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This study explores a novel machine-learning approach for predicting
temporal liking (TL) curves for food pairings from temporal dominance of
sensations (TDS) profiles collected during consumption. TDS and TL are time-
series sensory evaluation methods: TDS captures real-time changes in dominant
sensory attributes such as taste and texture, while TL tracks moment-by-
moment liking ratings on a numerical scale. Together, they provide
complementary insights into how evolving sensory experiences relate to
consumer hedonic responses.

The author collected paired TDS and TL data from eight samples—two
crackers (plain and sesame crackers), two spreads (peanut butter and
strawberry jam), and their four binary combinations—yielding dynamic sensory
and liking curves for each condition. Because typical sensory evaluation
generates limited data, statistical resampling techniques such as bootstrap
resampling have been used to augment curve datasets and enable machine-
learning applications (by generating synthetic time-series samples that preserve
variability). A reservoir computing model, which is a type of recurrent neural
network designed for time-series prediction, was trained to estimate TL curves
given corresponding TDS profiles. Models with different reservoir sizes (e.g.,
64-256 neurons) and auxiliary input configurations (e.g., food type flags) were
evaluated. The best model, using minimal auxiliary inputs, achieved a root mean
squared error (RMSE) of ~0.46 on a 9-point liking scale, indicating relatively
good prediction accuracy.

These results suggest that reservoir computing has the potential to reduce
reliance on extensive sensory panels when estimating liking for multiple food
pairings, providing an efficient predictive tool for product development and
sensory science.



