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A graphene—-chitosan modified glassy carbon electrode (Gr-Chit/GCE) was
evaluated for the differential pulse voltammetric (DPV) determination
of ibuprofen (IBF) and paired with a transparent machine learning (ML)
calibration audit. In a 0.1 M phosphate-based electrolyte (PBE, pH 7.5),
the modified electrode gave a linear DPV response from 100 to 488 pumol/L
after background subtraction, following I, = 0.0828 + 0.0275C (R* = 0.9970).
The recalculated limit of detection (LOD) and the limit of quantification
(LOQ) were 22.27 and 74.25 pM, respectively. Cyclic voltammetric charac-
terisation with [Fe(CN) ]*/* showed a diffusion-controlled behaviour and
a 4.2-fold increase in the electroactive surface area after Gr-Chit deposition.
Interference tests indicated that ascorbic acid was resolved at lower potential,
while acetaminophen contributed in the IBF potential region without mask-
ing the analyte response. The leave-one-out cross-validation of six calibra-
tion models showed that the ordinary least-squares inverse calibration gave
the lowest prediction error (root-mean-square error, RMSE = 12.11 umol/L),
whereas more complex nonlinear models showed a poorer generalisation
for the five-point calibration set. The study therefore positions ML not as
a black-box replacement for electroanalytical calibration, but as an auditable
model-selection layer for small voltammetric datasets.
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INTRODUCTION

ed residues in wastewater effluents, surface waters
and drinking-water sources [E, H]. These environ-

Ibuprofen (IBF), 2-(4-isobutylphenyl)propionic
acid, is one of the most widely used non-steroidal
anti-inflammatory drugs (NSAIDs) for pain, fever,
and inflammatory conditions [EI, E]. Its broad use,
an incomplete metabolism and an improper dis-
posal contribute to the occurrence of IBF and relat-
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mental and public-health concerns create demand
for analytical methods that are rapid, inexpensive
and sufficiently robust for decentralised monitor-
ing (§ B

Conventional analytical techniques for IBF de-
tection, such as high-performance liquid chroma-
tography (HPLC), gas chromatography-mass spec-
trometry (GC-MS) and capillary electrophoresis,
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offer a high sensitivity and selectivity but require an
expensive instrumentation, trained personnel, and
a lengthy sample preparation, and are not well-suit-
ed for on-site or real-time monitoring [H]. While
HPLC-UV and LC-MS/MS remain gold standards
for pharmaceutical analysis, their inherent com-
plexity makes them impractical for decentralised
or field-based scenarios.

Electrochemical methods offer an attractive al-
ternative owing to their inherent advantages of
a high sensitivity, a rapid response, a low cost, por-
tability, and the possibility of miniaturisation [ﬁ].
Among electrochemical techniques, differential
pulse voltammetry (DPV) is particularly suited for
trace-level quantification because it effectively sepa-
rates faradaic current from capacitive background,
yielding higher signal-to-noise ratios. DPV achieves
this by applying a series of small-amplitude poten-
tial pulses and recording the current difference at
the beginning and end of each pulse; this suppresses
the fast-decaying capacitive component while isolat-
ing the slower faradaic response [E].

The choice of a working electrode largely deter-
mines the sensitivity, stability, and the usable po-
tential window of an electrochemical sensor. Glassy
carbon electrodes (GCEs) are frequently selected
for voltammetric analysis because they combine
chemical robustness, a good conductivity, a low
background current, and a convenient surface re-
newal [E]. These features make GCEs suitable for
cyclic voltammetry (CV), DPV, and square-wave
voltammetry (SWV) measurements in both quali-
tative and quantitative workflows. At the same time,
an unmodified GCE can show a limited active-site
density and a slower interfacial electron transfer,
particularly when oxidation products adsorb on
the carbon surface. Such fouling may lower sen-
sitivity and reproducibility during repeated mea-
surements [ﬁ, , ].

Several pretreatment strategies have been used
to improve the response of bare GCE surfaces.
For example, anodic polarisation can generate
oxygen-containing surface groups that increase
electrochemical activity without major morpho-
logical changes [@]. However, surface activation
alone may not provide a sufficient analytical per-
formance for trace IBF determination. This limita-
tion supports the use of nanostructured modifiers
that increase an accessible area and facilitate charge
transfer [B].

Graphene (Gr), a two-dimensional carbon al-
lotrope consisting of sp?-hybridised carbon atoms
arranged in a hexagonal lattice, has emerged as
a transformative material in electrochemical sens-
ing due to its extraordinary electrical conductiv-
ity (~10* S/cm), a large theoretical surface area
(2630 m*/g), an excellent mechanical flexibility, and
a broad electrochemical potential window [].
When combined with chitosan (Chit), a naturally
derived biopolymer obtained by deacetylation of
chitin, the resulting graphene-chitosan (Gr-Chit)
nanocomposite offers synergistic advantages [@,
]. Chit offers biocompatibility, excellent film-
forming properties, and abundant amino and hy-
droxyl functional groups that facilitate the uniform
dispersion of Gr sheets, preventing irreversible ag-
gregation via m-m stacking. The recent work has
further demonstrated that Chit can suppress elec-
trode polarisation in graphene oxide (GrO)-based
films, thereby enabling more stable and reproduc-
ible electrochemical responses [].

The Gr-Chit composite has been successfully
employed for the electrochemical determination
of various analytes, including tyrosine, dopamine,
ascorbic acid (AA) and uric acid []. Luo and Li
demonstrated that Gr-Chit/GCE exhibited en-
hanced electrocatalytic activity toward tyrosine ox-
idation, with a limit of detection (LOD) of 0.5 uM
attributed to the large electroactive surface area and
facilitated electron transfer at the nanocomposite
interface [@, @]. In the context of NSAID detec-
tion, a recent review of electrochemical sensors for
IBF and ketoprofen highlighted that modified elec-
trodes, particularly GCE-based platforms, exhibit
an enhanced sensitivity and analytical performance
for NSAID detection [H].

The electrochemical oxidation of IBF is elec-
trode-dependent [, @]. At conventional elec-
trodes such as GCE, IBF oxidation generally pro-
ceeds through an irreversible, diffusion-controlled,
single-electron process and exhibits a pH-indepen-
dent behaviour above pH 7.5 [@], as illustrated in
Fig. . The process involves electron/proton trans-
fer from the isobutylphenyl moiety. The enhanced
response at Gr-Chit/GCE is attributed to the syner-
gistic modifier effect: Gr provides efficient electron-
transfer pathways through edge-plane defect sites
and an extended pi-conjugated network, while Chit
promotes film integrity, dispersion stability, and
surface homogeneity.
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Fig. 1. Proposed oxidation pathway of ibuprofen at GCE in 0.1 M PBE and 0.1 M Britton—Robinson (BR) buffer
(separate experiments). The pH-independent response over pH 7.5—-12 and the calculated electron number
(approximately 0.92) support an overall one-electron oxidation process. Adapted from Ref. [19]

Alongside electrode engineering, machine
learning (ML) is increasingly used in electrochem-
ical analysis to assist calibration, automate data
interpretation, and exploit multivariate voltam-
metric information [@]. For a simple peak current
calibration, however, model complexity must be
justified rather than assumed. Linear calibration
remains appropriate when the current-concen-
tration relationship is near linear, while nonlinear
approaches become useful mainly when matrix ef-
fects, drift, overlapping signals, or multifeature re-
sponses carry additional information. Recent ML-
guided electrochemical sensing studies illustrate
this potential in richer datasets [, @].

For small electrochemical calibration sets,
the key editorial question is not whether ML can
be applied, but whether it improves prediction
without overfitting. Small-n validation is sensitive
to model flexibility, feature-to-sample ratio, and
leakage caused by preprocessing outside the vali-
dation loop [@, ]. This study therefore treats
ML as a validation framework: classical inverse
calibration and lightweight nonlinear models are
tested under the same leave-one-out design to de-
termine whether added complexity improves con-
centration prediction for IBE.

The work first establishes the electro-
chemical behaviour of Gr-Chit/GCE by CV
with [Fe(CN) ]*/*, including the electroactive
surface area, scan-rate dependence and kinetic
interpretation. It then evaluates the DPV detec-
tion of IBF through the calibration figures of
merit, selectivity tests in buffer and tap water, and

the comparison with selected electrochemical IBF
Sensors.

The ML component is then integrated into
the analytical discussion rather than treated as
a separate novelty claim. Six models were com-
pared by leave-one-out cross-validation: ordinary
least-squares inverse calibration, ridge regression,
polynomial regression, bagged regression stumps,
gradient-boosted stumps, and radial-basis-func-
tion kernel ridge regression. The central test was
whether these alternatives improve prediction be-
yond the simplest defensible linear model.

THEORETICAL BACKGROUND

Differential pulse voltammetry

DPV is a highly sensitive electroanalytical tech-
nique in which the applied potential consists of
a staircase waveform superimposed with fixed-
amplitude pulses [ﬁ, H]. Current is sampled just
before each pulse and at the end of each pulse;
the difference (AI) is recorded as a function of
the staircase potential. This differential approach
cancels the capacitive (non-faradaic) background
current, which decays rapidly after potential ap-
plication, while preserving the slower-decaying
faradaic current arising from analyte oxidation
or reduction at the electrode surface. The result
is a peak-shaped voltammogram whose peak
current (I,) is proportional to the analyte con-
centration and whose peak potential (E,) pro-
vides the qualitative identification of the redox
species.
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For an irreversible electrochemical oxidation
(such as IBF), the DPV peak current scales as I,
& (nFADY: c)/(n¥s tp¥) x (1 - 0)/(1 + o), where
n is the number of electrons transferred, F is
the Faraday constant, A is the electrode area, D is
the diffusion coefficient, ¢ is the bulk ana-
lyte concentration, t, is the pulse width, and
o = exp(nFAE/2RT) with AE, the pulse ampli-
tude [H]P. For small pulse amplitudes (AE < RT/
nF), the signal scales linearly with concentra-
tion, forming the basis of quantitative calibration.
The linear concentration-current relationship,
combined with DPV’s inherent background rejec-
tion, makes it one of the most sensitive voltam-
metric techniques for the analysis of pharmaceuti-
cal trace levels.

Electroactive surface area and the Randles-
Sev¢ik equation

The electroactive surface area of an electrode is
a critical parameter that influences analytical sen-
sitivity. For a reversible or quasi-reversible redox
process under diffusion-controlled conditions at
25°C, the peak current scales with the square root
of the scan rate according to the Randles-Sev¢ik
equation [@]:

I,=2.69x10°- n*/2- A- D'/ C-V'/, (1)

In Eq. 1, I, denotes the peak current in am-
peres, n is the number of electrons involved in
the [Fe(CN) ]*-/* redox process (n = 1), A is
the electroactive surface area in cm?, D is the fer-
ricyanide diffusion coeflicient (7.6 x 10° cm?/s in
0.1 M electrolyte), ¢ is the bulk concentration in
mol/cm’, and v is the scan rate in V/s. The slope
of I, plotted against v'/* therefore provides A [é].
Comparing A with the geometric electrode area
gives the roughness factor. The values below unity
are typical of a polished, relatively smooth surface,
whereas Gr-Chit modification introduces addi-
tional edge sites, functional groups and porous
pathways that increase the active area available for
electron transfer.

Electron transfer kinetics: log-log analysis and
Laviron formalism

The mechanistic origin of the electrode process is
diagnosed by the power-law dependence of peak
current on the scan rate [ﬂ]:

logI,=b-logv +loga. (2)

A slope b = 0.5 is diagnostic of a purely dif-
fusion-controlled process governed by semi-in-
finite linear diffusion, whereas b = 1.0 indicates
a surface-confined (adsorption-controlled) pro-
cess. Intermediate values suggest mixed mecha-
nisms. This diagnostic is crucial for understand-
ing whether the analytical signal at the Gr-Chit/
GCE arises from solution-phase IBF diffusing to
the surface or from surface-adsorbed IBE

For quasi-reversible electron-transfer kinet-
ics, the Laviron model describes the dependence
of the peak potential on the scan rate [é]. For an
irreversible or quasi-reversible process, the an-
odic peak potential shifts with the scan rate ac-
cording to

E, = E° + (RT/(anF)) In((RTks)/(anFv)),  (3)

where E° is the formal potential, a is the trans-
fer coefhicient, ks is the standard heterogeneous
electron-transfer rate constant, R is the universal
gas constant (8.314 ] mol' K™), T is the absolute
temperature (298 K), n is the number of electrons,
and F is the Faraday constant (96485 C mol™).
A linear plot of E, versus In(v) confirms a quasi-
reversible behaviour and allows the extraction of
a and ks. The observation of an increasing peak-
to-peak separation (AE,) with an increasing scan
rate, which deviates from the ideal 59/n mV for
a fully reversible system, further corroborates
quasi-reversible kinetics [ﬁ].

EXPERIMENTAL

Materials and reagents
IBF (298%), few-layer Gr nanoplatelets (average
lateral size approximately 8 um), low-molecular-
weight Chit (degree of deacetylation >75%),
K,[Fe(CN),], K,([Fe(CN)]-3H,0, NaCl, KCI,
H,PO,, Na,HPO, and H,BO, were supplied by Sig-
ma-Aldrich; no further purification was applied.
The 0.1 M phosphate-based electrolyte (PBE)
at pH 7.5 was prepared from the corresponding
phosphate components and adjusted with NaOH.
For the interference experiments, AA and
acetaminophen (ACT) (298%, Sigma-Aldrich)
were chosen as model species likely to contrib-
ute voltammetric signals near pharmaceuticals.
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Individual 20 mM stocks were made in 0.1 M PBE
at pH 7.5, and working mixtures were prepared by
dilution in the appropriate test medium.

Chitosan solution (0.5%, w/v) was made in di-
lute acetic acid (1%, v/v) by stirring until clear. For
the modifier ink, 1.5 mg of Gr nanoplatelets was
introduced into a 1.0 mL portion of this chitosan
vehicle, and the mixture was treated in an ultra-
sonic bath for 2 h before casting.

Water used for solution preparation was deion-
ised to a resistivity of at least 18.2 MQ-cm.

Electrode preparation

The working surface was renewed before use.
3 mm GCE (geometric area 0.071 cm?*) was pol-
ished sequentially with 1.0, 0.3 and 0.05 pm
alumina suspensions, washed, ultrasonically
cleaned in ethanol and water for 60 s each, and
conditioned by 20 CV cycles in 0.1 M KCl from
-1.0to +1.0 V at 0.10 V/s.

The modifier film was formed by placing 5 pL of
freshly sonicated Gr-Chit ink on the cleaned GCE.
The coated electrode was left to dry overnight at
room temperature and was briefly rinsed with de-
ionised water before electrochemical measurements.

Electrochemical measurements

All electrochemical measurements were per-
formed using a conventional three-electrode sys-
tem with the modified or bare GCE as the work-
ing electrode, a platinum wire as the counter
electrode, and an Ag/AgCl (3 M KCl internal fill-
ing) reference electrode. Measurements were car-
ried out at room temperature. All potentials are
reported versus Ag/AgCl

Differential pulse voltammetry

DPV experiments used the Gr-Chit/GCE in 0.1 M
PBE (pH 7.5). Scans covered +0.5 to +1.6 V vs Ag/
AgCl at 20 mV/s; pulse amplitude, pulse width and
step potential were 50 mV, 0.05 s and 5 mV, respec-
tively. The calibration series contained a blank elec-
trolyte and 100, 198, 296, 396 and 488 uM IBE. For
each concentration, the blank trace was subtracted
from the recorded DPV curve so that the plotted re-
sponse represented the IBF faradaic current.

Cyclic voltammetry
CV characterisation was performed on the bare
GCE in a solution of 1 mM [Fe(CN) ]*/*in 0.1 M

NaCl. The potential was swept from -0.15 to
+1.0 V vs Ag/AgCl at scan rates of 10, 30, 50, 75,
100, 120, 150 and 200 mV/s. These measurements
were used to determine the electroactive surface
area, assess the electrode process (diffusion vs ad-
sorption control), and evaluate the kinetic regime
using Laviron analysis.

Data analysis and machine learning framework

Data processing, calibration, and ML analysis
were carried out in Python 3.11 using NumPy,
pandas, openpyxl and Pillow. Calibration data
were imported from the experimental work-
book, and comma-decimal artifacts were cor-
rected before modelling (for example, 2997 was
read as 2.997 pA). Classical figures of merit were
calculated from the peak-current/concentration
relationship. The machine-learning model set,
its hyperparameters, validation and results are
reported together in Section ‘Machine-learning-
assisted calibration.

RESULTS AND DISCUSSION

Electrode characterisation

The electrode surfaces were first compared by
CV in 1 mM [Fe(CN) |]*-/* prepared in 0.1 M
NaCl. Figures @a and Pb show the scan-rate se-
ries for the bare GCE and Gr-Chit/GCE, re-
corded from -0.15 to +1.0 V vs Ag/AgCl over
10-200 mV s™'.

Both electrodes gave quasi-reversible fer-
ri/ferrocyanide responses. In the inset plots,
the peak current scaled linearly with v'/%, show-
ing that diffusion was the dominant transport
mode.

At 50 mV s, the Gr-Chit coating increased
both anodic and cathodic currents relative to
the unmodified GCE (Fig. @c), consistent with
a more accessible conductive surface after film de-
position.

Using the Randles-Sev¢ik expression (Eq. 1),
electroactive surface area values were obtained
from the I,-versus-v'? slopes for the reversible dif-
fusion-controlled probe at 25°C [, @]. The bare
GCE gave 0.048 cm? whereas the Gr-Chit/GCE
gave 0.205 cm?; the corresponding roughness fac-
tors were 0.68 and 2.89. The coating therefore in-
creased the effective active area by approximately
4.2-fold.
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Fig. 2. Scan-rate-dependent CVs of 1 mM [Fe(CN) J*-/* in 0.1 M NaCl at (a) bare GCE and (b) Gr-Chit/GCE over 10~200 mV s™. Insets show
the diffusion-controlled /,—v'* relationships. (c) CV comparison of bare and modified electrodes at 50 mV s™

DPYV detection of IBF

DPV was used to evaluate whether the Gr-Chit
coating translated the surface-area gain into
a useful IBF signal. The bare GCE gave measur-
able oxidation only at the higher concentration
interval of 952-2222 uM, whereas the Gr-Chit/

GCE produced a resolved analytical response
from 100 to 488 uM (Fig. Ea, b). The oxidation
maximum shifted from +1.195 to +1.275 V on
bare GCE to +1.162 to +1.230 V on Gr-Chit/GCE,
supporting a lower overpotential at the modified
interface.
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Fig. 3. DPVs of IBF recorded at (a) bare GCE and (b) Gr-Chit/GCE in 0.1 M PBE (pH 7.5), after baseline subtraction. Insets show the corresponding

calibration curves
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At the upper end of the bare-GCE series, peak
definition deteriorated. This loss of response is at-
tributed to the passivation of the carbon surface
by adsorbed IBF oxidation products, which re-
duces access to active sites during high-concen-
tration measurements.

The modified electrode also showed a better
signal stability within the tested concentration
range. Graphene provides conductive pathways
and defect-rich sites, while chitosan improves film
integrity and dispersion retention; together these
features plausibly reduce passivation and improve
charge transfer. The Gr-Chit/GCE calibration
gave R* = 0.9970, sensitivity = 0.0275 pA uM,
LOD = 22.27 pM, and limit of quantification
(LOQ) = 74.25 uM, compared with a LOD of
168.51 uM for the bare GCE. Calibration points
in the inset of Fig. Hb are the mean values of three
measurements performed with independently
prepared electrodes (n = 3); error bars represent

+ one standard deviation (RSD < 6.2%). The main
contribution is therefore not ultratrace sensi-
tivity, but a simple and reproducible electrode
modification that lowers the practical IBF detec-
tion range. This positioning is important when
compared with the aptamer-, quantum-dot- and
nanoparticle-based platforms summarised in
Table 2.

Reproducibility was evaluated using three in-
dependently prepared Gr-Chit/GCE electrodes.
Each electrode was fabricated following the same
procedure and used to record the calibration re-
sponse. The calculated relative standard devia-
tions (RSDs) were 4.98, 5.00, 6.18, 3.17 and 4.39%
for 100, 198, 296, 396 and 488 uM IBE, respective-
ly, indicating the acceptable analytical precision
for the Gr-Chit/GCE platform. The correspond-
ing standard deviations (n = 3) are shown as error
bars in the Gr-Chit/GCE calibration plots (inset
of Figs Hb and Ha).

Table 1. Analytical performance parameters for IBF detection at bare GCE and Gr-Chit/GCE, including linear range, sensitivity, LOD and LOQ

Electrode | Linear range, pM | Sensitivity, pA pM-" | LOD, pM | L0Q, pM
Bare GCE 952-2222 0.0044 168.5 622.8
Gr-Chit/GCE 100-488 0.0275 22.27 74.25
Table 2. Selected electrochemical methods for IBF determination, including the present Gr-Chit/GCE platform
Sensor electrode Method Electrolyte Sample matrix LOD Linear range Ref.
SD-MWCNTs/GCE CA 0.TMPB,pH7.5 Pharmaceuticals 1.9uM 10-1000 pM [19]
Screen-printed graphite electrode ~ SWV 0.25 M acetate buffer, pH 4.7 Surface water 6.3 uM 10-50 uM [28]
Gr/PTh/GCE DPV 0.1 M PBS, pH7.1 Pharmaceuticals biological )0y 10-g0 M [27]
samples
NDCNDs/CoTAPhPcNPs/GCE DPV 0.1MPBS, pH5.5 Wastewater 4.19nM Not reported [29]
MB/Apt/MWCNTs/IL/Chitosan/GCE PV 0.1M PBS, pH 7.4 Pharmaceuticals blood serum; 5, 20 m_gum 30)
wastewater
Apt/Den/CdTe QD/GCE DPV 0.1MPB,pH7.4 Blood serum 333fM 0.001-12nM [31]
Apt/CdTeQD/GCE EIS 5mM [Fe(CN)J/~+05MKC  Pharmaceuticals; blood serum 16 pM 0.05-20,000 nM [32]
Apt/AuNPs@N-GQDs/GCE DPV 0.1MPB, pH 7.4 Pharmaceuticals blood serum; 33 33 1 05 107-200nM  [33]
wastewater
Gr-Chit/GCE DPV 0.1 M PBE, pH7.5 Buffer; tap-watertest  22.27yM  100-488 M ‘:,:':k

Apt, aptamer; AuNPs, gold nanoparticles; CA, chronoamperometry; CdTeQD, cadmium telluride quantum dot; Chit, chitosan; CoTAPhPCNPs, cobalt tetraami-

nophenoxy phthalocyanine nanoparticles; Den, dendrimer; DPV, differential pulse voltammetry; EIS, electrochemical impedance spectroscopy; GCE/GC, glassy

carbon electrode/glassy carbon; Gr, graphene; IL, ionic liquid; MB, methylene blue; MWCNTs, multi-walled carbon nanotubes; NDCNDs, nitrogen-doped carbon

nanodots; N-GQDs, nitrogen-doped graphene quantum dots; PB, phosphate buffer; PBE, phosphate-based electrolyte; PBS, phosphate-buffered saline; PTh,

polythiophene; QDs, quantum dots; SD, shorter dimension; SWV, square-wave voltammetry.
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Operational stability was evaluated by re-
peated DPV measurements on a single Gr-Chit/
GCE immersed in a static 296 uM IBF solu-
tion. The electrode remained in the solution for
the entire 330 min experiment, and a full DPV
scan was recorded every 10 min using the same
pulse parameters as in the calibration. For each
scan, the IBF peak current was extracted from
the baseline-subtracted voltammogram. This pro-
cedure allowed the temporal evolution of the peak
current to be monitored under continuous expo-
sure without removing or re-polishing the elec-
trode. The current decreased from 8.47 to 8.02 A
during this time period, corresponding to a 5.31%
change over the measurement period. Although
a gradual decrease was observed, the IBF peak
remained clearly measurable throughout the ex-
periment. These results show that the signal can
be monitored over 330 min under the conditions
tested, without implying stability beyond this
timeframe.

Selectivity and interference study
Interference was tested with AA and ACT be-
cause both can contribute oxidation currents in
the samples that contain pharmaceuticals. Experi-
ments were run in 0.1 M PBE (pH 7.5) and in tap
water (about pH 7.4), giving one controlled buffer
medium and one simple real-water matrix. Equal-
ratio mixtures were prepared from 20 mM stocks
of IBF, AA and ACT.

With 296 uM IBF in PBE, adding equimolar AA
and ACT did not remove the IBF feature (Fig. @a).
AA produced a separate peak at lower potential,

so it was distinguishable from IBE. ACT, however,
oxidised in the IBF region; the mixed ACT/IBF
band therefore increased the apparent current
rather than decreasing the analyte response.

Tap water led to the same practical conclu-
sion (Fig. @b). Extra ions in the matrix did not
change the interpretation or the recognisable IBF
response: the peak remained visible and broadly
comparable to the buffer measurement despite
the more complex background.

Matrix effects were evaluated by comparing
the IBF response in tap water with that obtained
in PBE at the same concentration (296 uM).
The peak current in tap water was 1.94 pA,
substantially lower than the corresponding value
in PBE (8.45 pA), representing a 77.0% decrease
in signal intensity (Fig. @b). The voltammogram
also showed a broader peak shape and a higher
background current at positive potentials. These
observations indicate that the tap-water matrix
introduces a pronounced effect on the IBF re-
sponse. Although the IBF peak remained detect-
able, the reduced signal indicates that matrix-spe-
cific calibration or standard-addition methods are
required for the quantitative analysis of real-water
samples.

These data should not be overread as com-
plete selectivity. ACT remains a co-oxidising spe-
cies near the IBF potential, so confirmatory work
would be needed for heavily contaminated matri-
ces. The useful point is narrower: under the 1:1:1
challenge, AA is resolved, and the ACT overlap is
additive rather than masking, allowing IBF to re-
main identifiable.

E, V vs Ag/AgCl

30 a (ACI) : (1BF)
25 AA '
20
<3::_15
=10 IBF
5
0 (IBF): (AA): (ACT)=1:1:1
_s5 296 MIBF
02 04 06 08 1.0 12 14 1.6

20 b
AA
15 (ACT) : (IBE)
1:1
<1110
~ IBF
5
0
(IBF): (AA): (ACT)=1:1:1
B 296 uMIBF
02 04 06 08 10 12 14 1.6
E, V vs Ag/AgCl

Fig. 4. DPV selectivity test for 296 uM IBF at the Gr-Chit/GCE in (a) 0.1 M PBE (pH 7.5) and (b) tap water (pH = 7.4). Measurements compare IBF

alone with equimolar IBF, AA and ACT mixtures (1:1:1)
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For screening-type applications, this behav-
iour is adequate for simple aqueous samples
where a minimal pretreatment is desirable.
The sensor discriminates best when interferents
appear at lower potentials and is more limited
when compounds oxidise in the IBF window.

Overall, the interference study supports
the use of Gr-Chit/GCE as a practical IBF screen-
ing electrode in buffer and tap-water matrices,
while making clear that complex samples would
still require validation against matrix-specific in-
terferents.

Machine-learning-assisted calibration
Classical voltammetric calibration uses ordinary
least-squares (OLS) linear regression to relate
peak current to concentration; this is optimal
when the signal is linear in concentration, the er-
rors are homoscedastic and normally distributed,
and the dataset is small relative to model com-
plexity []. Ridge regression adds an L2 penalty
(AZP;?) that shrinks the coefficients and reduces
variance at the cost of a small bias; in well-condi-
tioned, low-dimensional problems, it converges
to OLS and offers no practical advantage. Nonlin-
ear ensemble methods (random forests, gradient
boosting) and kernel methods (support-vector
and kernel-ridge regression with radial-basis-
function (RBF) kernels) can capture complex
concentration-response relationships [p2, R3],
but they carry many learnable parameters and
overfit when training data are scarce: complex
models have a low bias but a high variance,
whereas simple linear models have a higher bias
but a lower variance and generalise better from
few observations [@, @].

To test whether any data-driven model im-
proves on classical calibration, six models were
compared using peak current as the single pre-

dictor and IBF concentration as the response: OLS
inverse calibration, ridge regression (alpha = 1),
polynomial regression (degree = 2), bagged re-
gression stumps, gradient-boosted stumps, and
RBF kernel-ridge regression. All models were
implemented in Python 3.11 (scikit-learn) and
assessed by leave-one-out cross-validation (LOO-
CV), in which each of the five points is held out
once while the others are used for fitting; prepro-
cessing was performed within each fold to avoid
data leakage, and performance was reported as R?,
root-mean-square error (RMSE), and mean abso-
lute error (MAE) for the held-out concentration
predictions [@, @]. Because n = 5, LOO-CV is
treated here as a transparent validation exercise
rather than as evidence that nonlinear models are
intrinsically superior.

The ML analysis was restricted to the five non-
zero Gr-Chit/GCE calibration points because
they define the analytically relevant low-concen-
tration interval of the modified sensor. The cor-
rected pairs were 100, 198, 296, 396 and 488 uM
IBF with peak currents of 2.997, 5.163, 8.450,
10.906 and 13.507 pA, respectively. The ordinary
current-versus-concentration calibration was
I, = 0.0828 + 0.0275C, where I, is in pA and C is
in umol/L (R* = 0.9970). Using the low-level cur-
rent-noise estimate of 0.204 pA, the recalculated
LOD and LOQ were 22.27 and 74.25 pmol/L.

The leave-one-out cross-validation showed
that the OLS inverse calibration generalised best;
RMSE and MAE were 12.11 and 9.76 pmol/L,
respectively. Polynomial regression remained
acceptable, but ridge regression and nonlinear
tree/kernel models produced larger held-out er-
rors. This outcome is chemically and statistically
reasonable: the DPV response is near linear, and
the calibration set is too small to support flex-
ible models. The ML contribution is therefore

Table 3. Leave-one-out cross-validation performance for the IBF concentration prediction from the DPV peak current

Model R? RMSE, pM MAE, pM
OLS linear 0.992 12.11 9.76
Ridge regression 0.926 3747 30.99
Polynomial degree 2 0.978 20.27 17.21
Bagged regression stumps 0.360 110.23 97.58
Gradient-boosted stumps 0.495 97.94 97.90
RBF kernel ridge 0.088 131.53 100.77
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Fig. 5. Machine-learning-assisted calibration of IBF at Gr-Chit/GCE. (a) DPV calibration showing the mean peak current (n = 3) as a function of
IBF concentration. (b) Leave-one-out cross-validation predictions from the OLS inverse calibration model plotted against the observed concen-

tration

a transparent model-selection audit that confirms
the simplest reliable calibration model and docu-
ments why more complex alternatives are not justi-
fied here.

This integrated interpretation is the appropri-
ate place for the ML novelty. The value is not al-

gorithmic complexity, but disciplined calibration
governance: raw DPV data are cleaned, modelled,
cross-validated and assessed in a way that makes
overfitting visible. For laboratory electrochemical
studies with small datasets, this is more defen-
sible than presenting nonlinear ML as inherently

Fig. 6. Leave-one-out cross-validation model comparison. OLS inverse calibration gave the lowest RMSE, whereas nonlinear
models showed higher prediction errors under the five-point calibration constraint
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superior. The workflow identifies the model justi-
fied by the available evidence and makes the cali-
bration decision reproducible.

More specifically, the model comparison provides
three pieces of analytical information that the con-
ventional calibration statistics alone do not. First, it
converts the apparent goodness of fit into a realistic,
validation-based prediction uncertainty: although
the calibration line gives R* = 0.9970, the leave-one-
out analysis shows that a concentration predicted
for an unseen sample carries an expected error of
approximately 12 uM, RMSE, corresponding to
about 2.5-12% of the analyte concentration across
the working range. This held-out error, rather than
the calibration lines fit statistics, is the figure that
describes how accurately the sensor predicts an un-
known sample. LOO-CV gave an RMSE of 12.11 uM
for the OLS inverse-calibration model. This value
represents the average prediction error when each
calibration point is predicted from a model trained
on the remaining four points. Expressed relative to
the calibration range (100-488 uM), the RMSE cor-
responds to 3.12% of the full range or approximately
4.10% of the mean concentration (295.6 uM). These
results indicate that the prediction error is small
relative to the working concentration interval, sup-
porting the suitability of the linear calibration model
for the investigated concentration range. The com-
parison, therefore, turns the usual qualitative warn-
ing against overfitting small electrochemical datas-
ets into measured numbers that can guide method
development in other laboratories. Third, the OLS
LOO-CV error establishes a quantitative benchmark
for future model development: any more complex
calibration approach - for example, multivariate
models using the entire voltammogram as input,
or matrix-corrected models intended to compen-
sate for the signal suppression observed in tap water
(Section ‘Selectivity and interference study’), must
outperform this 12.11 pM reference error before its
added complexity is justified. The machine-learning
comparison is thus reported not as a demonstration
of algorithmic superiority, but as a documented neg-
ative result and a transferable model-selection pro-
tocol for the small-sample electroanalysis.

CONCLUSIONS

A Gr-Chit/GCE was developed as a simple DPV
platform for IBF screening and paired with an ex-

plicit calibration-validation workflow. The modi-
fication increased the effective electroactive
area, shifted the IBF oxidation potential slightly
lower, and produced a linear response from 100
to 488 pM. The recalculated figures of merit
were sensitivity = 0.0275 pA uM™, R* = 0.9970,
LOD = 22.27 uM and LOQ = 74.25 pM. Interfer-
ence tests showed that AA was resolved at a lower
potential, while ACT contributed in the IBF re-
gion without masking the analyte response under
the tested conditions. The ML analysis strength-
ened the calibration claim by showing, under
LOO-CV, that the OLS inverse calibration out-
performed more complex models for this small,
near-linear dataset. Beyond confirming linear
calibration, the LOO-CV comparison provided
a validation-based estimate of the concentra-
tion-prediction uncertainty (RMSE = 12.11 uM),
quantified the penalty for an unjustified model
complexity, and set a reference error that future
multivariate or matrix-corrected calibration mod-
els must surpass. Overall, the manuscript presents
a low-cost electrode modification and an audit-
able calibration strategy, a combination that is
more credible than unsupported claims of ML su-
periority for small electrochemical datasets.
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