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This study explored bioimpedance measurements and their derived parameters as potential indicators of
dry matter content and potato variety. We investigated how bioimpedance correlates with the dry matter
composition of potatoes,through destructive tests on tissue slices. Using the machine learning approach, we
identified patterns and associations that can aid in predicting dry matter content, using regression models, and
discriminating among potato varieties, focusing on classification models. In particular, four feature selection

methods (correlation matrix, minimum-redundancy-maximum-relevance, neighborhood component analysis,
and t-test) were evaluated against a baseline with all features. It was found that the best regression model for
dry matter was a neural network regression model with t-test features, which achieved R? of 0.62 and RMSE
of 2.3% in testing, while the best classification model for potato variety was a neural network classification
model with correlation matrix features, achieving an F, score of 0.92.

1. Introduction

The application of more sustainable production approaches in the
agri-food sector is fundamental to ensure food safety and security,
while preventing food waste, as highlighted by the UN Sustainable
Development Goals (SDGs), especially SDG12 (Assembly, 2015). This
is particularly relevant in the production and postharvest handling of
staple foods such as the potato (Solanum tuberosum L.), which has a high
cultural, economic, and environmental impact worldwide. In the EU, in
2022 potato production was around 374 mil. Mg, for a value of EUR
12.3 billion (3.1% of total EU agricultural output) (Food and Agricul-
ture Organization of the United Nations (FAO), 2024), meeting a high
internal demand for both direct consumption and food processing. To
fulfill such a need, potato tubers are stored in controlled conditions to
delay dormancy break, weight loss, and sweetening, thereby increasing
their marketability and availability for the food industry (Kasampalis
et al., 2021).

During its low-temperature storage (approx. 4-7 °C for fresh and
processing market), the tuber is subject to the aforementioned physio-
chemical changes, varying with storage conditions, time, and cultivar
type, and potentially altering its final quality and safety (Hertog et al.,
1997; Brocic et al., 2016). In particular, the sweetening occurs due
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to cold-induced sucrose hydrolysis resulting in reducing sugar (RS)
(i.e., glucose and fructose) accumulation. A high level of RS is respon-
sible for (i) degraded quality of processed products (e.g., brown color,
bitter taste) and (ii) acrylamide accumulation, a potential carcinogenic
agent, during cooking (European food safety authority (EFSA), 2022).
Thus, potato sweetening is a serious risk factor for consumer health,
with its rate depending on the aforementioned factors (Escuredo et al.,
2021). The chemical and physiological maturity of potatoes is reached
when the sucrose content is the lowest and the dry matter (DM) content
is the highest. In this context, DM and RS are considered the potatoes’
most important quality features to be monitored during storage, deter-
mining their price, as well as their suitability for industrial applications,
where large variations could lead to food losses (Wold et al., 2021).
Currently, industrial quality control consists of (i) oven or gravimet-
ric methods to assess the DM content (Horwitz et al., 2000), and (ii) the
United States Department of Agriculture (USDA) reference method for
qualitative determination of RS, consisting of product frying, followed
by a visual inspection of its chemical browning rate: i.e., the greater the
browning, the higher the RS content and, consequently, the lower the
quality and safety (Whitehead, 1954). While the DM assay is accurate,
repeatable, and simple, the RS method is not. Nevertheless, both are
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not ideal due to their time intensiveness, destructive nature, and, most
importantly, the requirement for a laboratory (Bedini et al., 2023). For
the above reasons and driven by the growing attention of companies
and consumers towards food waste and healthy food, the potato in-
dustry has recently experienced an increased demand for rapid, and,
if possible, non-destructive techniques for quality control. However,
although portable, rapid, and simple technologies have already been
proposed for the on-site determination of DM and RS in potatoes, they
suffer from performance and robustness issues. For instance, Bedini
et al. (2023) demonstrated that DM and RS gradients along tuber
tissues and potato cultivars affect the quality of on-spot measurements
carried out with portable instruments. Moreover, identifying the potato
cultivar is crucial for industrial applications, because different varieties
have unique DM and RS ranges at harvest and during storage that
influence their suitability for various end-products, such as chips, fries,
or mashed potatoes (Zaheer and Akhtar, 2016; Tolessa, 2018). Knowing
the variety helps optimizing processing parameters, improving prod-
uct consistency, and reducing waste. In this context, near-infrared
spectroscopy (NIRS) has proven to be an effective technique for the
prediction of RS and DM (Rady and Guyer, 2015; Wold et al., 2021;
Bedini et al., 2024). NIRS allow to achieve optimal predictions of
potato DM, with a root mean square error (RMSE) as low as 0.51%
when combined with prediction model updating methods (Wang et al.,
2023). Such technique demonstrated high validation accuracy also in
the estimation of multiple tubers DM contents, such as yam, with
a regression coefficient (R?) in prediction of 0.958 and an RMSE of
0.898% (Adesokan et al., 2024) and cassava amylose content with
an R? of 0.94 (Nuwamanya et al., 2024). Despite this, the study of
the interaction of a potato tuber with different regions of the elec-
tromagnetic (EM) spectrum still offers various opportunities to tackle
such issues in a fast and multifaceted way. In this direction, a promis-
ing technique is electrical impedance spectroscopy (EIS), working at
low frequencies (10! — 10°Hz) in the EM spectrum. This method,
already successfully used in many different contexts, from food product
screening (Grossi and Ricco, 2017) to human body analysis (Zou and
Guo, 2003), is based on the physico-chemical property of a target
to oppose the flow of current induced by an external AC voltage
applied at multiple frequencies (Martinsen and Heiskanen, 2023). The
resulting bioimpedance output depends on various factors, including
the geometry of the object, the electrical properties of the material,
and the chemical processes occurring within it (Dean et al., 2008).
The application of EIS to fruit quality has only recently gained pop-
ularity and, while providing promising results (Ibba et al., 2020),
has yet to prove its effectiveness compared to conventional optical
methods. In the context of potato quality estimation, bioimpedance
has been employed to monitor the drying process (Ando et al., 2014),
the presence of freeze damage (Zhang and Willison, 1992) and for
the estimation of its moisture content (Feng et al., 2020). While these
works provide a solid foundation for applying bioimpedance in the
tuber quality sorting, they fall short in the volume of data used and,
crucially, lack a comprehensive data analysis. The data extracted from
EIS measurements, if acquired properly and in big numbers, can in
fact be leveraged by machine learning algorithms to predict both the
DM (using regression models) and the potatoes’ varieties (using classi-
fication models). Regression models offer the advantage of providing
continuous predictions, making them ideal for estimating the precise
DM. Prediction of DM is important for quality control and product
formulation, although they can be sensitive to outliers and require a
large amount of high-quality data for accurate predictions. Classifica-
tion models, on the other hand, are useful for categorizing potatoes into
distinct varieties, offering simplicity and interpretability, even though
they can struggle with imbalanced datasets and may require extensive
feature engineering to improve accuracy. Thus, the hypothesis behind
the present research activity was that the use of EIS has the potential to
yield a good understanding, and thus modeling, of the potato quality. In
detail, in the present study, the data extracted from EIS measurements
were leveraged by machine learning algorithms to predict both the DM
and the potatoes’ varieties, using regression and classification models,
respectively.
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2. Materials and methods
2.1. Sample preparation

Potato (Solanum tuberosum L.) tubers were provided by the “Patata
dell’Alto Viterbese” PGI consortia (C.C.OR.A.V. and Coop. Centro Agri-
colo Alto Viterbese, Viterbo, Italy). Nine cultivars were selected on
the basis of a literature study focused on ensuring the widest DM
data range (approx. 10-26 %) for regression and classification model
development: Actrice, Ambra, Constance, El Mundo, Fontane, Gaudi, Jelly,
Monalisa and Universa. Tubers were collected immediately after harvest
and stored at 4+1 °C. Twenty potato tubers per cultivar were randomly
sampled. Moreover, tubers were selected to be of uniform size, without
damage, defects, and/or blemishes. Samples were tempered to room
temperature for 24 h before the analysis.

2.2. Bioimpedance data acquisition

Bioimpedance spectral scans were performed on the middle slice
of each sample tuber (2.5 cm thick), using a bench-top impedance
analyzer (E4990 A, Keysight Technologies), in the two electrode config-
uration, directly inserting the stainless steel electrodes in the tuber pulp
with a standardized 2 cm separation. Here, the impedance magnitude
and phase data were acquired in the 20 Hz-20 MHz frequency range
with 188 logarithmically spaced frequency points. The raw magnitude
and phase angle spectra data were then used to extract additional
bioimpedance parameters, such as (i) the minimum phase point of each
spectrum, Ming, (ii) the ratio between the low- and high-frequency
values of the impedance magnitude, Pz (Pliquett et al., 2003), (iii)
the dissipation factor, T'ané (Strand-Amundsen et al., 2016), (iv) the
distance between the zero and the maximum value of the Nyquist
plot, LTO (Watanabe et al., 2021) and (v) the Cole model equivalent
circuit parameters (Cole, 1940) (i.e., R,, R,, CPE-P and CPE-T), which
were organized in a dataset before the model development, described
in Section 2.4. These parameters, commonly applied in the food in-
dustry, are valuable for correlating the moisture content of tubers
with impedance measurements, enabling accurate predictive analyses.
Their relevance to our study is highlighted by their ability to capture
electrical properties related to tissue structure and composition, which
are also pertinent to tubers. In particular, the P, parameter, originally
developed for meat, offers significant insights into moisture content and
cell integrity, key factors in evaluating tuber quality as well (Ibba et al.,
2021).

2.3. Dry matter determination

Immediately after the bioimpedance data acquisition, the samples
were subjected to DM determination. Each potato slice was trimmed
and dried in an electric oven at 105 °C for 72 h. DM was expressed as
a percentage by mass (grams per 100 grams).

2.4. Feature extraction

The dataset, consisting of a total 947 features, was structured as
follows: (i) frequency-dependent spectral data for magnitude (|Z]),
phase (¢), real and imaginary part, and Tané calculated over a set of
188 frequencies, representing features from 1 to 940; (ii) frequency-
independent features from 941 to 947 were represented by P,Z, Min¢,
LTO and the parameters of the Cole equivalent circuit (R, R,, CPE-
T, CPE-P). The feature selection process began by applying separate
feature selection techniques to each set of frequency-dependent vari-
ables, followed by combining the resulting dataset with the frequency-
independent variables. Thus, Subset 1 consisted of the selected
frequency-dependent variables along with all frequency-independent
variables. Subset 2 was created by further refining the features in
Subset 1. In contrast, Subset 3 was generated by selecting features from
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Fig. 1. Flowchart illustrating the dataset structure, where variables (the minimum phase point of each spectrum, Ming, the ratio between the low- and high-frequency values of
the impedance magnitude, P,Z, the dissipation factor, Tané, the distance between the zero and the maximum value of the Nyquist plot, LTO and the Cole model equivalent circuit
parameters (i.e., R, R,, CPE-P and CPE-T)) were categorized based on frequency and other criteria. The four analyzed datasets were highlighted in blue.

the entire dataset without distinguishing between frequency-dependent
and independent variables. This approach allowed us to evaluate the
impact of frequency-dependent features separately. By employing this
multi-step feature selection process, deeper insights into the relevance
and importance of different variables were gained, possibly leading to
the identification of a more robust and interpretative model.

In training and prediction phase, the MATLAB® 2023a fitrauto ()
regression and fitcauto () classification functions (The MathWorks
Inc., Natick, MA, United States) were used to estimate the predictant
values based on the selected features. Before prediction, the data
were normalized (regression) (Bonamutial and Prasetyo, 2023) and
autoscaled (classification) (Dzierzak, 2019) to ensure uniform distribu-
tion and reduce the risk of over-fitting. The normalization method was
based on the minimum and maximum, transforming the values of each
feature so that they fall within the range of 0 to 1. This was achieved
by subtracting the minimum value from the feature and dividing it by
the difference between the maximum and minimum. The autoscaling
process was performed to ensure that the features have a mean of
0 and a variance of 1. Subsequently, four different feature extrac-
tion methods have been utilized and compared in this study. Three
of these are conventional methods, namely: minimum-redundancy—
maximum-relevance (MRMR) (Ding and Peng, 2005; Darbellay and
Vajda, 1999), neighborhood component analysis (NCA) (Nash et al.,
1994), and the univariate features selection (t-test) (Waugh, 1995).
For MRMR and t-test methods, by analyzing the resulting ranking
plots, the top 100 features were empirically selected for prediction
for Subset 1, while only the top 40 features for Subset 2 and 3 were
selected. The selection was driven by observing the ranking trends
and aimed at ensuring an optimal balance between model performance
and computational efficiency. The fourth method, instead, was based
on computing the correlation matrix among the frequency-dependent
features, to take into account and exclude the redundant information
between neighboring frequency points, commonly having a high degree

of autocorrelation. For the correlation analysis, ten separate correlation
matrices were calculated, each corresponding to a group of frequencies
(ranging from 1 to 10). After deriving these matrices, we examined
feature relationships within each matrix. Features showing significantly
different correlations with other variables (correlation values differing
by at least 10 %) were prioritized for selection, as they are less likely
to be redundant and more informative. In the end, the prediction of
DM and potatoes’ variety done after the features extraction process was
compared with the prediction done on the entire dataset, without ex-
cluding any feature (Nicosia et al., 2024). In the end, (i) the full dataset
(FD), (ii) the subset that underwent feature extraction considering only
frequency-dependent variables (1-940) with the extracted features sup-
plemented by the frequency-independent variables (Subset 1), (iii) the
subset created by performing feature extraction on Subset 1 (Subset2),
and (iv) the subset constituted by the extracted features by the entire
dataset, without any differentiation between frequency-dependent and
-independent variables (Subset 3), were considered.

2.5. Model calibration and validation

After feature extraction, the resulting four sets of data (i.e., one
with all features and the other three with extracted features, Fig. 1)
were randomly separated into the train and test datasets (75% and 25%
respectively) used for the machine learning analysis and the following
validation. This analysis was carried out using the default MATLAB®
functions, fitrauto() for the regression model and fitcauto()
for the classification model, which simplified and automated the per-
formance optimization process. These two functions allowed the testing
and comparison of different model architectures and numerous hyper-
parameters, obtaining the best-performing predictive models with min-
imal computational effort. The algorithms selected for regression were
the following: (i) ensemble regression model (ERM), which combines
multiple learning algorithms to improve predictive performance; (ii)
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gaussian process regression model (GPRM), which are nonparametric
kernel-based probabilistic models (Williams and Rasmussen, 2006); (iii)
kernel regression model (KRM), which uses kernel functions to capture
nonlinear relationships in the data; (iv) neural network regression model
(NNRM), capable of learning intricate patterns through its layered
architecture; (v) support vector machine regression model (SVMRM), ef-
fective in high-dimensional spaces and for regression tasks with clear
margin separation; and (vi) binary decision tree (BDT), which splits the
data into homogeneous subsets based on feature values, making it easy
to interpret (Breiman, 2017).

The algorithms selected for classification were the following: (i)
discriminant analysis classifier (DAC), which models the decision bound-
ary between classes based on statistical properties (Fisher, 1936); (ii)
ensemble classification model (ECM), leveraging the strength of mul-
tiple classifiers to enhance accuracy; (iii) kernel classification model
(KCM), employing kernel methods to handle non-linear classification
tasks; (iv) K-nearest neighbor model (KNM), which classifies based on
the majority vote among the nearest neighbors in the feature space;
(v) naive bayes classifier (NBC), utilizing Bayes’ theorem with strong
(naive) independence assumptions between features (Manning, 2008);
(vi) neural network classifier (NNC), adept at capturing complex de-
cision boundaries through its multi-layered network structure; (vii)
support vector machine classifier (SVMC), which finds the optimal hy-
perplane for class separation in high-dimensional space; and (viii)
binary decision tree classifier (BDTC), offering a straightforward and
interpretable approach by recursively partitioning the data into classes
based on feature splits (Breiman, 2017). Hyperparameters were set
before the learning process and included elements such as the number
of expansion dimensions (NEM), the type of learner (L), the basis
function (BF), the kernel function (KF), the number of nodes (NN), the
layer size (LS), and the activation function (A). In this study, we em-
ployed the OptimizeHyperparameters option of fitrauto()
and fitcauto() to automatically optimize these hyperparameters
across different respectively regression and classification models. The
performance of the regression models, Table 1, were evaluated in terms
of coefficient of determination (R?), root means squared error (RMSE),
and systematic error (BIAS), while for classification, Table 2, the F;
score is used (Brancato et al., 2023), in addition to accuracy, sensitivity
and precision parameters. Each metric was computed for both the train
and test phases.

3. Results and discussion
3.1. Descriptive data analysis

Prior to model development, a descriptive analysis on the DM
content of potato samples was performed. Fig. 2 shows a detailed view
of the DM (%) for each of the nine potato varieties.

The representation of the central tendencies and potential outliers
of the distribution (Fig. S2) allows a more targeted identification of
significant differences between the DM values among the varieties. In
addition, the table associated with the plot in Fig. 2 shows the actual
values of the statistical parameters of the DM for each potato variety.
Here, it is possible to note that although some DM values appear to be
similar to each other, there are varieties that tend to be very different
from the others. Such distribution of DM values allows us to consider
the acquired dataset as a good representation of the large potatoes’
inter- and intra-varietal DM variability, thus validating its use for both
the DM prediction and the variety discrimination tasks.

Prior to the development of the models and together with the
response variable (i.e., DM), a preliminary evaluation of the predictor
variable (i.e., the bioimpedance data) was necessary. This evaluation
was essential to investigate possible problems arising from the data
(e.g., noise, presence of outliers, etc.) and have an idea of the com-
plexity of the subsequent modeling tasks. Fig. 3 shows the impedance
amplitude and phase graphs for the potato varieties (in Fig. S1 the
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Nyquist plot is shown as well). In general, from the observation of
both the amplitude Fig. 3a and phase angle Fig. 3b spectra, it can be
seen that the nine potato varieties generate the so-called dispersion
phenomenon (Ando et al., 2014). According tothis phenomenon the
amplitude decreases as the frequency of the applied current increases,
while the phase angle shifts towards capacitive behavior (i.e., towards
—90°) at medium frequencies, to return to a more resistive behavior
at higher frequencies (i.e., towards 0°). Such behavior is typical in the
bioimpedance spectra of biological samples, i.e. animal tissues (Abie
et al.,, 2021), plants (Hamed et al., 2023; Altana et al., 2024) and
fruit (Riaz et al., 2023), and can be associated with the flow of current
through the cell membranes and intra- and extra-cellular fluids in the
tissues under test (Martinsen and Heiskanen, 2023). Here, the observed
differences between the potato varieties can be related to various
reasons, such as the relative chemical composition of the sample pulp,
including its moisture content, and the integrity and distribution of its
cellular structure. Fig. 3a and b did not show clear spectral differences
among varieties that could be visually observed at higher frequencies;
any possible speculation on possible differences between varieties in the
shape and intensity of EIS spectra risks being detrimental compared to
a machine learning approach.

As commonly recognized, the utilization of complex impedance
analysis serves as a valuable tool for comprehending the intricacies
associated with dielectric relaxation phenomena within a material.
Numerous studies have focused on impedance measurements to investi-
gate the dielectric properties of potatoes under various conditions, such
as during drying processes (Ando et al., 2014), freezing processes (Feng
et al., 2021) and both before and after a freezing-thaw cycles (Zhang
and Willison, 1992). Compared to previous studies that focused on the
dielectric properties of fresh potatoes under specific conditions such as
drying or freezing, our approach offers a broader analysis by integrating
bio-impedance data with machine learning techniques. This allows for
more accurate classification of potato varieties and prediction of dry
matter content, overcoming limitations of traditional methods based on
visual inspection of impedance spectra.

3.2. Features reduction and selection

Fig. 4 depicts the features extracted through the four feature selec-
tion methods (i.e., CM, MRMR, NCA, and t-Test) for the three different
subsets, before regression and classification analysis, respectively. The
plot displays the extracted features from all four models and for all
three datasets (Fig. 1). The red lines in the graphs represent the division
of the x-axis, which denotes frequency values, for the five variables
dependent on frequencies.

Using the CM method, the best results correspond to an analysis
of the features extracted considering a frequency step (FS) of 3 for
regression, while for classification an FS of 1. This feature selection
process involved calculating correlation matrices among frequency-
dependent features to eliminate redundant information typically found
between neighboring frequency points due to high autocorrelation. Ten
correlation matrices were generated, each incorporating an increasing
number of grouped frequencies (from 1 to 10). Relationships among
features within each matrix were then examined, identifying features
with low correlation to others (differing by at least 10 %) as these
were deemed more informative and less redundant (Section 2.4). In
this case, the correlation matrix calculated by grouping the frequency
by 3 is selected for the regression analysis, while the correlation ma-
trix calculated by considering all the frequencies was selected for
classification analysis. What can be observed from the figures is that
features extracted through this method evenly cover almost the entire
frequency range for all five frequency-dependent variables for both
regression and classification analyses. In particular, for classification,
it is possible to observe that the high-frequency features for the real
part and dissipation factor variables have a higher impact concerning
the others. With the application of the MRMR method, the extracted
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Fig. 2. Box plot of the DM distribution for the 9 potato varieties. The continuous red line represents the overall mean, while the dashed red lines represent 3 times the value of
the overall standard deviation (99.7% of the dataset). The embedded table shows the descriptive statistics for each variety.
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features also appear to be fairly evenly distributed along the frequency
axis for each variable and subset, in both regression and classification.
The only difference is that in regression, for the variable corresponding
to impedance magnitude, in Subset 1, the features concentrate in
a medium frequency range (10°-10* Hz) while for Subset 2 and 3
they concentrate more at higher frequencies (10’ Hz). In classifica-
tion, however, a notable difference is observed where the variables
corresponding to impedance magnitude and real part seem to carry
more weight in Subset 1 compared to Subset 2 and 3. Finally, for
classification purposes, this extraction method takes into account also
the CPE-T variable, which is not frequency-dependent.

Regarding the NCA method, the extracted features also appear to
be quite uniform along the frequency axis for the five variables, with

a peculiar observation in both regression and classification: features
corresponding to the magnitude and real part variables seem to be not
extracted at all in Subset 2 and 3 concerning the Subset 1. Finally, when
this method is employed for the features extraction for regression, it
takes into account also the Min¢ and CPE-P variables, which are not
frequency-dependent.

For the t-test, on the other hand, what is evident from the plots is
that in regression, the extracted features correspond to medium (10?-
10* Hz) to high frequency (107 Hz) intervals. In classification, the same
trend is observed but with the frequency intervals corresponding to
the extracted features being medium (102-10* Hz) to low (10'-10 Hz).
Finally, it can be noted that the features extracted for the magnitude
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Fig. 4. Frequency (Hz) distribution of the extracted features by the four methods used (i.e., CM, MRMR, NCA, and t-test) across three different subsets (Subset 1, Subset 2, Subset
3), for regression (A) and classification (B) purposes. The plot is divided into five sections on the x-axis representing the frequency-dependent variables.

and real and imaginary part variables are significantly fewer com-
pared to those extracted for the other variables in both regression and
classification. It is important to note that most of the high-frequency
features considered in this study are primarily in the lower MHz range,
where the phase curves do not display any irregularities. In contrast,
at frequencies above 10 MHz, anomalous behavior was observed in
the phase curves. However, this limitation of the instrument (Fu and
Freeborn, 2019) did not affect the development of most models, as
the frequencies used for feature extraction were below this threshold.
On a biological point of view, at low frequencies (kHz range), current
mainly flows through the extracellular space due to the insulating
effect of cell membranes. Intermediate frequencies (MHz range) allow
current to penetrate the cells, providing insights into extracellular and
intracellular environments. The current bypasses the membranes at
high frequencies (MHz range) entirely, revealing intracellular proper-
ties. This broad frequency range captures different aspects of tissue
impedance, offering a comprehensive analysis (Miklavcic et al., 2006).
Moreover, an increase in the number of extracted features can elevate
the risk of overfitting, as the model may capture noise rather than the
underlying data patterns, reducing generalization performance (Yeom
et al., 2018). This issue will be the subject of further investigation to
enhance the model’s performance by identifying optimal feature sets
that minimize overfitting while preserving essential data patterns.

3.3. Regression

Fig. 5 shows the regression plots of the best model among the ones
investigated, while Table 1, exhibits the best performance regression
metrics (RMSE, R? and BIAS) for all the feature reduction methods
(CM, MRMR, NCA, t-test). Here, the results were compared with those
obtained from an analysis conducted on the full dataset (FD). The
optimization of hyperparameters is a crucial step in the development
of machine learning models, as these parameters significantly influence
the model’s performance (Feurer and Hutter, 2019). Thus, Table 1
also highlights the optimal hyperparameters for each model, which
were carefully tuned to achieve the best predictive performance and
minimize the risk of under-/over-fitting. The best prediction outcome
was associated with the Subset 3 subjected to the t-test-based feature
extraction method through a NNRM with a layers size of 5 and a sigmoid
activation parameters (Supplementary Table S1 for all the results).
The features extracted using this method for Subset 3 correspond to
frequencies below the MHz range, which are well within the instru-
ment’s operational limits and do not suffer from the errors associated
with higher frequencies, as detailed in Section 3.2. As depicted in
Table 1, this method corresponds to the lowest RMSE value (2.3 %) in
testing among those considered, leading to the fact that the difference
between the predicted variables and the true ones is small (Alamoudi
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Fig. 5. Regression plot for the best regression model (i.e., Subset 3 - t-test - NNRM algorithm). The red line represents the regression model, while the dotted yellow line indicates

the ideal regression function.

and Alamoudi, 2020). However, the difference between the training
and test datasets (0.10) is not minimal, indicating that despite the low
RMSE, it is not the most stable method among those analyzed. The R?
value of this model in training is 0.58, while in testing 0.62, the higher
between the R? testing value of the other models. The fact that our
linear regression model attained the maximum R? in testing data sug-
gests that the model effectively captures the relationships between the
variables and generalizes well to new data, without suffering from over-
fitting (Alamoudi and Alamoudi, 2020). Moreover, this method exhibits
a BIAS value in testing (0.51 %), suggesting accurate predictions with
low systematic trends, although with a positive sign that indicates a
tendency to overestimate values (Bilmes, 2020). Comparing our predic-
tions of DM content in different potato varieties using machine learning
techniques based on bioimpedance data with those based on near-
infrared (NIR) spectra from the literature, the NIR spectra generally
yield more accurate results (Wang et al., 2023; Helgerud et al., 2015,
2012; Camps and Camps, 2019). However, the NIR technique is less
efficient in terms of time and cost. To enhance our prediction model,
integrating datasets obtained from both impedance measurements and
NIR spectra through data fusion could be a promising approach. This
combined method may leverage the strengths of both techniques, po-
tentially improving predictive accuracy while maintaining a balance
between efficiency and cost-effectiveness. Different feature selection
methods produced varying results in terms of regression performance.
For instance, the model using the full dataset (FD) with 947 features
achieved a lower RMSE during training (1.9%) and testing (2.4%)
but showed a difference of 0.5% between training and testing RMSE,
suggesting a potential risk of overfitting. Very similar is the MRMR
(Subset 2) with 40 features, which exhibited slightly lower RMSE dur-
ing training (1.7%) and testing (2.4%), but a more consistent difference
of 0.7%. The NCA method on Subset 2, with only 6 features extracted,
seems to be the worst one in terms of R?, but it appears to be the most
stable. Finally, it presents also the worst case in terms of RMSE.

3.4. Classification
In Table 2, classification analysis results for potato varieties are

presented. These results were then compared with those obtained from
an analysis conducted on the full dataset, without any feature selection.

The table displays F1-score results, utilized in this study as a metric for
identifying the optimal model (Vujovi¢ et al., 2021; Ibba et al., 2021),
alongside accuracy, sensitivity, and precision metrics. Only the best
results for each feature extraction method and subset are reported in
the table (Supplementary Table S 2 for all the results). Upon compari-
son of the obtained results, it is evident that the optimal classification
model pertains to the analysis conducted on Subset 1 following the
CM features selection method considering all the frequencies (FS:1).
This model exhibits an Fl-score of 0.92 in testing, the highest among
all, and 0.96 in training, close to the highest. However, considering
the difference between training and testing of approximately 0.04
(—4.3%), it shows good stability. The algorithm that achieved the best
classification model was NNC. This model was configured with three
layer sizes of different weights and with none activation parameters.
It also showed the best values, in testing, regarding the accuracy,
sensitivity, and precision parameters. The confusion matrices presented
in Fig. 6 offer a detailed visualization of the classification performance
of the best model. In the training set, the model demonstrates robust
classification accuracy (0.96), with high true positive rates in categories
such as Actrice (34 correct classifications) and Universa (33 correct clas-
sifications). Notably, the model shows a consistent ability to distinguish
between most categories with minimal confusion, as evidenced by the
sparse off-diagonal elements, which represent confused classification.
For instance, El Mundo was misclassified once as Ambra and once
as Fontane, indicating slight confusion which could be attributed to
overlapping features within these categories.

On the testing side, the matrix reveals some variances in perfor-
mance. While Jelly maintained strong correct classifications (30 correct
classifications in training and 10 in testing) with 0 % of misclassi-
fication in train and test, some categories like Ambra and Monalisa
experienced a noticeable decrease in predictive accuracy compared to
the training phase. For example, Ambra was correctly classified four
times and misclassified two (33.33%) in the test set, down from twenty-
two times correct classifications and two misclassifications (9.09%)
in training, while Monalisa was correctly classified eleven times and
misclassified two times (18.18%) in test, down from twenty-six times
correct classifications and one misclassification (3.85%) in training. The
model using FD with 947 features yielded a high training accuracy
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Summary results of the non-linear regression model evaluation using different feature selection methods for DM prediction in potato tubers using EIS spectra.

Regression Model

FSM NoF Algorithm Optimized RMSE (%) R? BIAS (%)
Hyperparameters - - - - -
Train Test Diff. Train Test Diff. Train Test
FD 947 KRM NEM = 4341, 1.9 2.4 0.50 0.69 0.59 0.10 6.2x 1073 0.32
L = ’Lastsquares’,
4 = 4.3e-06
CM (FS:3) 64 KRM NEM = 445, 2.1 2.5 0.40 0.60 0.56 0.040 12x 107 0.31
L = ’Lastsquares’,
4 = 4.0e-06
MRMR (Subset2) 40 GPRM BF = ’Constant’, 1.7 2.4 0.70 0.73 0.59 0.14 —0.0043 0.37
KF =
’RationalQuadratic’,
o =15
NCA (Subset2) 6 ERM NN =3 2.6 2.7 0.10 0.40 0.48 0.080 2.1x107° 0.67
t-test (Subset3) 40 NNRM LS =5, 2.2 2.3 0.10 0.58 0.62 0.040 —-0.0040 0.51
A = 'Sigmoid’

FSM = Features Selection Method, NoF = Number of Features

NEM = NumExpansionDimensions, L = Learner, BF = BasisFunction, KF = KernelFunction, NN = NumNodes, LS = LayerSize, A = Activation

Train Test
1 - Actrice 1 ) 1-
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Fig. 6. Confusion matrices of the best (i.e. Subset 1 - CM, FS:1 - NNC algorithm) classification model for training (left) and test (right) data. On the left-hand side, there is the
list of the potato varieties in which the corresponding class of the confusion matrix is indicated.

(94 %) and test accuracy (92 %) with a minor difference of 2 %, exhibit-
ing reduced overfitting. In contrast, the model using MRMR (Subset 2)
with 40 features showed slightly lower accuracy in testing (91 %) while
in training it holds the same accuracy (94 %), but the difference was
3 %. Compared to existing studies, our approach to classifying potato
varieties using bio-impedance measurements has shown comparable or
even superior results in terms of accuracy and predictive capabilities.
Previous works in the literature, such as those by Ibba et al. (2021),
Lan et al. (2020), Bria et al. (2020), Zhu et al. (2019), have primarily
focused on classification tasks using alternative techniques. However,
these approaches often require more complex setups or pre-processing
steps. In contrast, our method, leveraging bio-impedance data and
machine learning, provides a simpler and more cost-effective solution,
while maintaining high classification performance.

4. Conclusions
Prediction of DM and classification of nine potato varieties, based

on impedance (and derived parameters) data were investigated in this
study. Three different conventional feature extraction methods (MRMR,

NCA, t-test) were involved in three different feature selection steps gen-
erating three different subsets (Subset 1, 2, and 3). Moreover, a features
extraction method based on correlation matrices (CM) was applied
to the frequency-dependent variables (Subset 1), taking into account
different groups of frequencies (Figs. 1 and 2.4). The prediction analysis
was done through two predefined MATLAB® functions (Section 2.4).
The results obtained were then compared to the analysis done with the
full dataset, without any feature extraction process. The results of the
regression analysis reported that, among the various methods used, the
model that achieved the best regression result was based on the analysis
conducted on Subset 3, using a feature extraction method based on
the t-test and the NNRM as regression algorithm. This model produced
an RMSE of 2.3% and R? of 0.621 in testing. While not extremely
low, the RMSE value was acceptable, indicating reasonable prediction
accuracy. The R? coefficient of 0.621 suggested that the model can
explain approximately 62.1% of the variation in potato dry matter,
providing a good approximation of the observed data. Regarding the
classification of potato varieties, the best result was obtained through
a feature extraction method based on the CM with a frequency step of
1 (Section 2.4). This model produced an F, score of 0.964, indicating
high precision and recall in classifying potato types.
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Summary results of the non-linear classification model evaluation using different feature selection methods for DM prediction in potato tubers using EIS spectra.

Classification Model

FSM NoF Algorithm Optimized F, Accuracy Sensitivity Precision

Hyperparameters - ) N - -
Train Test Diff Train Test Train Test Train Test

FD 947 KCM NED = 4460, 0.93 0.90 0.033 0.94 0.92 0.93 0.90 0.93 0.92
L = ’logistic’,
4 = 5.5e-06

CM (FS:1) 98 NNC LS = [47,14,43], 0.96 0.92 0.041 0.97 0.93 0.96 0.92 0.96 0.94
A = 'none’

MRMR (Subset 2) 40 NNC LS = [11,120,133], 0.94 0.89 0.043 0.94 0.91 0.94 0.89 0.94 0.92
A = ’none’

NCA (Subset 1) 51 KCcM NED = 628, 0.97 0.90 0.075 0.97 0.92 0.97 0.90 0.97 0.92
L = ’logistic’,
A = 6.7e-06

t-test (Subset 1) 40 NNC LS = [61,75], 0.96 0.90 0.054 0.96 0.91 0.96 0.90 0.96 0.92
A =’tanh’

FSM = Features Selection Method, NoF = Number of Features NEM = NumExpansionDimensions, L = Learner, LS = LayerSize, A = Activation

In conclusion, the application of machine learning methods for
predicting potato DM and varieties, based on impedance data, holds
promise, as they reach the same precision as conventional methods.
Given that the results of the regression model are promising but not
yet optimal, a more in-depth analysis could be undertaken. This deeper
analysis should aim to reduce the root-mean-squared error and increase
the coefficient of determination value, thereby enhancing the accuracy
of dry matter data predictions. To achieve this, various techniques
such as feature engineering, hyperparameter tuning, and advanced
modeling approaches (e.g. convolutional neural networks) could be ex-
plored. Random splitting may introduce bias or inconsistency in model
evaluation, and thus, employing methods like the Kennard-Stone algo-
rithm, which selects representative samples based on distance criteria,
could lead to more robust dataset partitioning. Additionally, incorpo-
rating data fusion with results obtained through infrared spectroscopy
could further improve the model’s performance. By integrating multiple
data sources, we could take advantage of complementary information,
which may lead to more robust and reliable predictive models. This
integrated approach not only has the potential to refine the regression
model but also to provide a more comprehensive understanding of the
underlying patterns in the data.
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