A management tool for optimal digging out in red winemaking:
machine learning models to predict tannin and anthocyanin
concentrations
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The digging out point is critical for red winemaking
Grape composition and operational decisions are crucial for winemaking
and wine quality. Maceration is critical for red winemaking, since it affects
the extraction of tannins (T) and anthocyanins (A), which substantially
contribute to wine organoleptic characteristics. Maceration is considered
to start at grape reception and finish during digging out (Fig. 1). Given its
impact on T and A concentration, maceration length and therefore the
digging out point must be optimized to support winemaking.
Fig 3. Methodology for data analysis and modeling. Grape, operational and chemical data are taken from the corresponding database (Data Sources). Data are preprocessed, visualized and interpreted using descriptive and inferential statistical techniques and expert analysis to understand the behavior of each variable, identify
measurement errors and atypical data and generate process insights (Data Pre-processing, Visualization and Interpretation). Feature Selection (sensitivity analysis) then
is used to determine the importance of each variable using Recursive Feature Elimination. In parallel, Scenario Simulation is carried out to evaluate the predictive
potential of different combinations of variables and sampling points (defined by operational constraints) using Random Forest. Model Benchmark is then applied to
determine the best model, i.e. the model with the minimal RMSE for predicting T and A concentrations after digging out for the variables and scenarios previously
selected. Finally, Model Tuning & Validation is used to optimize the best model and test its performance against data from other CS winemaking processes.

Fig 1. Maceration process during winemaking. Maceration lasts while grape solids (seeds and
skins) are in contact with the liquid (must or wine). It finishes during digging out when the
solids are separated from the wine. The digging out process may finish together with
alcoholic fermentation or some days before, when the wine still has a sugar level above 2 g/L.

Generating models to predict tannin and anthocyanin concentrations after digging out:
Main Findings
Results from data pre-processing, visualization and interpretation are shown in Fig. 4. for all the 97 VCyT winemaking processes.
Results from feature selection are shown in Fig 5.
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Data collection, analysis & modeling
We generated a database with grape, chemical (for must and wine) and
operational information from 97 Cabernet Sauvignon winemaking
processes used in Viña Concha y Toro (VCyT) during the 2017, 2018 and
2019 harvest seasons. These processes include 7 wineries (named as A to F
wineries) and grapes from 5 different valleys along Chile. Grape data were
obtained at each winery after grape reception. Must or wine chemical data
were collected from different samples taken right after a determined step
during maceration (Fig 2a). Operational data were collected during the
winemaking process through the use of a VCyT fermentation sheet. Details
on the data variables are shown on Fig 2b.

(a)
Fig 4. Tannin (T, g/L) and anthocyanin (A) concentrations measured after digging out (Point IV) for 97 Cabernet Sauvignon (CS) winemaking processes. For T, 50% of
the data lies within the range of 0.55 – 1.0 g/L, with a mean of 0.82 g/L. For A, 50% of the data lies in the range of 400 – 600 mg/L, with a mean of 509.52 mg/L. These
data allows to characterize the main VCyT CS wines that are obtained at different wineries. Also they are used to train the machine models for prediction (output data).
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Fig 2. (a) Sampling points for must or wine chemical data collection. Point I comes right after
the destemming and crushing process and determines the moment to obtain must samples.
Point II, III and IV come after a key operation during maceration (within alcoholic
fermentation): inoculation & acidity/nitrogen correction, diammonium phosphate (DAP)
addition at density near to 1050 kg/m3 and digging out (fermenting must or wine samples).
(b) Data variables measured and collected for modelling. Chemical data variables of must
and wine samples were obtained by UV-VIS analysis at the Analytical Lab of CRI. Grape data
were obtained using routine equipment and methods implemented at each winery lab.

Data analysis and modeling were carried out using the method shown in
Fig. 3 to predict T and A concentrations at the end of maceration (after
digging out, Point IV). We tested and trained several machine learning
algorithms for modeling (e.g. PLS, SVM) using different data combinations
(grape, operational and chemical data from points I to III). Best models
are selected considering the minimum RMSE obtained through a K-fold
cross validation (model benchmark) based on the most important
variables and best scenarios (feature selection & scenario simulation).

Fig 5. Importance of each variable used as input for modeling. Box plots show the importance percentage of each variable used as input for modeling as a result of
Feature Selection. The percentages were obtained through a sensitivity analysis according to the variance generated in the output value. Green boxes represent most
important variables, while red boxes the less important ones. In (A), the variables used to test and train the models to predict total tannins concentration after digging
out are shown. In this case, most important variables are those related to color (OD420, OD280, OD520), DAP dose and anthocyanin concentration after destemming and
crushing (Point I). In (B), the variables used for predicting total anthocyanins concentration are shown. In this case, color variables and anthocyanin concentration after
Point III are the most important ones. However, other color variables (mainly OD420) and anthocyanin concentration after Point I and grape variables such as Brix have
also an interesting level of importance for prediction (yellow boxes).

Feature Selection and Scenario Simulation analyses show that T and A concentrations after digging out (at the end of maceration)
can be predicted using variables that can be obtained before starting alcoholic fermentation and using cost-efficient technology
(e.g. UV-VIS, already installed at VCyT wineries).

Preliminary conclusions
Predicting the T and A concentrations in red wines is possible by using machine learning methods. In this regard, the importance of
variables resulted to be consistent with what winemakers expected. However, we have to finish the analytical and modeling
process (Model Benchmarking and further steps) to determine best models and combinations of variables and scenarios.
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