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Abstract: The detection of glucose is crucial for diagnosing diseases such as diabetes and
enables timely medical intervention. In this study, a disposable enzymatic screen-printed
electrode electrochemical biosensor enhanced with machine learning (ML) for quantifying
glucose in serum is presented. The platinum working surface was modified by chemical
adsorption with biographene (BGr) and glucose oxidase, and the enzyme was encapsu-
lated in polydopamine (PDP) by electropolymerisation. Electrochemical characterisation
and morphological analysis (scanning and transmission electron microscopy) confirmed
the modifications. Calibration curves in Cormay serum (CS) and selectivity tests with
chronoamperometry were used to evaluate the biosensor’s performance. Non-linear ML
regression algorithms for modelling glucose concentration and calibration parameters were
tested to find the best-fit model for accurate predictions. The biosensor with BGr and
enzyme encapsulation showed excellent performance with a linear range of 0.75–40 mM, a
correlation of 0.988, and a detection limit of 0.078 mM. Of the algorithms tested, the decision
tree accurately predicted calibration parameters and achieved a coefficient of determination
above 0.9 for most metrics. Multilayer perceptron models effectively predicted glucose
concentration with a coefficient of determination of 0.828, demonstrating the synergy of
biosensor technology and ML for reliable glucose detection.

Keywords: enzymatic biosensor; glucose; electrochemistry; machine learning

1. Introduction
Diabetes mellitus (DM) is one of the main causes of mortality and reduced life ex-

pectancy [1]. DM is a series of metabolic diseases characterised by hyperglycemia due to
defects in insulin secretion, insulin action or both. The condition of chronic hyperglycemia
can lead to long-term damage to, breakdown of, and/or dysfunction of various organs [2,3].

Several pathogenic processes are involved in the development of DM, from autoim-
mune destruction of pancreatic β-cells leading to insulin deficiency to changes that lead
to resistance to the action of insulin and cause disturbances in the metabolism of carbo-
hydrates, fats, and proteins. This dysfunction of insulin action is the result of insufficient
secretion of the hormone and/or a reduced tissue response to the hormone at one or more
points in the complex hormonal signaling pathways [4].
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It is possible to reduce glucose levels with lifestyle modification or medication in
people with DM, especially if implemented early, which may even delay the progression of
vascular complications. Long-term glycemic control and reduction in blood pressure and
cholesterol also reduce the risk of adverse cardiovascular outcomes [5].

Even with these alternatives, the effectiveness of these measures at the population
level is low, mainly because many cases are not diagnosed, as the general population is
not very adherent to treatment [6]. Therefore, there is an urgent need to introduce new
techniques to combat DM worldwide, improve early detection, and use pharmacological
and lifestyle interventions that prevent or delay disease progression [7].

Conventional methods of glucose detection include laboratory and optical meth-
ods, which are widely used in clinical diagnostics and diabetes management [8]. In the
colorimetric enzymatic method, glucose oxidase (GOx) is used to oxidise glucose. This
produces hydrogen peroxide, which reacts with peroxidase and produces a measurable
colour change that correlates directly with the glucose concentration [9–16]. In the enzy-
matic hexokinase method, glucose is converted to glucose-6-phosphate by hexokinase,
followed by conversion to 6-phosphogluconate by glucose-6-phosphate dehydrogenase,
producing NADPH. This NADPH is quantified by absorbance and provides highly accurate
measurements. Infrared spectroscopy offers a non-invasive alternative by measuring the
absorption of infrared light by tissue, utilising the unique vibrational frequencies of glucose
molecules [17–19].

Despite the usefulness of these methods, electrochemical biosensors have emerged as
pioneering tools for glucose monitoring [20–25]. These devices integrate a biological sensing
element with an electrochemical transducer and convert chemical or biological interactions
into measurable electrical signals. Compared to conventional techniques, electrochemical
biosensors are characterised by their rapid detection, cost-effectiveness, non-destructive
analysis, and on-site monitoring capability. Their high sensitivity, continuous measurement
capability, and potential for miniaturisation make them invaluable for real-time glucose
management. As a result, electrochemical sensors not only complement conventional
methods but also often surpass them. They pave the way for advanced, accessible, and
efficient diabetes monitoring solutions [26–28].

Enzymatic glucose biosensors have proven to be one of the most promising approaches
for monitoring DM due to their high sensitivity and selectivity. GOx is often chosen as a
biorecognition element due to its excellent stability, sensitivity, and selectivity [29–31].

A key challenge in the development of enzymatic biosensors is the immobilisation
of enzymes on the surface of the working electrode (WE). To solve this problem, many
biosensors use nanomaterials to modify the electrode, which facilitates the attachment of
enzymes and creates a supportive microenvironment that maintains enzymatic activity. In
addition, these nanomaterials improve electron transfer between the redox centre of the
enzyme or other electroactive species (e.g., mediators, reaction products) and the electrode
surface [32–34].

Biographene (BGr) offers remarkable advantages as an immobilisation matrix due
to its biocompatibility and the functional groups on its surface in combination with the
special properties of graphene, which makes it remarkably effective for biosensor appli-
cations [35,36]. Its large surface area increases the interface available for the attachment
of enzymes, resulting in higher sensitivity and lower detection limits [37–39]. In addition,
the unique electronic properties of graphene promote efficient charge transfer between the
electrode and the immobilised enzyme, which significantly improves the performance of
the biosensor. Overall, the immobilisation of GOx on a BGr support represents a power-
ful combination of biocatalysis and materials science, as it combines the unique catalytic
properties of the enzyme with the exceptional physical, chemical, and electronic properties



Chemosensors 2025, 13, 52 3 of 17

of BGr. This synergy improves the performance of electrochemical biosensors in several
ways, making them ideal for glucose monitoring, especially in real-time and point-of-care
(PoC) applications.

In the field of biosensors and detection, machine learning (ML) emerges as a tool for
data processing and analysis, e.g., in feature extraction, pattern identification or predic-
tion of species, analyte concentrations and even unknown information in qualitative or
quantitative assays.

The advantages of advanced ML methods over conventional approaches lie in their
ability to study nonlinear dependencies suitable for complex biological samples. At the
same time, they offer an unrivalled opportunity to solve urgent challenges in the field of
biosensors [40–42].

The convergence of biosensors with ML methods has crystallised a promising strategy
aimed at putting testing technologies that enable comprehensive and timely testing into
practice. In addition to enabling multiple determinations and improving the analytical
performance of devices by discriminating overlapping signals, supervised ML models can
enable accurate testing without the need for experimental methods to avoid analytical
problems such as electrode fouling, matrix effects, chemical interference, and poor signal-
to-noise ratio. ML can help read out the biosensor directly, automatically, accurately and
quickly, which is particularly important for on-site detection or diagnosis [43,44].

Machine learning techniques for nonlinear regression provide a robust method for
modelling complex and potentially highly nonlinear relationships between multiple vari-
ables, enabling valuable applications in biosensor research. By using these methods,
researchers can develop models that are able to predict calibration curve parameters for
biosensors or even directly estimate analyte concentrations, such as glucose, in biologi-
cal samples. This predictive capability is crucial for the calibration of biosensors, where
accuracy and reliability are essential for effective diagnostic use. In addition, these tech-
niques allow us to identify and quantify relationships between different input factors and
target variables, providing deeper insights into the underlying mechanisms that influ-
ence biosensor performance. Some examples of these ML algorithms are Support Vector
Regressor (SVR), Multi-Layer Perceptron Regressor (MLP), Gradient Boosting Regressor
(GB), Random Forest Regressor (RF), Decision Tree Regressor (DT), KernelRidge (KR) and
K-Neighbors Regressor (KN) [45,46].

First-generation GOx-based electrochemical glucose biosensors were developed using
two enzyme immobilisation methods, adsorption and encapsulation, with BGr as the
immobilisation matrix. Using the data obtained during the construction and calibration of
these biosensors, several non-linear regression algorithms were developed to understand
if ML methods can predict the parameters of a calibration curve or even the glucose
concentration in a sample without traditional calibration processes.

The integration of ML techniques into electrochemical biosensors for glucose has
shown remarkable potential to improve their analytical performance and predictive capa-
bilities. ML algorithms such as decision trees and multi-layer perceptron models have been
successfully used to fit the calibration curves, predict glucose concentrations, and model
complex non-linear relationships in biosensor data. For example, decision tree models
have shown high accuracy in predicting calibration parameters, achieving coefficients of
determination above 0.9 for critical metrics such as slope and y-intercept, while multi-layer
perceptron models have shown robust performance in predicting glucose levels with a
coefficient of determination of 0.828. These results illustrate how ML not only improves
the precision and reliability of glucose quantification but also enables adaptive and robust
sensor responses that pave the way for more efficient real-time and point-of-care glucose
monitoring systems.
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The paper is organized as follows. Section 2 describes the materials and methods used,
and names the chemical solutions, biochemical assembling, measurement procedures and
machine learning methods. Section 3 presents the results achieved and the last section
presents the conclusions of this work.

2. Materials and Methods
2.1. Chemicals and Solutions

Human serum was purchased from Cormay Diagnostics; D-(+)-Glucose (dextrose
monohydrate) was acquired from Alfa Aesar; Glucose Oxidase HPS300 from Aspergillus
nigger was obtained from Sekisui Diagnostics; phosphate buffered saline (PBS) tablets were
purchased from VWR; creatinine was acquired from Fluka; uric acid (≥99% crystalline)
was obtained from Sigma Aldrich; L-ascorbic acid was purchased from Riedel-De-Haen;
dopamine hydrochloride was obtained from Thermo Scientifics and urea was purchased
from Fragor.

2.2. Solutions

PBS solution (10 mM) was prepared by dissolving one pellet of concentrated PBS in
ultrapure water from the Milli-Q system. GOx enzyme solutions (10 mg mL−1) and mixed
solutions of GOx enzyme (10 mg mL−1) and dopamine (5 mM) were prepared in PBS for
subsequent application to the electrodes.

To generate calibration curves for each biosensor, glucose standards were prepared
in both PBS and Cormay serum (CS), which was filtered and diluted 50 times in PBS
buffer. Commercial human serum was pre-treated with Amicon filters (50 kDa). After
filtration, what was retained was discarded, and the filtrate was adjusted with PBS to obtain
a 50-fold dilution.

A 50 mM glucose stock solution was prepared in serum. From this stock solution,
glucose solutions were prepared by dilution in the following concentrations: 0.05 mM;
0.5 mM; 0.75 mM; 1 mM; 2.5 mM; 5 mM; 10 mM; 20 mM; 30 mM; 40 mM.

To study selectivity, solutions of potential interferents present in human serum were
prepared, including uric acid (UA, 0.070 mg mL−1), ascorbic acid (AA, 0.015 mg mL−1),
urea (0.400 mg mL−1), and creatinine (Creat, 0.013 mg mL−1). The reference solution
used was a 5 mM glucose solution in PBS to simulate physiological conditions. Interferent
concentrations were adjusted to reflect typical physiological values found in human serum.

2.3. Apparatus

Pt-SPE electrodes were purchased from Metrohm/DROPSENS and consisted of a
working and counter electrode made of platinum and a reference electrode made of silver.
Cyclic voltammetry (CV) and chronoamperometry (CA) were performed using a Metrohm
Autolab potentiostat. A DropSens switch box (DRP-DSC) was used to create an interface
between the electrodes and the potentiostat. Gilson micropipettes with adjustable volumes
(0.2–2.0 µL, 2–20 µL, 20–200 µL, 100–1000 µL, and 1000–5000 µL) were used to prepare the
various solutions required during the study for measurement volumes up to 5 mL. For
larger volumes, the solutions were prepared in volumetric flasks between 5 and 20 mL. A
Mettler Toledo balance with a measurement uncertainty of ±0.01 mg was used to weigh
the reagents. In certain situations where the resolution of the reagent was lower, a Fisher
Brand liquid stirrer with low surface tension was used. A P Selecta oven at 37 ◦C was used
to dry the layers deposited on the electrodes.

Scanning electron microscopy (SEM) analyses were performed using a high-resolution
scanning electron microscope, model JEOL JSM 6301 F, equipped with an Oxford INCA
Energy 350 energy dispersive spectrometer and a Gatan Alto 2500 detector. Transmis-
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sion electron microscopy (TEM) analyses were performed using a transmission electron
microscope, model JEOL JEM 1400, with 120 kV transmission.

2.4. Synthesis of Biographene

BGr was obtained by exfoliation of graphite in the presence of the protein bovine serum
albumin (BSA) according to reference [47], which facilitates the dispersion of the material
in water at room temperature, using a mixer. The process started with the suspension of
graphite crystals (100 mg mL−1) in 200 mL of deionised water with a pH of 7.0 containing
BSA (3.0 mg mL−1). To perform shearing, the suspension was processed in a blender for
30 min, with samples taken every 5 min to analyse the rate of exfoliation. The absorbance
at 600 nm of the suspension was measured by UV–visible spectroscopy and was used to
quantify the graphene concentration after removal of the unexfoliated graphite, which was
separated by centrifugation at 1500 rpm for 45 min. In all exfoliation experiments, precise
amounts of graphite, BSA and deionised water were added, and the speed of the blade was
adjusted as required.

2.5. Biosensor Assembling

The methods for producing biosensors were evaluated by varying the number of BGr
layers applied to the WE and by comparing two enzymatic immobilisation techniques:
adsorption and encapsulation (Figure 1). In both methods, BGr was immobilised on the
WE, followed by immobilisation of the GOx enzyme.
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Figure 1. Schematic illustration of the construction of a glucose detection biosensor. Initially, bi-
ographene is fixed onto the surface (common to both methods). In Method (A), the GOx enzyme
is immobilised by chemical adsorption, followed by glucose detection by the biosensor, and mea-
surement of the generated signal. In Method (B), a mixture of the GOx enzyme with dopamine is
absorbed, followed by dopamine electropolymerisation, glucose detection by the biosensor, and
evaluation of the biosensor’s analytical performance.

In Method A: Adsorption (Figure 1A), the GOx enzyme was directly immobilized on
a working Pt-SPE electrode pre-modified with BGr. Two configurations of nanomaterial
and enzyme layers were tested, with each layer consisting of 5 µL. First, two layers of
BGr were sequentially applied to the WE surface, followed by two layers of GOx enzyme
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solution (10 mg mL−1 in PBS). After the application of each layer, the modified electrodes
were incubated at 37 ◦C for 2 h. The biosensors were then stored overnight at 4 ◦C before
calibration. In addition, a simplified configuration was tested in which a single layer of
GOx enzyme was immobilised over a single layer of BGr.

In Method B: Encapsulation (Figure 1B), an alternative immobilization approach was
used in which a solution containing both GOx enzyme (10 mg mL−1) and dopamine (Dop,
5 mM) in PBS was used. Like method A, one and two layers of the nanomaterial and
GOx enzyme solution were tested. The solution was applied to the WE, which was then
incubated in a humid environment at 37 ◦C for 2 h. Dopamine was electropolymerized
using CV, creating a polydopamine (PDP) matrix that encapsulated the enzyme. Finally,
the biosensors were stored overnight at 4 ◦C.

This systematic approach allowed the evaluation of the effects of the immobilization
technique and the number of layers of BGr and GOx enzyme on the performance of
the biosensors.

2.6. Electrochemical Measurments

The oxidation peak of glucose on the enzyme-modified SPE, representing the reaction
catalysed by GOx, was assessed by CV. The potential range was between −0.1 and +0.8 V,
with a scan rate of 0.01 V s−1, in a solution of PBS (control) and 5 mM glucose.

To monitor the surface modification of the Pt-SPE, the following steps were performed:
(i) bare electrodes, (ii) after immobilisation of BGr and (iii) after immobilisation of GOx. CV
measurements were performed in the potential range from −0.1 to +0.8 V and a scan rate
of 0.01 V s−1, with 70 µL of PBS added to the electrode surface for each step.

The performance of the biosensor was evaluated in glucose-filtered Cormay serum
diluted 50-fold. By applying a logarithm to the concentration values, it is possible to obtain
a linear graph representing the current as a function of the logarithm of the concentrations.
In this way, a calibration curve was obtained for the current values corresponding to
60 s and 120 s for each prepared biosensor. The calibration curve was obtained using
CA at +0.4 V with standard glucose solutions ranging from 0.05 mM to 50 mM. For each
measurement, the biosensor was incubated with 70 µL of the solution with the lowest
concentration, followed by current measurements. The electrode surface was cleaned
between measurements before progressively higher concentrations were tested. The current
was recorded for 120 s, with measurements taken every 0.1 s. The slope of these straight
lines also allows conclusions to be drawn about the sensitivity and quality of the response
of the individual biosensors. The limit of detection (LOD) can also be calculated from
the CA technique results. Equation (1) [48,49] shows how to obtain this value, where the
LOD is determined using the standard deviation (σ) of three measurements of the blank
signal. The LOD is then calculated by multiplying σ by 3 and dividing by the slope of the
calibration curve:

LOD =
σ(signal blank)× 3

slope
(1)

2.7. Selectivity Studies

To calculate the selectivity of the developed biosensors, their amperometric response
to a 5 mM glucose solution was analysed in the presence and absence of interferents using
the competitive method. For this purpose, 5 mM glucose solutions were prepared with
ascorbic acid (0.015 mg mL−1), uric acid (0.070 mg mL−1), creatinine (0.013 mg mL−1) or
urea (0.400 mg mL−1).
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The CA technique was performed for each of the solutions in the same way as previ-
ously described. Assuming that the electrochemical signal of the 5 mM glucose solution
(Glu) corresponds to 100% of the signal, the interference was calculated using Equation (2):

inter f erence(%) =

∣∣∣∣ signal(Glu)− signal(Glu + inter f erent)
signal(Glu)

∣∣∣∣× 100 (2)

This study was carried out for both the biosensor prepared by adsorption and the one
prepared by encapsulation, with a BGr and a GOx layer, using current values referring to
60 s of the signal.

2.8. Machine Learning Study Components

Various nonlinear regression algorithms were applied in two different approaches.
One approach was used to predict the equation of the calibration curve of a biosensor, i.e.,
the slope (m) and y-intercept (b), as well as the lower limit (LL) and upper limit (UL) of the
linear detection range. The other approach aimed to predict the glucose concentration in a
given sample.

2.8.1. Datasets

Two different datasets were used, one to predict the parameters of the biosensor
calibration curve and the other to predict the glucose concentration. All data collected
refer to biosensors used to measure glucose solutions in CS that were filtered and diluted
50-fold. Results were only considered if the calibration curves obtained had a correlation
coefficient of more than 0.98. Similarly, only calibration curves whose slope was within a
certain range, in which the most frequent and most common values in the entire work are
found, were considered in order not to disturb the training process of the algorithm.

The dataset for predicting the parameters of the calibration curves consisted of 83 sam-
ples, each of which referred to one calibration curve. The following variables were consid-
ered as input variables: (1) Number of BGr layers; (2) Number of GOx layers; (3) time (s),
time at which the current values were recorded; (4) [enzyme] (mM), enzyme concentration;
(5) [dopamine] (mM), dopamine concentration; (6) [Glu] (mM), glucose concentration of
the stock solution used to prepare the standards in the calibration process; (7) LL current
(µA), current value corresponding to the lower limit of the linear detection range; (8) UL
current (µA), current value corresponding to the upper limit of the linear detection range.
The initial variables were m, b, LL and UL.

The dataset used to predict glucose concentrations consisted of 522 samples, each
of which corresponded to a point on the previous calibration curves. Here, the same
input variables were considered, except for the LL current, the UL current and the glucose
concentration of the mother solution. Instead, the current value corresponding to a specific
glucose concentration was taken into account.

2.8.2. Algorithms

All algorithms were imported from the Scikit-Learn library, which has simple and
efficient tools for predictive data analysis. Thus, the algorithms applied were GB, KR, SVR,
KN, RF, DT and MLR. Two different hyperparameter combinations were tested for the RF
and DT algorithms. The configuration used for each algorithm can be seen in Table 1.
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Table 1. Algorithms studied and their defined hyperparameters.

Algorithm Hyperparameters

GradientBoostingRegressor
Loss = ‘squared_error’

n_estimators = 30
random_state = 1

KernelRidge

kernel = ‘polynomial’
degree = 2

gamma = 0.1
alpha = 0.1

SupportVectorRegressor

kernel = ‘sigmoid’
C = 25

epsilon = 0.01
Max_iter = −1

KNeighborsRegressor n_neighbors = 3

RandomForestRegressor 1 n_estimators = 10

RandomForestRegressor 2 random_state = 42
n_estimators = 100

DecisionTreeRegressor 1 criterium = ‘poisson’
max_depth = 9

DecisionTreeRegressor 2 random_state = 42
criterium = ‘squared_error’

MLPRegressor

hidden_layer_sizes = (50,30,20)
activation = ‘relu’

learning_rate = ‘adaptive’
max_iter = 500

1 and 2—represent the two different combinations of hyperparameters for the RF and DT algorithms.

2.8.3. Data Processing

Before the algorithms were applied to the data sets, the absolute correlation matrix of
the input variables was calculated and variables with correlations greater than a threshold
of 0.7 were removed. This resulted in the exclusion of the “number of GOx layers” column
in both datasets.

Then, each algorithm was applied to predict each of the desired outcome variables.
For each algorithm, 20 runs were performed. At the beginning of each run, the datasets
were randomly split, 80% for the training phase and the remaining 20% for the testing
phase. In each of these runs, all different combinations of input variables (CIV) were tested
and the model whose CIV performed better at the end of that run was recorded. After the
20 runs, the set of input variables with the best performance was recorded. To calculate the
performance of the regression models, the coefficient of determination (R2) was identified.

3. Results and Discussion
3.1. Biosensor Assembling: Electrochemical Characterisation

Figure S1 shows the electrochemical control of the BGr arrangement on the SPE surface.
CV was performed in a potential range from −0.1 to +0.8 V at a scan rate of 0.01 V s−1,
with measurements performed in PBS at pH 7.4. After immobilisation of BGr on the Pt-SPE
electrode surface, an increase in current density and intensity was observed. This increase
is due to the large surface area and excellent electrical conductivity of BGr, which improve
electron transfer and the efficiency of the electrochemical reactions, resulting in a higher CV
current density. These results confirm the successful immobilisation of the nanomaterial



Chemosensors 2025, 13, 52 9 of 17

on the electrode surface. The next step in the GOx adsorption process was to deposit two
layers of GOx on the BGr-modified electrode.

Immobilisation of GOx by Adsorption and Encapsulation

After immobilising two layers of enzyme on the BGr-modified working electrode
surface, CV measurements were taken under the same conditions (Figure 2) to compare the
electrochemical signals of PBS (control) and a 5 mM glucose solution. This was measured
to determine the potential at which the enzyme oxidises glucose, using a concentration
close to the physiological value.

Chemosensors 2025, 13, 52 9 of 18 
 

 

20 runs, the set of input variables with the best performance was recorded. To calculate 
the performance of the regression models, the coefficient of determination (R2) was 
identified. 

3. Results and Discussion 
3.1. Biosensor Assembling: Electrochemical Characterisation 

Figure S1 shows the electrochemical control of the BGr arrangement on the SPE 
surface. CV was performed in a potential range from −0.1 to +0.8 V at a scan rate of 0.01 V 
s−1, with measurements performed in PBS at pH 7.4. After immobilisation of BGr on the 
Pt-SPE electrode surface, an increase in current density and intensity was observed. This 
increase is due to the large surface area and excellent electrical conductivity of BGr, which 
improve electron transfer and the efficiency of the electrochemical reactions, resulting in 
a higher CV current density. These results confirm the successful immobilisation of the 
nanomaterial on the electrode surface. The next step in the GOx adsorption process was 
to deposit two layers of GOx on the BGr-modified electrode. 

Immobilisation of GOx by Adsorption and Encapsulation 

After immobilising two layers of enzyme on the BGr-modified working electrode 
surface, CV measurements were taken under the same conditions (Figure 2) to compare 
the electrochemical signals of PBS (control) and a 5 mM glucose solution. This was 
measured to determine the potential at which the enzyme oxidises glucose, using a 
concentration close to the physiological value. 

As shown in Figure 2A, the current signal was higher in the presence of glucose. A 
peak is observed at approximately +0.4 V, which corresponds to the electro-oxidation 
potential of glucose. This peak represents the potential at which the reaction catalysed by 
the GOx enzyme occurs. 

 

Figure 2. Voltammograms obtained in PBS and in a 5 mM glucose solution at a scan rate of 0.01 V 
s−1. In Image (A), GOx was immobilised by adsorption. In Image (B), PDP was used as the 
immobilisation matrix for GOx. 

The procedure was repeated for the biosensor developed using the encapsulation 
method, also with two enzyme layers. As shown in Figure 2B, the results were comparable 
to those of the BGr-modified biosensor. These results confirm that the biosensor responds 
to glucose and demonstrate that the optimal potential to promote the enzymatic reaction 

Figure 2. Voltammograms obtained in PBS and in a 5 mM glucose solution at a scan rate of 0.01 V s−1.
In Image (A), GOx was immobilised by adsorption. In Image (B), PDP was used as the immobilisation
matrix for GOx.

As shown in Figure 2A, the current signal was higher in the presence of glucose.
A peak is observed at approximately +0.4 V, which corresponds to the electro-oxidation
potential of glucose. This peak represents the potential at which the reaction catalysed by
the GOx enzyme occurs.

The procedure was repeated for the biosensor developed using the encapsulation
method, also with two enzyme layers. As shown in Figure 2B, the results were compa-
rable to those of the BGr-modified biosensor. These results confirm that the biosensor
responds to glucose and demonstrate that the optimal potential to promote the enzymatic
reaction for both preparation methods is +0.4 V. Consequently, this potential was chosen
for CA to ensure significant amperometric responses. The relative standard deviation
(RSD) between the measurements was 2.04% for the adsorption method and 11.6% for the
encapsulation method.

3.2. Morphological Characterisation of Electrodes

The electrode was characterised by SEM for the unmodified Pt-SPE electrode and Pt-
SPE electrodes modified with BGr, with GOx and with the GOx encapsulation methodology
with PDP. BGr was also characterised by the TEM technique.
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3.2.1. SEM Analysis

Figure 3 shows the results of the SEM analysis, which allowed us to verify differences
in the surface morphology of the electrodes during the various stages of the construction of
the biosensor.
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Figure 3. SEM analysis at different magnifications: 1–10,000× = 10 µm; 2–50,000× = 2 µm. Unmodi-
fied platinum electrode (A1,A2); Biographene fixation (B1,B2); GOx immobilisation by adsorption
(C1,C2); PDP as a matrix for the immobilisation of GOx (D1,D2).

Figure 3B confirms the presence of the BGr layer on the Pt-SPE surface, where de-
posited and agglomerated graphene layers can be observed. However, the immobilisation
of the GOx enzyme could not be directly confirmed due to its small size, which is in the
range of a few nanometres. Figure 3D illustrates the enzyme encapsulation method using
PDP, where the presence of a thin film can be visualised, especially when compared with
the image of the unmodified Pt-SPE (Figure 3A) and the electrode modified only with BGr
(Figure 3B). These results confirm the presence of both the nanomaterial and the polymer
on the surface of the working electrode.

3.2.2. TEM Analysis

Figure 4 shows the TEM microscopy analysis of the BGr nanomaterial. The TEM
analysis allowed us to observe the graphene sheets that make up BGr in detail. The
different orientations of the graphene sheets as well as the presence of porous regions
(visible as white zones) indicate that the material is polycrystalline.
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3.3. Analytical Response of the Electrochemical Biosensor
3.3.1. Calibration in Human Serum

Calibration curves were created in Cormay human serum to establish the relationship
between the measured current and the logarithm of the glucose concentration. The influ-
ence of the number of layers on the performance of the biosensor was analysed. Biosensors
modified with one layer of BGr and GOx enzyme and those with two layers were eval-
uated for both preparation methods. Current values were recorded after 60 and 120 s
(Figures 5, 6, S2 and S3) using the CA technique. The glucose concentrations used for cal-
ibration were 0 mM, 0.05 mM, 0.5 mM, 0.75 mM, 1 mM, 2.5 mM, 5 mM, 10 mM, 20 mM,
30 mM, 40 mM, and 50 mM.
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Figure 5. Chronoamperograms and respective calibration curves obtained in CS, after immobilisation
of one layer (A,B) and two layers (C,D) of GOx enzyme by adsorption. (A,C) show the chronoamper-
ograms with the presence of GOx in response to the variation in glucose concentrations (0.05–50 mM).
(B,D) display the calibration curves of the current response as a function of the logarithmic glucose
concentration for the time of 60 s.
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Figure 6. Chronoamperograms and respective calibration curves obtained in CS, after immobili-
sation of one layer (A,B) and two layers (C,D) of GOx enzyme by encapsulation. (A,C) show the
chronoamperograms with the presence of GOx in response to the variation in glucose concentra-
tions (0.05–50 mM). (B,D) display the calibration curves of the current response as a function of the
logarithmic glucose concentration for the time of 60 s.

Calibration curves were generated for biosensors with combinations of one and two
layers developed by the adsorption and encapsulation methods. When one layer of GOx
was immobilised by the adsorption method (Figures 5A and 6B), a biosensor with a
sensitivity of 2.8424 µA/log([Glu]) was obtained for a linear detection range between
0.75 and 50 mM with an LOD of 0.012 mM. When two layers of GOx were immobilised using
the same method (Figure 5C,D), a biosensor with higher sensitivity (3.7746 µA/log([Glu]))
was obtained for a linear detection range between 0.75 and 30 mM with an LOD of 0.089 mM.
The encapsulation method, on the other hand, made it possible to obtain a highly sensitive
biosensor (8.7334 µA/log([Glu])) for a linear detection range between 0.75 and 40 mM with
an LOD of 0.078 mM when an enzyme layer was applied (Figure 6A,B). When applying
two layers with the same method (Figure 6C,D), it was possible to obtain an even higher
sensitivity (8.7943 µA/log([Glu])) for a linear detection range between 0.75 and 20 mM
with an LOD of 0.051 mM.

When analysing the calibration curves obtained (Figure 6), it becomes clear that the use
of more layers of BGr and GOx leads to biosensors with higher sensitivity, but with a shorter
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linear detection range. Comparing the two immobilisation methods, the encapsulation
method provides a higher sensitivity than the adsorption method but has a shorter linear
detection range. In all cases analysed, the results considering current values for 60 s were
always more satisfactory, as they had a higher sensitivity with the same linear detection
range as for 120 s (Figures S2 and S3).

Thus, of all the biosensors developed, the one in which a GOx layer was immobilised
by the encapsulation method showed the best performance, as it exhibited high sensitivity
(8.7334 µA/log([Glu])) over a comprehensive linear detection range (0.75–40 mM) with an
LOD of 0.078 mM.

3.3.2. Selectivity Studies

Selectivity studies were performed to determine how serum species could potentially
influence the response of the biosensor to the glucose target. The species analysed were
ascorbic acid, uric acid, creatinine and urea.

As can be seen in Figure 7, none of the species caused interference of more than 15%.
From this we can conclude that the biosensors developed by adsorption (Figure 7A) and
encapsulation methods (Figure 7B) are highly selective for glucose.
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Figure 7. Selectivity studies using a competitive method between glucose and the interfering species,
after immobilisation of GOx by adsorption (A) and by encapsulation (B). The interfering species
studied were creatinine, uric acid, urea and ascorbic acid.

3.4. Machine Learning Results

The best models obtained for each of the output variables analysed were plotted,
as shown in Figure 8. The DT algorithm showed the best performance in predicting the
parameters of the calibration curve: b (R2 = 0.979; CIV = number of BGr layers, time,
[enzyme], [dopamine], LL current, UL current), m (R2 = 0.905; CIV = number of BGr layers,
UL current), UL (R2 = 0.953; CIV = number of BGr layers, time, [enzyme], [dopamine],
[Glu], LL current) and LL (R2 = 0.830; CIV = time, [enzyme], [dopamine], [Glu], LL current).
This can be explained by the fact that the dataset used for this task was small. In contrast,
for glucose prediction, for which a larger dataset was used, the model that performed
better was the MLP (R2 = 0.828; CIV = number of BGr layers, time, [enzyme], [dopamine],
current). Since models with coefficients of determination greater than 0.8 were obtained for
all the output variables analysed, it can be concluded that the algorithms developed have a
good predictive capacity for the proposed tasks.
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4. Conclusions
By immobilising a GOx layer by the encapsulation method, a highly sensitive biosen-

sor (8.7334 µA/log([Glu])) was obtained for a linear detection range between 0.75 mM and
40 mM with high selectivity for glucose. It could be seen that the use of more GOx layers
leads to higher sensitivity but shortens the linear detection range. In addition, the encapsu-
lation method resulted in biosensors with higher sensitivity than the adsorption method.

The DT algorithms proved capable of predicting the values b, m, UL and LL of a
calibration curve with high reliability. The same could be observed considering the MLR
algorithm for glucose concentration. It should be noted that the data set used was not very
extensive. A larger amount of data could improve predictive ability. Similarly, increasing
the number of iterations could lead to more reliable results. However, it is possible to
change and test even more combinations of hyperparameters of the analysed models to
obtain even better performances. Another way to improve these algorithms would be
to include even more input variables that might affect the performance of a biosensor,
such as the temperature at the time of measurement, the pH of the samples or even the
enzyme solutions, the humidity and much more. It should also be noted that these data
refer to glucose solutions in 50-fold diluted and filtered CS. An interesting study would be
the prediction of calibration curves and glucose concentrations for human blood samples,
considering all concentrations of interfering factors in human blood that could influence
the measurements. Ideally, each biosensor should only be used once, as each measurement
could influence subsequent results, especially through the loss of enzyme. The datasets in
this work contain consecutive readings for different biosensors, which could also affect the
performance of the algorithms and complicate the prediction work. Another interesting
study would be to create a similar dataset to the one used, but this time perform only a
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single measurement for each biosensor. Although this study would require more resources
and time, it would be possible to ensure a more secure analysis of the data and further
improve the performance of the algorithms.

In conclusion, this study suggests that ML and nonlinear regression models can be
used in the field of biosensors to predict their calibration curves without the need to
perform the traditional calibration process, or even to predict the glucose concentration in
samples without the need for calibration. This can reduce time, resources and money and
ensures a more reliable measurement, as the biosensor has not undergone such a process
and maintains the best quality.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/chemosensors13020052/s1. Figure S1. Graphical representation of CV
readings in PBS buffer, comparing measurements before and after biographene fixation; Figure S2.
Calibration curves obtained in CS after the adsorption-based immobilization of the GOx enzyme with
one layer (A) and two layers (B), showing the current response as a function of logarithmic glucose
concentration at 120 s; Figure S3. Calibration curves obtained in CS after the encapsulation-based
immobilization of the GOx enzyme with one layer (A) and two layers (B), showing the current
response as a function of logarithmic glucose concentration at 120 s.
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