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Abstract
The present study focuses on the problem of taste recognition of coffee by the means of
electrochemical imprints. Cyclic voltammetry facilities and machine learning (ML) techniques made it
possible to develop a combined method of discrimination of taste profile operating with such sensory
categories as sweetness, bitterness, acidity as well as overall quality. The electrochemical responses of
four different electrodes in nearly 200 different samples of coffee contributed to the essential databases
used for training ML-models via supervised algorithms. The best performance of ‘quality’ recognition
was achieved with the help of a copper and gold electrodes with weighted F1 score of 0.84 for Cu
(XGBClassifier) and 0.89 for Au (LogisticRegresssion). Meanwhile, nickel and carbon were the most
efficient in the recognition of ‘low’ and ‘middle’ acidity with weighted F1 scores of 0.87 for Ni
(GradientBoostingClassiffier) and 0.75 for C (LogisticRegression). Gas chromatography-mass
spectrometry (GC-MS) identified key volatiles, while Density functional theory (DFT)/docking simulations
confirmed effective binding of caffeine, acetic acid and furanmethanol with the electrode surface
supporting electrochemical fingerprints as taste proxies.

Introduction
Coffee is one of the most popular beverages in the world, cherished for its rich aroma, complex flavor,
stimulating effects as well as antioxidant properties and biological activity of its components [1–6].

Coffee can comprise more than 1,500 chemical substances, with approximately 850 being volatile and
700 soluble [7]. Moreover, such processes as ripening, fermentation, roasting, brewing and blending also
balance concentrations of different components creating an unrepeatable flavor of every cup of coffee
[8–14]. The taste of coffee ranges from delicate and fruity to bold and chocolatey. Each sensory profile
is built on six main attributes: sweetness, acidity, bitterness, body, aroma, and finish.

Chromatographic approaches combined with mass spectrometry (MS) or ultraviolet-visible spectroscopy
made it possible to identify substances contributing to the taste [15–18]. Various acids such as malic,
citric, tartaric, acetic, lactic, and phosphoric acid were found to be responsible for sourness of coffee
[19–21]. Substances producing sweetness are numerous carbohydrates and some amino acids such as
glycine [22, 23]. Alkaloids and polyphenolic compounds such as caffeine and chlorogenic acids,
respectively, as well as products of caramel pyrolysis after roasting stand for bitterness [24–26].

Up to the present moment, cup tasting produced by qualified personnel has remained a common
practice to discover coffee flavor and aroma and hence prescribe certain organoleptic characteristics to
a coffee beverage.

Digital approaches have been recently introduced into the analysis of sensory characteristics to avoid
subjectivity in appraisal of taste and quality [27–29]. Thus, machine learning combined with molecular
docking has demonstrated high efficiency in predicting the intensity of umami taste and bitterness [30–
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32]. In addition, the use of computer vision and machine learning methods made it possible to
distinguish white and pink wines [33].

Electronic noses and tongues have also gained popularity owing to rapidly growing opportunities for
artificial intelligence (AI). In general, they are non-specific electrochemical sensors utilizing signals from
electrochemical measurements and converting them into some sensory categories with the help of
pattern recognition instruments such as versatile machine learning models [21, 34–41]. The main
constraint of the AI-driven method is moderate accuracy and reproducibility caused by relatively small
datasets on the one hand, and lack of specific information used in the electrochemical responses, on the
other. Potentiometric sensors respond to charged ionic species, leaving uncharged molecules
completely undetected while voltammetric sensors utilize signals based on redox activity providing more
relevant structure to property dependent information.

In our previous research cyclic voltammetry signals from a multielectrode sensor were successfully
processed with ML tools to predict a series of antibiotics in milk [42].

The present research demonstrates an easy and prompt method to receive digital imprints of coffee
taste utilizing cyclic voltammetry as one of the simplest electrochemical methods and non-specific
electrodes to achieve an accuracy comparable to expert cupping. The results obtained in the study
present a new approach for digitizing such taste attributes of coffee as acidity, bitterness, sweetness,
and overall quality [43–46].

Experimental section and methods

Tasting method
196 samples of ground coffee were granted by the manufacturers TastyCoffee https://tastycoffee.ru/,
Rockets Coffee https://rockets.coffee/, Coffemania https://coffeemania.ru/, Akademia Coffee
https://akademiacoffee.com/, and The Whelder Catherine https://theweldercatherine.ru/. Roasting and
grinding characteristics of some samples are shown in Table 1. The full list of coffee varieties used in
the present work is shown in the repository at https://zenodo.org/records/20840464
(panelists_scores_EN.xlsx).

11 g of coffee were weighed (grind size — coarser than espresso, close to pour-over or aero press) to
prepare samples for tasting and measuring. Hot water with temperature of about 92 ºС was poured into
cups with coffee in a circular motion. A “cap” of coffee was to be formed on the surface. Coffee samples
were waiting for four minutes to brew. The water for brewing had a mineralization of Na+ 20–200, Ca2+

0–20, Mg2+ 0–5, SO4
2− 5-100, Cl− 5-100 and HCO3

− 30–450 mg/l. The water composition was controlled
using an Aquaphor filtration system to ensure reproducible extraction conditions. When the coffee was
brewed, a spoon was immersed in the cup at an angle of 70–80 degrees and with three or four
movements, the “cap” was moved to the far wall of the cup. The formation of a “cap” — a floating layer of
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coffee grounds — is a standard feature of the Specialty Coffee Association (SCA) cupping protocol. The
cap traps volatile aromatic compounds during steeping, enabling their evaluation during the “break” step.
The consistent formation of the cap across all samples confirmed reproducible brewing conditions for
both sensory assessment and electrochemical measurements.
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Table 1
Roasting and grinding description of coffees

№ Name Roasting type,
grinding type

№ Name Roasting type,
grinding type

1 Tasty coffee- Brazil
Eduardo Costa

Roasted for a
filter coffee
maker, roasted
fine grind

15 Tasty coffee- Costa
Rica San Jose

Espresso roast,
roasted fine grind

2 Tasty coffee - Gudji
Ethiopia

Espresso roast,
roasted fine grind

16 Tasty coffee- Brazil
Mogiana

Espresso roast,
roasted fine grind

3 Tasty coffee - Nutty
Blend

Coffee for dairy
drinks, roasted
fine grind

17 Tasty coffee- Brazil
Lagonya

Roasted for a
filter coffee
maker, roasted
fine grind

4 Tasty coffee - Fuity
Blend

Espresso roast,
roasted fine grind

18 Tasty coffee- Floral Espresso roast,
roasted fine grind

5 Tasty coffee-
Ethiopia Irgacheffe
Nat

Espresso roast,
roasted fine grind

19 Tasty coffee-
Colombia Lime
Santuario

Roasted for a
filter coffee
maker, roasted
fine grind

6 Tasty coffee-
Colombia Bogota

Espresso roast,
roasted fine grind

20 Tasty coffee- Bolivia
Mañana

Espresso roast,
roasted fine grind

7 Tasty coffee-
Ethiopia Oromia

Espresso roast,
roasted fine grind

21 Tasty coffee- Bolivia
Karanavi

Roasted for a
filter coffee
maker, roasted
fine grind

8 Tasty coffee -
Colombia Buenavista

Roasted for a
filter coffee
maker, roasted
fine grind

22 Tasty coffee- Berry Coffee for dairy
drinks, roasted
fine grind

9 Tasty coffee- China
Simao

Espresso roast,
roasted fine grind

23 Tasty coffee-
Colombia La
Experanza Rojo

Roasted for a
filter coffee
maker, roasted
fine grind

10 Tasty coffee- Brazil
Cerrado

Espresso roast,
roasted fine grind

24 Tasty coffee-
Colombia El Paraiso

Roasted for a
filter coffee
maker, roasted
fine grind

11 Tasty coffee-
Colombia Cherry
Santuario

Roasted for a
filter coffee
maker, roasted
fine grind

25 Tasty coffee- Candy Coffee for dairy
drinks, roasted
fine grind

12 Tasty coffee- Funky Espresso roast,
roasted fine grind

26 Coffemania.ru- Peru
La Chirimoya

Medium-roasted
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№ Name Roasting type,
grinding type

№ Name Roasting type,
grinding type

13 Coffemania.ru-
Espresso

Medium-roasted 27 Rockets coffee-
Brazil, Uganda
Robusta

Espresso

14 Welder Catherine-
Ethiopia Lalisa

Espresso roast 28 Rockets coffee-
Bolivia Java Los
Rodrigiez

Filter

№ Name Roasting type,
grinding type

№ Name Roasting type,
grinding type

29 Welder Catherine-
Colombia Rafael Aya

Roasted for a
filter coffee
maker

43 Rockets coffee- Peru,
Brazil, Uganda
Robusta

Espresso

30 Welder Catherine-
Kenya Rungeto G

Espresso roast 44 Rockets coffee-
Kenya Chorongi AA

Filter

31 Welder Catherine-
Java golden

Roasted for a
filter coffee
maker

45 Welder Catherine-
Ethiopia Sakacha

Roasted for a
filter coffee
maker

32 Welder Catherine-
Brazil Benicio

Roasted for a
filter coffee
maker

46 Welder Catherine-
Peru Keromarca

Roasted for a
filter coffee
maker

33 Welder Catherine -
Costa Rica La Lupa

Roasted for a
filter coffee
maker

47 Welder Catherine-
Brazil Jaguar
Peaberry

Espresso roast

34 Welder Catherine -
Costa Rica Juanra
Montero

Roasted for a
filter coffee
maker

48 Coffemania.ru-
Ethiopia Raro

Medium-roasted

35 Welder Catherine-
Brazil Jaguar
Peaberry

Coffee for dairy
drinks

49 Coffemania.ru-
Bolivia Trapiche

Medium-roasted

36 Welder Catherine-
Indonesia Java,
washed

Roasted for a
filter coffee
maker

50 Rockets coffee-
Colombia El indio

Filter

37 Welder Catherine-
Kenya Tiririka
Ndundu AA

Roasted for a
filter coffee
maker

51 Rockets coffee-
Ethiopia Arbegona

Filter/ Espresso

38 Welder Catherine-
Guatemala Pablo
Godinez

Roasted for a
filter coffee
maker

52 Rockets coffee-
Honduras Joel
Vasguez

Filter

39 Rockets coffee-
Ethiopia Arbegona

Filter/ Espresso 53 Rockets coffee-
Ethiopia Arbegona

Filter
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№ Name Roasting type,
grinding type

№ Name Roasting type,
grinding type

40 Rockets coffee-
Dekaf

Filter 54 Welder Catherine-
Bolivia Capacabana

Roasted for a
filter coffee
maker

41 Rockets coffee-
Rwanda Muteteli

Filter 55 Rockets coffee-
Brazil, Ethiopia

Espresso

42 Rockets coffee-
Ethiopia, Colombia

Espresso 56 Rockets coffee-
Burundi Butegana

Filter

The degustation process of coffee samples was conducted in accordance with SCA cupping method by
qualified experts https://www.scith.coffee. Each coffee was independently evaluated by two to four
qualified panelists — members of the Russian Specialty Coffee Association (RSCA). A total of 196
coffees were assessed by a pool of four panelists (526 individual evaluations) with 193 samples
receiving at least two independent assessments (98 by two, 53 by three, and 42 by all four panelists).

Coffee was evaluated for seven sensory components – aroma, bouquet, aftertaste, body, acidity,
bitterness and sweetness. Afterwards, cupping sheets were filled in with taste specifications (berries,
nuts, grapes etc.), intensity of the sensory components and assessment scores
(panelists_scores_EN.xlsx at https://zenodo.org/records/20840464).

Two different scales were used for the evaluation of coffee taste. The first scale was aimed at ranking
the intensity of the listed sensory components and comprised five degrees (low, below middle, middle,
above middle, high). The second scale was to rate relative quality of the particular sensory attribute
based on the panelists’ perception. This appraisal was carried out on a 16-point numerical scale
representing levels of quality in quarter point increments between 6 and 9, where 6 is good and 9 is
outstanding. The values below 6 are out of specialty grade. 87.6% of scores differed by no more than 1.0
point across all pairwise comparisons. The median score across evaluating panelists was used for each
sensory attribute. Samples were excluded when panelists’ assessments were incomplete or when any
pairwise score difference exceeded 1.5 points — a difference sufficient to place scores in different
categories.

Electrochemical measurements and database collection
Cyclic voltammetry in a three-electrode electrochemical cell was chosen for both: obtaining imprints of
coffee and studies of sensors in a background electrolyte. Copper, nickel, gold, and glassy carbon were
used as working electrodes in consequence, i.e. played a role of voltammetric sensors. They were
successively polished with P1200 and P2500 grade sandpaper after each measurement and then rinsed
with water. A silver chloride electrode was used as the reference. A platinum disc electrode was used as
the counter. The working electrodes and the counter had an active surface of 7.065 mm2. Potentiostat-
galvanostat R-20X (Electrochemical Instruments, Russia) was used as a measuring device.
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4 ml of 1M sodium phosphate buffer solution and 0.202 g of potassium nitrate were added to 16 ml of
brewed coffee. 16 ml of water for brewing instead of brewed coffee were taken to obtain a blank
electrolyte solution. The analytes were stirred with a glass rod for 1 minute. The measurements were
conducted in the potential range from − 2.0 to + 2.0 V at a sweep rate of 50 mV/s. 6 voltammetric cycles
per sample of brewed coffee were run with the first cycle being idle to obtain the database of imprints.

196 different varieties of coffee were measured totally. Еach variety was measured four times in
accordance with the number of sensors (Cu, Au, Ni and C) to form four separate databases. The cyclic
voltammograms were saved as .edf files representing columns of current-voltage-time values (available
at https://zenodo.org/records/20840464).

Machine learning methods

Preprocessing sensory data and label encoding
Three key sensory categories: sweetness, acidity, and bitterness were utilized to address the problem of
taste prediction. The intensities prescribed by the panelists were categorized into three classes: low,
middle, and high, middle class being comprised of lower than middle, middle and higher than middle
subclasses together to simplify ML task.

The categories of ‘good’ and ‘bad’ were used to address the problem of quality prediction. The score
scale of taste attributes was utilized for this purpose (panelists_scores_EN.xlsx at
https://zenodo.org/records/20840464). The average score for the perceptions of acidity, sweetness and
bitterness was calculated, and a threshold value of 7.5 was established. The coffee samples with an
average score above this threshold were classified as ‘good’, while the samples with a score equal to or
below 7.5 were classified as ‘bad’.

The distribution of the target features is shown in Fig. 1. It can be seen, the initial distribution is non-
uniform throughout all the sensory categories (Fig. 1a, c, e). ‘Middle sweetness’ class three times
exceeds ‘low sweetness’ class (Fig. 1a), meanwhile ‘middle acidity’ class is twice as big as ‘low acidity’
one (Fig. 1c). In case of bitterness, ‘low’ category is, on the opposite, the most numerous (Fig. 1e), and
only ‘good/ bad' dataset looks quite uniform (Fig. 1g). To minimize the non-uniformity of the data in the
sensory categories, the high classes were combined with middle ones (Fig. 1b, d, f) followed by
subtraction of ‘lower than middle’ values and merging them with low classes. Then the problem of binary
classification was subsequently solved for sweetness, acidity and bitterness with the classes encoded
as ‘low’ and ‘middle’ and for quality with the classes of ‘good’ and ‘bad’.

Preprocessing electrochemical data
The electrochemical data was filtered in accordance with the fullness of information provided by the
panelists. In the case of lack of information concerning panelists’ assessments or in case of opposite or
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significantly different expert opinions, the electrochemical data for the corresponding samples of coffee
were deleted. For this reason, 162 samples of coffee were involved in the classification based on the
sensory categories of acidity, sweetness and bitterness, and only 92 samples were used for the
detection of quality.

There were two alternative approaches to preprocessing electrochemical data. The first one is based on
the sequences of experimental current values from .edf files. The second approach suggests extraction
of new features from the current sequences.

As received tabular data from cyclic voltammograms, i.e. the arrays of current per time values (voltage is
time-dependent via scan rate) was successfully used for the quality classification (‘good/ bad’).

The strategy with feature extraction was performed for the taste classification (‘low/ middle’). The
features were extracted via correlation analysis from the data rows of current using tsfresh library
https://tsfresh.readthedocs.io/en/latest/ with default parameters of the extract_features function and
without an additional manual selection. They comprised such metrics as mean values, standard
deviation, FFT (fast Fourier transformation) coefficients, autocorrelation function, number of local peaks
etc. with the total number of about 100. Furthermore, StandardScaler was applied to transform each
feature (column) to have zero mean and unit variance. This normalization step ensured that all features
comparably contributed to the learning process and improved the stability and convergence of the
machine learning models.

Data splitting
The datasets were split into training and testing arrays comprising 80 and 20% of electrochemical data,
respectively, followed by tuning the representation of each class to equal proportion in both arrays.

Model design
Classical machine learning models were chosen along with gradient boosting models, the latter
performing well with small and sparse datasets. The following predictive algorithms for classification
imported from the scikit-learn library https://scikit-learn.org/stable/about.html [47] were used:
MLPClassifier https://scikit-
learn.org/stable/modules/generated/sklearn.neural_network.MLPClassifier.html, LogisticRegression
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html,
GradientBoostingClassifier https://scikit-
learn.org/stable/modules/generated/sklearn.ensemble.GradientBoostingClassifier.html, SVC
https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVC.html, RandomForestClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html and
KNeighborsClassifier https://scikit-
learn.org/stable/modules/generated/sklearn.neighbors.KNeighborsClassifier.html. Additionally,
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boosting models such as CatBoost https://github.com/catboost/catboost [48] and XGBoost
(XGBoostClassifier, XGBClassifier) https://github.com/dmlc/xgboost/ [49] were imported from the
corresponding libraries.

Hyperparameter tuning
Сross-validation with a five-fold split was performed to analyze the stability of model performance
across different data partitions. Hyperparameter tuning for all machine learning models was performed
using a combination of GridSearch and Optuna. GridSearch was applied to explore predefined parameter
grids, ensuring systematic coverage of key hyperparameter values. In addition, Optuna was used for
more efficient optimization via adaptive sampling and pruning strategies which iteratively explored the
hyperparameter space and discarded unpromising trials at early steps. This approach allowed for faster
convergence to optimal configurations compared to exhaustive search improving both computational
efficiency and model performance.

Evaluation of ML models
38 classification models were obtained overall. The models were directly evaluated on the testing set
calculating accuracy and weighed F1 Score.

Gas chromatography–mass spectrometry analysis
To perform gas chromatography, the analyte was prepared as follows: 1.34 g of ammonium sulfate was
added to 2 ml of coffee. The solution was shaken until the salt dissolved. Then 2 ml of diethyl ether were
added to the solution. The analyte was shaken for 2 min. After settling for 5–10 min, the analyte was
transferred to 2 ml vials. GC-MS analysis was performed using a 5890 Series II gas chromatograph with
a mass selective detector 5972 (Hewlett Packard, Germany). The GC was equipped with a 50 m×0.2 mm
i.d., 0.4 µm film, HP-INNOWAX (Crosslinked polyethylene glycol) column, HP Part No. 4.293.415 (Hewlett
Packard, USA).

2 µL of a sample were manually injected in split/ splitless injector in split mode using a split ratio of 30.
The injector temperature was maintained at 250°C.

Helium of A grade quality (99.995%) was used as carrier gas at the constant pressure of 194 kPa (which
corresponds to 0.9 ml/min at 50°C). The oven temperature was maintained at 50 ºC for 3 min after the
injection and then programmed to increase at 3 ºC min− 1 to 140 ºC, followed by isothermal holding for
10 min, then the increase at 7 ºC min− 1 to 200 ºC, isothermal holding for 10 min, and the final increase at

10 ºC min− 1 to 225 ºC and maintaining for 55 min.

The transfer line to the MS was maintained at 280°C. Mass spectrometry was performed with electron-
impact (EI) ionization (electron energy was 70 eV) at an ion source temperature of 178°C. Data were
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acquired in total ion current (TIC) mode, after a solvent cut between 7.5 and 120 min. The Chemstation
software (Hewlett Packard, USA) was used for instrument control and data handling.

Alternatively, GS-MS chromatography was carried out at GC-MS Shimadzu GC-MS QP2010 Ultra,
equipped with Supelco Carboxen/DWB/PDMS column and CombiPAL autosampler. Brewed coffee was
transferred to a 20 ml vial with a 10 ml dispenser. Then samples were thermostatted for 15 minutes at
60°C. The following procedure was as described above.

DFT calculation computational details
The density functional theory (DFT) calculations including full geometry optimization procedure for all
model structures were performed in the Orca 6.0.0 program [50] package using the ωB97X-D4 [51]
functional, the def2-QZVPPD basis sets for Cu, Ni, Au atoms and the def2-TZVPD [52] basis sets for all
other atoms. No symmetry constraints were imposed during optimizations. To confirm the absence of
imaginary frequencies, Hessian matrices were computed for all structures, ensuring that optimized
geometries correspond to true energy minimum on the potential energy surface. Thermodynamic
parameters were calculated at 298.15 K and 1.00 atm. The spin multiplicities were considered 2 for Cu, 3
for Ni, and 2 for Au. Cartesian atomic coordinates of all optimized structures are provided as xyz-files in
Supplementary Information.

Molecular docking computational details
AutoDock Vina v. 1.2.0 was used for all dockings in this study [53]. The docking parameters were kept at
their default values. The size of the docking grid for copper was 18 × 40 × 40 Å. The results of molecular
docking were visualized by using PyMol 2.5 software. 3D structures of ligands were downloaded from
PubChem database and were used as received [54].

Results and discussion
The workflow of collecting experimental data for machine learning modelling is shown in Fig. 2. Roasted
coffee seeds were processed to fine grind by the manufacturers. The ground coffee was brewed by the
hot steeping technology in the laboratory under ambient conditions and then filtered to remove the solid
waste. The coffee beverages were then evaluated by the panelists, and corresponding cupping sheets
were filled in. The assessments concerning the intensity of acidity, sweetness, bitterness as well as the
individual perception of these features were then used as the ground truth to make inputs in ML models.

Figure 2 Workflow chart depicting the procedure of obtaining experimental data for prediction of coffee
taste and quality. The input of ML-models comprised the panelists’ assessments of coffee taste and
quality as well as the voltammetric data derived from cyclic voltammograms. Predictions of taste and
quality were the output of the models

Electrochemical data obtained by the voltammetric tongues were used to train the ML-models. For this
purpose, potassium nitrate and phosphate buffer solution were added to coffee samples to obtain the
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corresponding concentrations of 0.1 M and 0.2 M, respectively, and played a role of supporting
electrolyte. Cyclic voltammograms of copper, nickel, gold or glassy carbon were measured in the brewed
coffee in consequence and saved as .edf files.

Each measurement was considered a fingerprint of the coffee sample comprising such features as
sweetness, bitterness, acidity and overall quality based on average panelists’ perception. Cyclic
voltammetry response was then referred to the ground truth while training and the predictions were
finally obtained. The models were taught to predict the intensity of three categories of taste (‘low or
middle’) and quality (‘good or bad’).

Electrochemical studies
Electrochemical studies were performed with the use of cyclic voltammetry. Gold and glassy carbon
electrodes were scanned in a three-electrode cell in a brewed coffee and a blank electrolyte based on the
water used for coffee extraction, respectively. The experiments were aimed at obtaining specific features
relevant to the electrochemical imprint of coffee. Figure 2a depicts cyclic voltammograms of gold
electrode in a sample of brewed coffee compared with blank electrolyte. The difference in current values
is evident as well as the appearance of some intense peaks on the cyclic voltammograms measured in
the brewed coffee. Anodic current maxima in the potential region from + 0.4 to + 0.6 V (Fig. 2a, b) are
probably attributed to caffeine and phenolic compounds [55–60]. In this potential range, OH− groups are
expected to reversibly oxidize, whereas the peak at a higher potential of 1.4 V can be associated with
irreversible oxidation of caffeine.

The reduction peak at the gold electrode observed at a potential of + 0.6 V (Fig. 2a) obviously stands for
reverse transformation from ketone groups to enol ones in phenols. Current increase in the negative
range of potentials at around − 1.0 V at the gold electrode and − 0.6 V at the glassy carbon electrode
(Fig. 2b) can be associated with protonic region [56] correlated with acidity. The negative range below − 
1.4 V at gold and − 1.5 V at glassy carbon is responsible for hydrogen evolution reaction.

Figure 3 Cyclic voltammograms of a gold (a) and a glassy carbon (b) electrode in coffee samples (1)
containing 0.2 M PBS and 0.1 M KNO3, and blank electrolyte solutions (2) without coffee. The inset in (a)
duplicates cyclic voltammograms of gold in the blank solution in a shortened range of potentials.
Coordinate scale is the same for both plots in (a). The potentials are measured versus a silver chloride
electrode as reference. Platinum wire is used as a counter electrode. The scanning rate is 50 mV s− 1

Cyclic voltammograms perform a superposition of all electrochemically active species and thus, may be
considered a digital imprint of a coffee sample.

Machine learning
Figure 4 demonstrates the confusion matrixes revealing accuracy of the most effective ML-models. A
typical series of voltammograms measured for the copper database and used for machine learning is
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shown in Fig. 4a. In fact, two basic approaches were used to train ML models. According to the first one,
implemented for the classification task of the quality of coffee, the input consisted of arrays of time
dependent current values. The second one comprised only statistical metrics such as mean values,
standard deviation, FFT (fast Fourier transformation) coefficients, autocorrelation function, number of
local peaks, which had previously been derived from the cyclic voltammograms, and was implemented
for the problem of taste classification.

Datasets from four voltammetric tongues, i.e. copper, nickel, gold and glassy carbon electrodes, were
used to build the corresponding supervised ML-models with the use of a series of algorithms. Copper
sensor exhibited moderate results in the sweetness classification (Fig. 4b) with accuracy of prediction of
the middle class of 0.88, while the low class was correctly recognized only in 0.57 cases. As for acidity,
three sensors out of four showed satisfactory results: gold, nickel and glassy carbon, highlighting nickel
as the most effective among them (Fig. 4c-e). The corresponding confusion matrix for the nickel sensor
revealed the accuracies of 0.75 and 0.91 for low and middle classes, respectively (Fig. 4d).

Bitterness turned out to be the least recognizable sensory category for the classification of coffee
samples. The most relevant results were demonstrated by XGBClassifier using the gold sensor (Fig. 4f),
although the predicted middle class was confused with the low one in more than 50% of cases.

The quality category with the predictions ‘good/ bad’ was successfully implemented for the
classification. In general, the accuracy of correct detection achieved 100% for good and 80% for bad
coffee (Fig. 4g, h). As mentioned above, in the case of quality prediction, the distribution of classes was
close to uniform, which simplified the classification task, reduced the need to use balancing methods
and made it possible to achieve high metrics including F1 scores. The F1 score of 0.89 was
demonstrated by one of the simplest LogisticRegression models on the voltammetric data of a gold
electrode, while for a copper electrode, the best F1 score was shown by the XGBoostClassifier model
(0.84).

On comparing the performance of the sensors, it should be noted that nickel and carbon were the most
efficient in the recognition of low and middle acidity with weighted F1 scores of 0.87 for Ni
(GradientBoostingClassiffier) and 0.75 for C (LogisticRegression). Meanwhile, ‘quality’ prediction was
successfully accomplished with copper and gold electrodes demonstrating F1 score of 0.84 for Cu
(XGBClassifier) and 0.89 for Au (LogisticRegresssion). The results obtained confirm the hypothesis that
the taste and quality of coffee can be accessed via voltammetric imprints.

GC-MS
To evaluate chemical composition several samples of coffee were analyzed with gaseous
chromatography. It revealed acetic acid, 2-furanmethanol and caffeine possessing the most prominent
peaks (Table 22).
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Table 2
Gas chromatography results for dominant compounds (average of three samples)

Substance Retention time [min] Area of peaks [mm2] Height of peaks

[mm]

Acetic acid 21.10 5.94 9.27

2-Furanmethanol 29.98 5.83 20.03

Caffeine 89.98 36.89 84.70

Alternative GC-MS revealed 59 components, among which cis-1,2-dihydrocatechol, a phenolic
compound, as well as carbamic, hexanoic and acetic acids were detected. The corresponding
chromatogram is shown in Fig. SI 1 (Supplementary information), and all the peaks are characterized in
Table SI 1. It can be assumed that caffeine, 2-furanmethanol and cis-1,2-dihydrocatechol stand for
bitterness, whereas organic acids are responsible for acidity. It can also be assumed that sweetness is
caused by the presence of some alcohols like ethanediol and heptane-2,5-diol as well as aldehydes like
2-methylpropanal and 2-methybutanal.

DFT calculations results
Quantum chemical calculations were performed to evaluate the thermodynamic favorability of
associations between caffeine, 2-furanmethanol, acetic acid or acetate anion with Cu, Ni, Au and C
model species. These systems simulate adsorption processes of the molecular species on the
corresponding electrode surfaces.

For 2-furanmethanol, three bonding modes were analyzed: (i) coordination through the oxygen atom of
the hydroxyl group, (ii) bonding via the carbon atom, and (iii) interaction with the π-system of the furan
ring. Similarly, for caffeine, two bonding configurations were examined: (i) interaction with the π -system
of the pyrimidine ring and (ii) coordination through the N-atom of the imidazole ring. The calculated
enthalpies, entropies, and Gibbs free energies (in Hartree) for pristine structures and their associates are
shown in Table SI 2. The Gibbs free energies in kilocalories per mole for the stable associates are
presented in Table SI 3.

The results on the copper support are summarized in Fig. 5a indicating stable configurations at the
coordination of copper with the N-atom in caffeine (∆G = -6.0 kcal/mole) and with the π-system of the
furan ring in 2-furanmethanol (∆G = -1.7 kcal/mole). Among all the considered molecular species,
associates of copper with an acetate anion exhibited the highest thermodynamic stability (∆G = -25.0
kcal/mole), while associates with acetic acid were the least stable (∆G = 5.7 kcal/mole), as reflected by
the positive value of Gibbs free energy. This suggests that acetic acid must undergo deprotonation prior
to bonding with the electrode surface. Caffeine formed the second-most thermodynamically stable
associate.
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The comparative analysis of Gibbs free energies revealed that the stability of molecular associations
followed the order: Ni > Cu > Au, with Ni forming the most stable associates and Au the least stable.

Affinity energies were alternatively calculated with AutoDock Vina v. 1.2.0 using copper as a support
(Fig. 5b, c). The tendency of the increase of the values from caffeine (∆G = -4.4 kcal/mole) to 2-
furanmethanol (∆G = -2.9 kcal/mole) is shown the same as by the DFT studies, confirming the overall
thermodynamical favorability of the adsorption of these molecules on the surface of copper.

Conclusions
An AI-driven tasting method of coffee based on cyclic voltammetry response from non-modified metallic
electrodes and glassy carbon was successfully elaborated. Nearly 200 samples of coffee were tested by
the qualified panelists to attribute each sample a tasting profile including the intensity of sweetness,
bitterness, acidity and relative quality of these sensory categories. At the same time, voltammetric
measurements were carried out to obtain arrays of current values unique for each sample of coffee and
the chosen electrode material. Cyclic voltammograms and the electrochemical data derived from them
were considered the unique digital imprints of the coffee samples. Four data frames referring to the
corresponding type of voltammetric sensor were used to solve the problem of binary classification via
ML-algorithms: low or middle classes in case of the sensory categories of taste, and good or bad
classes in case of quality. The copper and gold electrodes demonstrated the best efficiency in terms of
quality prediction of ‘good’ and ‘bad’ with F1 score of 0.84 for Cu (XGBClassifier) and 0.89 for Au
(LogisticRegresssion). The nickel and carbon electrodes were quite effective in acidity classification of
‘low’ and ‘middle’ with weighted F1 scores of 0.87 for Ni (GradientBoostingClassiffier) and 0.75 for C
(LogisticRegression). Boosting algorithms along with LogisticRegression showed the best performance
to solve these problems. Additional studies by GC, DFT, molecular docking and cyclic voltammetry were
carried out to support the concept of a voltammetric imprint as the superposition of redox and
adsorption curves affected by a series of substances present in coffee. The results obtained in the study
present a new idea for digitizing the taste characteristics of beverages using coffee as an example,
combining machine learning approaches and electrochemical analysis methods to predict its taste and
quality.

From a practical standpoint, the proposed electrochemical approach offers several advantages for real-
world implementation. The assay consisting of a potentiostat-galvanostat and standard metallic
electrodes is relatively inexpensive: approximately $3,000–15,000 for commercially available
potentiostat systems such as Metrohm Autolab, Gamry, or PalmSens, based on manufacturer catalog
prices, and from $1,500 for portable models compared to NIR spectrometers ($20,000–50,000) or GC-
MS/HPLC instruments ($50,000–200,000). Running costs are low: consumables consist of electrolyte
solutions (phosphate buffer, KNO₃), electrode polishing materials, and water; metallic electrodes can be
reused after mechanical polishing for hundreds of measurement cycles. A single measurement
comprises 6 voltammetric cycles in the range from − 2.0 to + 2.0 V at 50 mV/s, requiring approximately
16 minutes per electrode. The electrochemical approach could similarly benefit from parallel multi-
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electrode setups or screen-printed disposable electrodes in future implementations. The method is best
suited as a rapid screening tool for quality control at production stages, especially as a first-pass filter,
where speed, objectivity and cost-efficiency are paramount.

Data and Software availability
The datasets generated and analyzed during this study are available in the Zenodo repository at
https://zenodo.org/records/20840464 under Creative Commons Attribution Non Commercial 4.0
International license. The data are provided exclusively for non-commercial research purposes and are
not available for commercial use. For additional inquiries regarding the software or data access, please
contact the corresponding author.

The code used in this study is available in the GitHub repository at
https://github.com/RodionGolovinsky/digital_coffee_tester. This repository contains the source code.
The software developed for this study is available in the GitHub repository at
https://github.com/RodionGolovinsky/coffee_tester/tree/main under MIT License. The repository
contains the source code, documentation and usage instructions. Researchers interested in replicating
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The distribution of target variables within three sensory categories: sweetness (a, b), acidity (c, d),
bitterness (e, f); and quality category (g) before (a, c, e, g) and after rearrangement (b, d, f). The initial
distribution shows the non-uniformity of the data sets of sensory categories, where high class is the
least abundant. The target variables are received from the panelists’ assessments of the intensity of the
sensory categories (a-f) and quality perception of these sensory categories (g). Classes are redistributed
for uniformity and feasibility for the ML-input and the highest accuracy of predictions

Figure 2

Workflow chart depicting the procedure of obtaining experimental data for prediction of coffee taste and
quality. The input of ML-models comprised the panelists’ assessments of coffee taste and quality as
well as the voltammetric data derived from cyclic voltammograms. Predictions of taste and quality were
the output of the models
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Figure 3

Cyclic voltammograms of a gold (a) and a glassy carbon (b) electrode in coffee samples (1) containing
0.2 M PBS and 0.1 M KNO3, and blank electrolyte solutions (2) without coffee. The inset in (a) duplicates
cyclic voltammograms of gold in the blank solution in a shortened range of potentials. Coordinate scale
is the same for both plots in (a). The potentials are measured versus a silver chloride electrode as
reference. Platinum wire is used as a counter electrode. The scanning rate is 50 mV s-1
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Figure 4

Machine learning results with the best performance: a) a series of typical voltammograms of a copper
electrode in brewed coffee used for machine learning (dots denote the most important current values
affecting final accuracy metrics of ML models used for taste classification (g); b-h) confusion matrixes
for binary ML-models depicting prediction accuracy for the intensity of taste (b-f) and quality (g, h) by
means of versatile ML algorithms:
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Figure 5

Computation models of the interaction between copper and selected individual substances of coffee
and corresponding affinity energies obtained with DFT method (a) and molecular docking method for
caffeine (b) and 2-furanmethanol (c)
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