard deviation and mean
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