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Abstract

This study presents a cost-effective enzymatic urea biosensor developed on a screen-printed carbon
electrode (SPCE) using a sequential layer-by-layer modification strategy. A conductive polypyrrole
(PPy) scaffold was electrochemically deposited to mitigate the restacking of reduced graphene oxide
(rGO) sheets, creating a high-surface-area matrix for the covalent immobilization of urease (Urs).
Evaluated in phosphate-buffered saline (PBS), the biosensor exhibited a linear response from PBS
blank (0 mM) to 30 mM urea, with a calculated limit of quantification (LOQ) of 12.17 uM, a limit
of detection (LOD) of 3.65 uM, and an area-normalized sensitivity of 3.68 pA-mM-cm2. The
device demonstrated high precision with relative standard deviations (RSDs) below 3%, robust
storage stability (93% retention after 4 weeks), and good selectivity against physiological
interferents. Beyond experimental testing, an explainable machine learning (ML) workflow was used
as a supportive post hoc analysis to analyze the influence of fabrication variables and to benchmark
urea concentration prediction against conventional electrochemical calibration. Overall, this work
presents an engineering-optimized PPy/rGO/Urs modification strategy compatible with disposable
SPCE fabrication for urea sensing in PBS and provides a transparent, ML-assisted data-analysis
framework for sensor optimization and interpretation under controlled bench-validation conditions.
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1. Introduction

Urea is a critical biomarker for diagnosing chronic kidney

clinical and point-of-care (PoC) applications, which often
involve the complex handling of biological fluids [4].
While traditional methods (e.g., spectrometry,

disease (CKD) and monitoring metabolic health [1], with
physiological concentrations ranging from ~2.5-7.5 mM
in blood serum to ~20-25 mM in sweat [2,3]. Deviations
from these ranges motivate the development of rapid and
accessible analytical tools, including those intended for

chromatography) are accurate, their complexity and cost
limit their utility in resource-limited environments [5].

In contrast, electrochemical biosensors offer a viable
alternative, providing simplicity, cost-effectiveness, and
miniaturization potential [6].
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These sensors typically employ urease (Urs) to
catalyze wurea hydrolysis, generating measurable
electrochemical signals [2]. However, their performance
is often limited by the poor conductivity, insufficient
surface area, and suboptimal electron transfer kinetics of
conventional electrode materials [7,8].

To address these limitations, the integration of
nanomaterials and conductive polymers is essential [9].
The combination selected in this study prioritizes
performance and manufacturability: Screen-printed
carbon electrodes (SPCEs) offer cost-effectiveness and
scalability [10]; polypyrrole (PPy), a conductive polymer,
provides enhanced conductivity and mechanical stability
[11]; and reduced graphene oxide (rGO), a nanomaterial,
offers a high surface area, excellent electron transfer
characteristics, and a suitable substrate for Urs
immobilization [12,13].

Although PPy/rGO composites have been extensively
studied in electrochemical applications [14-17], along
with other nanocomposites for urea detection [13,18-21],
their effective implementation on SPCE platforms
remains challenging. A key issue is the tendency of rGO
sheets to restack through n—m interactions, which
significantly limits the accessible electrochemically active
surface area (EASA), particularly given the unique
topography of SPCEs [22,23].

To address this specific challenge, a sequential layer-
by-layer fabrication approach was developed. A porous
PPy scaffold is first electrodeposited to act as a spacer,
followed by drop-casting of rGO sheets, enabling
electrostatic adsorption/assembly on the PPy/SPCE
surface [15,23-25].

This strategy aims to maximize rGO dispersion and
enhance EASA for stable Urs immobilization. Given the
extensive prior literature on PPy/rGO composites and
urease-based urea sensors, the contribution is positioned
not as a new urea-sensing concept, but as an engineering-
and manufacturability-oriented implementation on
disposable SPCEs. Specifically, we (i) design a sequential
PPy spacer/rGO architecture to mitigate rGO restacking
on the SPCE topography and improve fabrication
reproducibility for efficient Urs immobilization, and (ii)
apply an explainable machine learning (ML) workflow as
a supportive post hoc analysis to evaluate the effects of
key fabrication/sensing variables and to benchmark
concentration  prediction  alongside  conventional
electrochemical calibration, building on recent ML-
assisted sensor studies [4,21,26,27]. Here, ML is used as
an auxiliary tool for validation and interpretability, not as
a substitute for classical electrochemical optimization;
given the limited dataset size and controlled PBS
conditions, the ML results are presented as supportive
evidence (e.g., variable importance and consistency
checks) and are not intended to support clinical decision-
making.
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2. Experimental

2.1. Chemicals and Apparatus

Urease (Type IX, from jack beans, Cat. No. U4002-
100KU), pyrrole monomer, reduced graphene oxide
(rGO), 1-ethyl-3-(3-dimethylaminopropyl) carbodiimide
(EDC), and N-hydroxysuccinimide (NHS) were
purchased from Sigma-Aldrich. Sulphuric acid (H2SO4),
urea, glucose, ascorbic acid, creatinine, uric acid,
potassium chloride (KCI), and potassium
ferrocyanide/ferricyanide (K4[Fe(CN)s]/Ks[Fe(CN)s])
were obtained from Merck. Phosphate-buffered saline
(PBS, 20 mM) was prepared from Na2HPO4, KH2POs4, and
NaCl and used as the supporting electrolyte [28]. SPCEs
(DropSens DRP-110) comprised a carbon working
electrode (WE, 4.0 mm diameter), a carbon counter
electrode (CE), and an on-chip silver reference electrode
(RE) on a ceramic substrate. Electrochemical
measurements were performed using a Metrohm Autolab
PGSTAT302N potentiostat/galvanostat (NOVA 2.1.7).
Scanning electron microscopy (SEM) employed a LEO
1450VP. ML analysis was conducted using Python 3.9.7
with scikit-learn 1.1.2 and SHAP 0.41.0.

2.2. Electrochemical Measurements

All electrochemical measurements were conducted at 25
+ 2 °C using independently fabricated electrodes (n = 6),
unless otherwise stated. Sensor characterization was
performed by cyclic voltammetry (CV) and
electrochemical impedance spectroscopy (EIS) in 10 mM
[Fe(CN)s]*/* solution (0.1 M KCI). CV was conducted
from —0.5 V to +0.7 V (vs. Ag RE) at 50 mV/s to assess
electron-transfer kinetics through anodic and cathodic
peak currents (/,q, I,c) and peak separation (AE,). EIS was
performed from 0.1 Hz to 100 kHz at open-circuit
potential with 10 mV amplitude to determine charge
transfer resistance (R.) [29]. For quantitative analysis,
differential pulse voltammetry (DPV) was conducted in
20 mM PBS from —0.6 V to +0.4 V (scan rate: 10 mV/s,
pulse amplitude: 50 mV, pulse width: 50 ms). The DPV
peak current served as the analytical signal for
performance evaluation [13].

2.3. Biosensor Preparation and Machine Learning—
Based Analysis

2.3.1. Biosensor Fabrication and Sensing Mechanism

The stepwise fabrication of the PPy/rGO/Urs-modified
SPCE, together with the associated ML-assisted analysis
workflow, is illustrated in Fig. 1. First, bare SPCEs were
cleaned, dried under nitrogen, and electrochemically
activated via CV (3 cycles, 2.5 to +2.5 V vs. Ag RE, 100
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mV/s) in 0.1 M H2SOs [30]. A PPy scaffold was then
electropolymerized onto the WE by a single CV cycle
(0.2 to +1.0 V, 20 mV/s) in a solution containing 0.025
M pyrrole and 0.25 M H.SOs, followed by rinsing to
remove unreacted monomer [15,29]. Subsequently, 2 pL
of an rGO suspension (6 g/L, ultrasonicated for 2 h) was
drop-cast onto the PPy layer and dried to form the
composite film (with electrostatic adsorption/assembly)
[15,31]. Finally, Urs was immobilized using EDC/NHS
chemistry: rGO surface carboxyl groups were activated
with EDC/NHS (2 mM EDC and 5 mM NHS in PBS pH
7.0, 10 min, 25 °C), followed by incubation with 2 pL of
Urs solution (5 mg/mL in PBS pH 7.0) for 1 hat 37 °C to
form covalent amide bonds. The electrode was rinsed with
PBS to remove unbound enzyme, yielding the final
biosensor [13,15,16,32,33]. The detection principle relies
on the enzymatic hydrolysis of urea:

(NH2).CO + H20 — 2NH3 + CO:2

In the PBS electrolyte, the reaction products form
ammonium (NH4"), bicarbonate (HCOs"), and hydroxide
(OH") ions, causing a local pH increase at the electrode
surface. The PPy/rGO composite acts as a pH-sensitive
transducer; the pH shift induces deprotonation and
dedoping of the PPy backbone, altering the film's
conductivity and electrochemical behavior. This change is
recorded as a variation in the DPV peak current, which is
proportional to the urea concentration [2,13,18,19].

2.3.2. Machine Learning Modeling Strategy

After biosensor preparation and electrochemical
characterization, ML was used as a supportive analysis
based on two datasets derived from the optimized
platform. Dataset 1 (biochemical optimization) contained
96 observations from 16 experimental conditions (n = 6
per condition) and used Urs concentration,
immobilization time, PBS pH, and response time as inputs
to model the DPV peak current (output), thereby
validating the fabrication/optimization workflow. Dataset
2 (urea quantification under buffered and interference
conditions) contained 132 observations from 22
experimental groups (n = 6 per group) and used the DPV
peak current as input to predict urea concentration
(output), spanning 12 urea concentration levels (0-30
mM) together with 10 additional selectivity/interference
groups  to benchmark concentration-prediction
performance alongside conventional electrochemical
calibration. ML is used here as a supportive, post hoc
analysis for validation and interpretability, not as an “ML-
enhanced sensing” claim. Because the datasets are small
and obtained in controlled PBS conditions,
generalizability to independent batches or real clinical
matrices is not claimed. Future studies should evaluate
cross-batch validation and uncertainty/noise-robustness
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analysis to better assess model generalizability beyond
controlled PBS conditions. To address the limited sample
size and mitigate the risk of overfitting, a rigorous
Grouped Nested Cross-Validation (GNCV) strategy was
implemented [34,35]. The outer loop employed a Leave-
One-Group-Out (LOGO) split for unbiased evaluation,
while the inner loop utilized a four-fold GroupKFold on
the training set for hyperparameter tuning via Grid Search.
The use of GroupKFold ensures that all replicates of a
specific experimental condition remain together in either
the training or validation set, thereby preventing
information leakage between replicates. To strictly avoid
data leakage, all preprocessing steps, including low-
variance feature removal and standardization, were
performed within the cross-validation pipeline, applied
solely to the training data of each fold [36]. Candidate
models included linear regressors such as partial least
squares (PLS), ridge regression (RR), lasso (Lasso), and
elastic net (ENet), as well as non-linear models including
support-vector regression (SVR), random forest (RF),
histogram gradient boosting (HistGB), extra trees (ET),
XGBoost (XGB), and multilayer perceptron (MLP)
[26,27,37,38]. Model performance was evaluated on the
unseen test data using the coefficient of determination
(R?), mean absolute error (MAE), and root mean squared
error (RMSE), calculated according to Egs. (1)—(3)
[26,27,39]:

21 _ Zin=1(}’i'§’i)2
R =S M
MAE = Slyi-9il )
n

RMSE = ’Z?=1(3;1—37L)2 (3)

where y; and y; represent the observed and predicted
values, y is the mean of observed values, and »n is the
number of samples. For these metrics, lower MAE/RMSE
and higher R’ indicate better performance. Finally, to
interpret the "black-box" nature of the top-performing
non-linear models, Shapley Additive Explanations
(SHAP) analysis was conducted on the biochemical
dataset to quantify the specific contribution of each
feature to the model output [40].

3. Results and Discussion

3.1. Optimization of Fabrication and Sensing
Variables

3.1.1. Platform Fabrication and Optimization

Stepwise SPCE modifications resulted in a suitable
platform for Urs immobilization, with optimization data
summarized in Table 1.
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Figure 1. Workflow for preparing PPy/rGO/Urs-modified SPCEs and ML analysis of electrochemical data

First, electrochemical H>SO. activation cleaned the
electrode, increasing I,, by ~14% and decreasing AE, by
~28% compared to the inactive SPCE [41]. Next,
electropolymerization with 0.025 M pyrrole further
increased I, by ~89% and reduced AE, by ~63% relative
to the activated SPCE; notably, lower pyrrole
concentrations produced incomplete films, while higher
concentrations formed passivating layers  [42].
Subsequently, standalone rGO deposition on the SPCE
surface, even at the optimal concentration of 12 g/L,
exhibited sluggish kinetics due to sheet restacking. At
higher concentrations (24 g/L), this led to surface
blockage and undefined peaks.

In contrast, depositing rGO onto the SPCE/PPy
surface at the optimized rGO loading (6 g/L) mitigated
restacking, as the PPy scaffold acted as a conductive
spacer to limit sheet aggregation. This optimized
configuration outperformed standalone rGO in both I,
and AE, [43]. Compared to PPy alone, the PPy/rGO
composite delivered ~44% higher 7,, with only a small
AE, increase attributable to interfacial contact resistance,
indicating that the conductivity gain outweighs the minor
kinetic penalty [23,25].

Finally, a 10 min EDC/NHS activation optimally
primed rGO’s carboxyl groups for enzyme coupling, with
shorter activations remaining incomplete and longer
exposures causing NHS ester hydrolysis and signal loss
[15,16,32,33]. Collectively, these optimized steps yielded
a well-suited surface for Urs immobilization.
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3.1.2. Biosensing Parameter Optimization

Following platform fabrication, the biosensor's analytical
parameters were optimized using DPV at 10 mM urea
(Fig. 2). A representative urea concentration of 10 mM
was used for one-factor-at-a-time optimization; full
calibration was then performed under the optimized
conditions.

Urs at 5 mg/mL was identified as optimal; lower
amounts provided insufficient catalytic sites, whereas
higher amounts caused steric crowding and mass transfer
limitations (Fig. 2a) [44-47]. An immobilization time of
60 min ensured complete enzyme attachment without
risking denaturation associated with prolonged exposure
(Fig. 2b) [13].

Similarly, a pH 7.0 buffer produced the highest signal,
consistent with the optimal pH activity of free Urs (Fig.
2¢) [13,46]. Finally, a 60 s response time was sufficient to
reach a steady-state signal (Fig. 2d). Together, these
interdependent optimizations provided a robust baseline
for subsequent analytical studies.

3.2. Physicochemical and Electrochemical
Characterization

3.2.1. Surface Morphology

SEM imaging (Fig. 3) revealed distinct morphologies at
each modification stage. The bare SPCE surface exhibits
a micro-rough carbon-ink topography [48].
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Table 1. Optimization of electrode fabrication parameters

Optimization Step Lo (LA) AE, (mV)
Surface State

Inactive SPCE 212.7+3.5 4448 +7.5
Active SPCE 241.8+3.6 322.3+9.0
Pyrrole (M)

0.01 322.1+23 365.9+10.4
0.025 456.8+5.5 119.2+99
0.05 272.9+2.0 3189+ 13.4
0.1 182.8 £2.1 336.5+8.7
rGO (Direct) (g/L)

3 275.7+2.8 2182+ 11.8
6 342.6 +4.5 276.9 £ 11.0
12 395.4+4.7 3122+ 11.1
24 N/A N/A

rGO (on PPy) (g/L)

3 560.5+3.5 4532+12.3
6 655.7+4.3 135.9+9.0
12 386.2+3.5 394.5+10.4
24 269.2+£3.0 436.4+11.8
Activation (min)

5 556.7+5.5 4414+7.6
10 531.1+54 147.7+7.6
20 303.8+2.3 436.4+104
30 N/A N/A

CV performed in 10 mM [Fe(CN)s]* 7+~ (0.1 M KCI). Data: mean + SD (n = 6). N/A: no discernible redox peaks
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Figure 2. Optimization of biosensing parameters via DPV in 10 mM urea: (a) Urs concentration, (b) immobilization time, (¢) pH, and (d) response time
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Figure 3. SEM images of (a) bare SPCE, (b) SPCE/PPy, and (c) SPCE/PPy/rGO

Electropolymerization of pyrrole forms a PPy layer
with a porous, cauliflower-like network that serves as a
conductive scaffold [29,49]. Subsequently, rGO
deposition uniformly covers the PPy layer with wrinkled
graphene sheets. Crucially, these images confirm that the
PPy underlayer effectively limits rGO restacking,
providing a highly accessible surface area suitable for
efficient enzyme immobilization [50].

3.2.2. Electrochemical Characterization and Validation
of Enzyme Immobilization

Electrochemical characterization was performed using
CV and EIS to monitor the stepwise assembly. CV
analysis (Fig. 4a) demonstrated that the optimized
PPy/rGO composite increased 1,, by ~170% and
decreased AE, by ~58% compared to the activated bare
SPCE, indicating significantly enhanced electron transfer
kinetics. Following enzyme immobilization, /,, decreased
by ~34% (to ~431.4 nA) and AE, increased by ~137% (to
~323 mV). This decrease in /,4, together with the increase
in AE, is consistent with successful enzyme
immobilization, as the protein layer hinders electron
transfer of the redox probe [51]. Consistently, EIS
measurements of the R. (Fig. 4b) corroborated these
findings. R dropped significantly by ~76% (from ~97 Q
to ~23 Q) after PPy modification, but subsequently rose

¢ 10.57647/ijic.2026.1701.03

slightly to ~30 Q upon rGO deposition due to interflake
contact resistance. Despite this minor rise, the large CV
current enhancement indicates that the expanded surface
area from the PPy/rGO layer outweighs the small
impedance increase. Most importantly, after enzyme
attachment, Rct rose sharply to ~105 Q. This pronounced
rise in R. (~250%) is consistent with formation of an
insulating protein layer and substantial enzyme coverage
on the rGO scaffold [52]. To validate enzymatic
functionality, CV and DPV responses were measured in
10 mM urea solution.

The CV responses (Fig. 4c) showed that control
electrodes (bare SPCE, SPCE/PPy, SPCE/PPy/rGO)
exhibited only minimal background currents, whereas the
fully modified SPCE/PPy/rGO/Urs electrode displayed a
distinct anodic peak associated with urea hydrolysis.
Similarly, DPV (Fig. 4d) revealed negligible background
signals for the control electrodes but a pronounced
catalytic peak for the enzyme-functionalized electrode.

These results demonstrate that the immobilized Urs
actively catalyzes urea hydrolysis on the final electrode,
generating localized pH and ionic changes that are
transduced by the conductive PPy/rGO matrix into a clear
electrochemical signal. This dual-technique validation
confirms that the enzyme retains its biocatalytic activity
and underscores the platform’s effectiveness for urea
detection.
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3.2.3. Electroactive Surface Area (EASA)

To quantify the surface enhancement, scan-rate-
dependent CVs were recorded for the bare SPCE and the
SPCE/PPy/rGO/Urs electrode (Fig. 5). Following the
methodology of Trachioti et al. [53], and since both
electrodes showed AE, > 200mV (indicative of
irreversible redox behavior), the modified Randles—
Sevcik equation for irreversible systems (Eq. 4) was
employed:

I, =2.99x10°4C \JaDv “)

Here, I, is the peak current (A), o is the transfer
coefficient, 4 is the electroactive surface area (cm?), D is
the diffusion coefficient (7.6 x 107¢ cm?¥s), C is the redox
probe concentration (mol/cm®), and v is the scan rate
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(V/s). The transfer coefficient a, representing the apparent
electron-transfer kinetics under irreversible conditions,
was determined experimentally by averaging values
derived from the cathodic peak potential (Epc) and the
half-peak potential (Ep»c) using Eq. 5:

|Epe — Epjacl = % (mV, at 25 °C) Q)

Based on these calculations, the average o decreased
from 0.460 (bare SPCE) to 0.347 (SPCE/PPy/rGO/Urs),
consistent with increased kinetic irreversibility of the
redox probe after Urs immobilization. The decrease in «
is therefore interpreted as an indicator of increased kinetic
irreversibility caused by protein-layer-induced interfacial
blocking/heterogeneity, rather than a contradiction to the
enhanced net surface accessibility provided by the
PPy/tGO scaffold; this interpretation is also consistent
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with the increased AE, and R. observed after Urs
immobilization (Fig. 4a-b).

Using the slopes of the corresponding Randles—Sevcik
plots (Fig. 5) with these a values, the apparent EASA was
calculated as 0.187 cm? for bare SPCE and 0.467 cm? for
SPCE/PPy/rGO/Urs. Although enzyme immobilization is
intrinsically passivating, the PPy/rGO hierarchical
scaffold substantially increases surface roughness and
forms a percolated conductive network; therefore, even
after Urs deposition, a large fraction of the scaffold
remains electrochemically accessible to the redox probe.
Accordingly, the EASA reported for the final
SPCE/PPy/rGO/Urs electrode should be interpreted as an
apparent/operational electroactive area under the sensing
configuration, which provides a relevant basis for areal
normalization of the measured response. Furthermore, the
surface roughness factor, defined as EASA divided by the
geometric area of the WE (0.126 cm?), rose from 1.49 for
bare SPCE to 3.72 for the final biosensor, confirming the
superior functional surface area provided by the 3D
scaffold.

3.3. Electroanalytical Performance
3.3.1. Linear Range, Sensitivity, and Limit of Detection

The quantitative performance of the biosensor was
assessed using DPV in buffered urea solutions (Fig. 6).
The sensor exhibited a linear response from PBS blank (0
mM) to 30 mM urea (Fig. 6a). The corresponding
calibration plot (Fig. 6b) reveals an excellent linear
relationship (R? = 0.998) between the peak current and
urea concentration. From the slope of this plot, the

sensitivity was determined to be 1.72 pA-mM™.
Normalizing this value to the electroactive surface area
(0.467 cm?) vyielded an areal sensitivity of 3.68
LA-mM™7-cm™ [26].

The limit of detection (LOD) and limit of quantification
(LOQ) were calculated using standard criteria (LOD =
36/S and LOQ = 100/S), where S is the sensitivity (slope)
and o is the standard deviation of the blank signal
(determined from ten independent blank measurements)
[13,54,55]. Based on these parameters, the biosensor
achieved an LOD of 3.65 pM and an LOQ of 12.17 uM.

3.3.2. Selectivity and Interference Study

Biosensor selectivity was evaluated against common
interferents at physiologically relevant concentrations,
including NaCl (150 mM), KC1 (10 mM), glucose (5
mM), ascorbic acid (1 mM), creatinine (I mM), and uric
acid (1 mM). The relative response (RR) for each
interferent was calculated using Eq. 6:

RR (%) = Hx 100 % (6)

where [; is the mean peak current for the interfering
substance, /, is the mean peak current for I mM urea, and
I, is the mean background current of the PBS blank. As
shown in Fig. 7a, with 1 mM urea as the reference (100%),
all individual interferents produced an RR below 10%
[13]; KCI showed the largest individual effect (~9.5%),
while the others remained between ~2—5%. In a mixed-
interferent PBS condition containing 1 mM urea and all
interferents, the signal increased by ~14.6% relative to
urea alone.
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Figure 6. (a) DPV responses for 0-30 mM urea; (b) Calibration: peak current vs. urea conc. Data: mean = SD (n = 6).
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Table 2. Statistical analysis of sensor reliability

Parameter Repeatability Reproducibility
Test 1 (LA) 20.91 20.65

Test 2 (LA) 20.52 21.42

Test 3 (LA) 20.25 20.36

Test 4 (LA) 19.87 20.95

Test 5 (LA) 19.73 21.17

Mean + SD 20.26 £ 0.48 20.91 +£0.41
RSD (%) 2.37 2.00

Data represent the DPV response to 10 mM urea

Although this combined interference slightly exceeds
the 10% threshold for single species, it is notably lower
than the theoretical sum of individual interferences
(~25.2%), suggesting that
interactions may limit the cumulative effect [46,47]. All
selectivity and interference experiments were conducted
in PBS; therefore, matrix effects relevant to urine/serum

competitive  surface

(e.g., fouling, buffering, and non-specific interactions)
were not evaluated and remain a limitation requiring
future validation in spiked synthetic matrices and real
samples.

3.3.3. Reproducibility, Repeatability, and Stability

The reliability of the biosensor was evaluated via
repeatability, reproducibility, and storage stability (Table
2, Fig. 7b).

Repeatability (intra-assay precision) measured at 10
mM urea yielded a relative standard deviation (RSD) of
2.37% five measurements.
Reproducibility (inter-assay precision) across five
independently fabricated electrodes resulted in an RSD of
2.0%, indicating consistent fabrication.

over consecutive

Long-term storage stability was assessed by storing
sensors in PBS (pH 7.0) at 4 °C. As depicted in Fig. 7b,

¢ 10.57647/ijic.2026.1701.03

the biosensor retained 93% of its initial response after 4
weeks. This modest signal loss is consistent with gradual
enzyme the effective
stabilization provided by the biocompatible PPy/rGO
matrix.

deactivation,  confirming

3.4. Machine Learning Analysis of Biosensor
Performance

Following experimental data collection, a benchmarking
study was conducted to evaluate ML models using two
datasets focused on (i) biochemical optimization (dataset
1) and (ii) urea concentration prediction under buffered
and interference conditions (dataset 2). The comparative
performance of the evaluated models is summarized in
Table 3. For dataset 1, linear regressors consistently
showed limited predictive capability (R? = 0.41),
indicating that the fabrication/sensing variables introduce
non-linear interactions not captured by simple linear
relationships. contrast, ensemble methods—
particularly = XGBoost—achieved markedly higher
predictive accuracy (R?>0.99), consistent with non-linear
relationships within the present dataset [56]. For dataset
2, where the sensor’s intrinsic linearity primarily reflects
the urea-only PBS calibration subset (0-30 mM; Section

In
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3.3.1) and the remaining groups probe PBS-based
interference/selectivity (Section 3.3.2), linear regressors
already delivered near-perfect performance (R? > 0.993;
Table 3), reflecting the sensor’s highly linear and low-
noise response. Tree-based models (RF/ET) achieved
lower RMSE than linear regressors within dataset 2 (Table
3) [57]. However, because conventional linear calibration
already performs strongly and the evaluation is limited to

a small PBS-based dataset without external validation,
these ML results are presented as supportive
benchmarking rather than evidence for generalizable
performance gains or clinical deployment/decision-
making. The agreement between predicted and
experimental values for the best-performing models for
each dataset is shown in Fig. 8a—b.

Table 3. Performance evaluation of regression models for biochemical optimization and urea sensing.

Dataset Model R? MAE RMSE
PLS 0.41211 3.751 4.422
RR 0.40288 3.850 4.457
Lasso 0.40823 3.811 4.437
ENet 0.40363 3.856 4.454
SVR (RBF) 0.99017 0.468 0.571
Dataset 1
RF 0.98721 0.526 0.652
ET 0.99020 0.474 0.571
XGBoost 0.99052 0.464 0.561
HistGB -0.01965 4.922 5.824
MLP 0.99031 0.472 0.567
PLS 0.993412 0.48381 0.75371
RR 0.993411 0.48383 0.75373
Lasso 0.993410 0.48387 0.75375
ENet 0.993410 0.48387 0.75375
SVR (RBF) 0.987513 0.67749 1.03761
Dataset 2
RF 0.999602 0.06291 0.18502
ET 0.999621 0.05603 0.18069
XGBoost 0.982750 0.41845 1.21956
HistGB 0.948051 0.78665 2.11643
MLP 0.992085 0.49274 0.82606
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Figure 8. Evaluation of ML models: (a) Predicted vs. experimental DPV currents using XGBoost; (b) Predicted vs. actual urea concentrations using ET;

and (c¢) SHAP summary plot for feature importance
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Table 4. Analytical performance benchmarking of the proposed biosensor against recently reported enzymatic urea sensors

Sensing Platform  Matrix Il\r/ftlégra tion %rgﬁ;r range Sensitivity %pOMD) Reference
SPCE/AgrGO PBS No 0-10 47.598 (LA-pM™"-cm™) 0.16 [13]
Pt/PPy-NiO PBS No 0.7 -26.7 0.153 (mA-mM™"-cm™) 1.6 [18]
Pt/PPy PBS No 1.67-8.32 0.0035 (mA-mM™) 2570 [19]
Pt/MPPy PBS No 0.5-10.82 0.0432 (mA-mM™) 208 [19]
GR/TrGO PBS No 02-12 2.3 (WA-mM"-cm™) 20 [20]
SPCE/PPy/rGO PBS Yes 0-30 3.68 (WA-mM'-cm™2) 3.65 This Work

To further bridge the gap between "black-box" ML
predictions and electrochemical reality, SHAP analysis
was utilized for the non-linear biochemical optimization
dataset (Fig. 8c). The feature importance ranking identifies
immobilization time and enzyme concentration as the
dominant contributors to the modeled response within
dataset 1.

Importantly, this ranking is consistent with the
experimentally observed optimization trends (Fig. 2),
supporting internal consistency between the ML analysis
and the electrochemical results rather than establishing a
new mechanistic conclusion.

SHAP dependence plots further suggest stronger
effects of Urs concentration and immobilization time
within the tested range, while PBS pH and response time
show comparatively smaller contributions under the
present conditions.

3.5. Comparative Evaluation of the Biosensor

Table 4 benchmarks the proposed biosensor against
recently reported enzymatic urea sensors, including
graphene-derived and PPy-modified electrode platforms.
Direct sensitivity comparisons across studies should be
interpreted cautiously due to differences in transduction
mode, electrode geometry, normalization, and testing
conditions; therefore, Table 4 is intended primarily for
contextual benchmarking rather than definitive
performance ranking. The comparison highlights trade-
offs among reported sensitivity, operational range, and
material/fabrication complexity. Notably, noble-metal-
doped platforms (e.g., silver—reduced graphene oxide,
AgrGO) are often reported to achieve higher sensitivities
and lower detection limits in PBS, consistent with the
electrocatalytic contribution of silver nanoparticles;
however, cross-study differences in normalization,
electrode geometry, and testing conditions limit direct
ranking. In contrast, the proposed metal-free
SPCE/PPy/rGO architecture prioritizes cost-efficiency,
fabrication reproducibility, and compatibility with
disposable SPCE formats while maintaining analytically
useful performance in PBS. Moreover, whereas the
AgrGO-based sensor reports a linear range limited to 0—10

d 10.57647/jic.2026.1701.03

mM, the developed device exhibits a broader linear
response from PBS blank (0 mM) to 30 mM urea. In
comparison to platinum-based composites, the
performance landscape highlights a conflict between cost
and catalytic efficiency. While complex architectures like
platinum/polypyrrole—nickel oxide (Pt/PPy-NiO)
demonstrate low detection limits—benefiting from the
synergistic electrocatalytic contribution of nickel oxide—
these designs inherently rely on cost-intensive platinum.

Conversely, other platinum variants such as standard
Pt/PPy or macroporous Pt/MPPy report higher detection
limits and/or narrower linear ranges than those obtained
here under controlled PBS conditions, suggesting that the
added analytical benefit may not always justify the higher
material cost for disposable formats.

Furthermore, Table 4  provides contextual
benchmarking against representative carbon-based
alternatives (e.g., GR/TrGO), highlighting trade-offs
among reported sensitivity, linear range, and cost for
disposable formats. Finally, as highlighted in Table 4, we
implemented an explainable ML-based analysis to support
optimization and calibration; such analyses have not been
reported in the studies summarized in Table 4.

4. Conclusions

This study demonstrates an engineering-optimized and
cost-effective urea-sensing configuration on disposable
SPCEs using a sequential PPy/rGO scaffold for covalent
Urs immobilization. The sequential modification strategy
was designed to mitigate graphene-sheet restacking and
yielded a high-surface-area conductive scaffold that
supported effective Urs immobilization.

Analytical evaluation in PBS demonstrated that the
optimized device offers a linear response from PBS blank
(0 mM) to 30 mM urea, with a calculated LOQ of 12.17
pM. The sensor delivered a sensitivity of 3.68
pA-mM-cm™2 an LOD of 3.65 uM, together with high
precision (repeatability and reproducibility RSDs of
2.37% and 2.00%, respectively) and storage stability (93%
retention after 4 weeks). Furthermore, an explainable ML
workflow was applied as a supportive post hoc analysis to
analyze how fabrication variables influence the
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electrochemical response and to benchmark concentration
prediction alongside conventional electrochemical
calibration. Within the present dataset, non-linear models
(XGBoost and ET) provided strong fits between
fabrication variables and signal output (R? > 0.99), while
SHAP analysis offered interpretable feature attributions,
highlighting immobilization time and Urs concentration as
the most influential features in this dataset. Given the
limited dataset size and the controlled PBS conditions,
these ML results are presented as supportive validation
and interpretation and do not imply clinical decision-
making capability without external validation.

Comparative benchmarking indicates an engineering
trade-off: although the metal-free PPy/rGO architecture
shows lower analytical sensitivity than some noble-metal-
based systems, it offers a practical balance of operational
range, cost-effectiveness, and fabrication reproducibility,
while remaining compatible with disposable SPCE
fabrication. Accordingly, the present work should be
interpreted as a PBS-based methodological and
engineering validation of the proposed biosensor
architecture. A key limitation of this study is that
analytical validation was performed only in PBS;
therefore, matrix effects in complex biological media (e.g.,
urine and serum) were not evaluated. Further validation in
spiked synthetic and real biological matrices, together with
device-level integration, is required before assessing
practical feasibility or any future PoC relevance.
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