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Abstract

A planar copper-on-epoxy interdigital capacitor (IDC) was investigated as a direct multi-
frequency electrical transducer for assessing honey—syrup mixtures. Eleven syrup volume
fractions from 0% to 100% (v/v), each prepared separately at a total volume of 200 mL,
were measured at 100 Hz, 1 kHz, 10 kHz, 100 kHz, 1 MHz, and 2 MHz using a MATRIX
MCR-8200H LCR meter in parallel-capacitance/dissipation-factor (C,—D) mode. Thirty
repeated measurement cycles were performed at each composition and frequency and
averaged, and the measured C, was treated as the equivalent response of the complete IDC—
sample system. Among the six frequencies, 1 kHz showed the strongest individual linear
relation with syrup volume fraction. Under leave-one-out cross-validation, the 1 kHz linear
model yielded R? = 0.9325, RMSE = 8.22 percentage points, and MAE = 7.34 percentage
points. Six-frequency PLSR did not improve prediction, whereas SVR achieved R? = 0.9519,
RMSE = 6.93 percentage points, and MAE = 5.66 percentage points. In a matched-model
comparison using the same nested LOOCV procedure, a 1 kHz SVR yielded R? = 0.6928,
RMSE = 17.53 percentage points, and MAE = 11.08 percentage points, whereas the six-
frequency SVR retained the lower error. The six-frequency SVR produced numerically
lower internal cross-validation errors than the 1 kHz linear reference; however, because the
analysis contains only eleven independent concentration-level observations, this difference
is treated as descriptive rather than as evidence of statistical superiority. Because the analysis
is based on eleven concentration-level observations from one preparation series, further
validation with independently prepared batches is required to establish between-batch
reproducibility and external predictive performance.

Keywords: interdigital capacitor; capacitive sensor; frequency-dependent response; honey—
syrup mixture assessment; dielectric sensing; support vector regression; electronic sensor

1. Introduction

Honey is a chemically complex natural product with high commercial value and is
therefore susceptible to economically motivated adulteration, particularly through the
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addition of inexpensive sugar syrups. Conventional authentication methods based on
chromatography, spectroscopy, isotope analysis, and other laboratory techniques can pro-
vide high analytical specificity, but they generally require sample preparation, specialized
instrumentation, and trained personnel. These practical constraints continue to motivate
the development of compact electrical and electromagnetic sensing methods capable of
responding directly to composition-dependent changes in liquid samples.

From an electronic-device perspective, planar capacitive sensors are attractive because
the material under test becomes part of the electric-field environment of the sensing struc-
ture. In an interdigital capacitor (IDC), the electric field is concentrated between adjacent
coplanar fingers and extends above the electrode surface. The resulting capacitance therefore
depends not only on electrode geometry, but also on substrate properties, field penetration,
sample permittivity and conductivity, excitation frequency, and parasitic contributions.
The fundamental behavior of interdigital sensors was described by Mamishev et al. [1],
who showed that their response is strongly governed by the interaction between device
geometry and the electromagnetic properties of the material surrounding the electrodes.

The importance of the complete electrode-substrate—sample system has been demon-
strated in several capacitive sensing studies. Martinez-Lopez et al. [2] developed an inter-
digitated coplanar device for liquid sensing and explicitly modeled the contributions of the
substrate and parasitic capacitances. Seidenath et al. [3] recently demonstrated an inter-
digitated copper sensor fabricated on a printed-circuit board for in situ parylene-thickness
monitoring, where changes in dielectric loading above the electrode surface produced
measurable capacitance changes. Direct IDC sensing has also been applied to liquid-level
measurement by Ali and Mandal [4], while Liu et al. [5] used an interdigitated capacitive
probe for assessing frying-oil degradation. These studies establish planar interdigitated
electrodes as practical transducers for converting material-dependent electrical loading into
a directly measurable capacitance.

Composition-dependent liquids provide a particularly relevant application for such de-
vices. Angkawisittpan and Manasri [6] demonstrated that sugar concentration in aqueous
solutions can be determined from changes in IDC capacitance, providing a low-frequency
precedent for composition sensing. In honey, the electrical response is affected by water con-
tent, dissolved sugars, minor constituents, and added adulterants. Consequently, changes
in honey composition can alter both dielectric storage and dielectric loss, although the
magnitude of the measured response depends on the excitation frequency and the sens-
ing configuration.

Low-frequency impedimetric studies provide additional context for the electrode—
sample interface in honey sensing. Elamine et al. [7] developed an impedance-based elec-
tronic tongue for botanical-origin discrimination using bare Au, carbon, ITO, and doped-5i
electrodes over approximately 60 Hz-1 MHz and showed that sensitivity was strongly
influenced by interfacial capacitance and the electrical double layer at the direct electrode-
honey-solution interface. More recently, Ben Halima et al. [8] applied electrochemical
impedance spectroscopy to honey adulterated with sugar syrup over a low-frequency-to-
radio-frequency range and interpreted the response using an equivalent circuit containing
bulk-resistance, double-layer, and diffusion-related terms. These studies demonstrate that
low-frequency electrical measurements in honey can be strongly affected by both bulk con-
ductivity and electrode/interface phenomena. They are therefore relevant to the interpreta-
tion of the present measurements, although the present coated IDC differs fundamentally
because the insulating layer prevents direct metal-liquid contact.

Most recent electronic sensing studies for honey and other dielectric liquids, however,
have concentrated on microwave methods. Piekarz et al. [9] developed a plug-and-measure
microwave platform for honey—syrup analysis, Chaisaeng et al. [10] investigated a non-
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contact microwave system over 2-12 GHz, and Matek et al. [11] studied an IDC-based
microwave sensor for honey adulteration in the 1-2 GHz range. Related IEEE work has
shown how interdigital structures can be integrated with microwave resonators to in-
crease electric-field concentration in liquid sensing. Govind and Akhtar [12] incorporated
an IDC in a split-ring-resonator microfluidic sensor for aqueous glucose measurement.
Martinic et al. [13] later used an impedance-matched IDC-CSRR structure for glucose-
concentration sensing, while Wang and Liu [14] introduced an interdigital electrode into an
electric-LC resonator for solid and liquid material identification. These approaches demon-
strate the effectiveness of interdigital field concentration, but their sensing observables are
resonant frequency, attenuation, impedance, or scattering parameters rather than direct
low-frequency parallel capacitance.

This distinction is important for the present study. The parallel capacitance reported by
an LCR meter is an equivalent response of the complete sensor-sample system and should
not be interpreted directly as intrinsic sample permittivity. In a liquid-loaded IDC, dielectric
polarization, conductive loss, electrode—sample interaction, substrate loading, and fixture
parasitics can contribute differently as the excitation frequency changes. A capacitance value
obtained at one frequency may therefore contain different composition-related information
from that obtained at another frequency. This motivates treating a discrete set of capacitance
measurements as a frequency-dependent electrical response rather than selecting a single
operating point a priori.

Because each sample is interrogated at several excitation frequencies, the resulting
measurements form a multivariable electrical-response vector rather than a single sensing
variable. Multivariable regression is therefore introduced here specifically as an analysis
tool for the frequency-dependent IDC response, not as a separate sensing modality. Related
honey-authentication studies have shown that multidimensional measurements can contain
useful composition information. Phillips and Abdulla [15] applied machine learning to
hyperspectral data, while Razavi and Esmaeilzadeh Kenari [16] used partial least-squares
regression (PLSR) and support vector regression (SVR) with UV-visible spectra for quan-
titative adulteration analysis. Calle et al. [17] reported Vis—-NIR sensing combined with
machine learning, Punta-Sanchez et al. [ 18] applied regression algorithms to ultra-fast gas
chromatographic data, and electronic-nose and gas-sensor responses have also been ana-
lyzed using machine-learning methods [19,20]. These studies provide the methodological
context for testing whether the six direct IDC capacitance measurements contain useful
joint information, while the sensing input in the present study remains purely electrical.

A clear gap therefore remains between direct low-frequency IDC sensing and multivari-
able quantitative analysis. Relatively little attention has been given to whether capacitance
values obtained from the same planar IDC at several excitation frequencies contain useful
information beyond that available from the strongest single-frequency response. Address-
ing this gap does not require extraction of intrinsic dielectric properties. Instead, the IDC
and the loaded sample can be considered together as a frequency-dependent electronic
transducer whose measured parallel-capacitance response is used directly for analysis.

Accordingly, this work investigates a planar copper IDC fabricated on an epoxy-based
printed-circuit substrate and interrogated directly with an LCR meter at 100 Hz, 1 kHz,
10 kHz, 100 kHz, 1 MHz, and 2 MHz. Honey-syrup mixtures are used as a controlled liquid-
loading series. The 1 kHz response is first evaluated as the single-frequency linear reference,
while the six measured capacitance values are subsequently considered jointly using PLSR
and SVR. Model performance is evaluated using leave-one-level-out cross-validation and
quantified by R?, RMSE, and MAE.

The contribution of this study is threefold. First, it characterizes the frequency-
dependent direct parallel-capacitance response of a planar IDC over the 100 Hz—2 MHz

https://doi.org/10.3390/electronicmat7040030


https://doi.org/10.3390/electronicmat7040030

Electron. Mater. 2026, 7, 30

40f22

range for a controlled honey-syrup series. Second, it examines whether the information
distributed across six excitation frequencies improves concentration estimation relative to
the strongest single-frequency calibration. Third, it compares linear and nonlinear regres-
sion while explicitly distinguishing technical measurement repetitions from independent
physical samples. The present work is therefore positioned as a device-response proof of
concept rather than as an intrinsic permittivity-extraction method or a fully generalized
honey-authentication model.

Table 1 summarizes representative state-of-the-art work and positions the present
method with respect to sensing structure, measurement regime, and analysis strategy.

Table 1. State-of-the-art comparison of representative direct-capacitance, microwave, and data-driven

sensing approaches relevant to the present work.

Study Sensor/Structure Excitation and Appllc;jltlon/ Relation to the Present Work
Response Analysis
. Interdigitated Direct capacitance Demonstrates the m.f!uence of
Martinez-Lopez o . L . substrate and parasitic
coplanar capacitive with substrate and Liquid sensing . o
etal. [2] . as o . components in a liquid-loaded
device on Si/SiO, parasitic modeling cps .
capacitive device.
Seidenath et al. [3] Interdigitated Cu Er?;g Eﬁgﬁcﬁmce Egg,ilr?nihickness Provides a recent example of a
' electrodes on PCB ) (angig 8 PCB-based IDC transducer.
dielectric loading monitoring

Ali and Mandal [4]

Planar IDC

Direct
capacitance/electrical
output

Liquid-level
measurement

Demonstrates direct capacitance
transduction using an IDC
without microwave resonance.

Angkawisittpan and
Manasri [6]

Planar IDC

Direct capacitance

Sugar concentration
in aqueous solution

Closest low-frequency
composition-sensing precedent,
but without honey or
multi-frequency regression.

Govind and
Akhtar [12]

IDC-loaded
microwave SRR with
microfluidic channel

Resonant frequency
and attenuation

Aqueous glucose
sensing

Uses IDC field concentration for
a liquid sample, but in the
microwave resonant regime.

Combines IDC-enhanced

Microwave response  Glucose . ) A
Martinic et al. [13] Impedance-matched at matched concentration with microwave sensing with
' IDC-CSRR . multivariable concentration
resonances regression o
estimation.
. ELC resonator with Microwave resonant Solid .aer.hquld Recent mte.rdlgltal fleld .
Wang and Liu [14] . . permittivity concentration for dielectric
interdigital electrode  response : e . )
identification material sensing.
Establish the importance of bulk
Honey conductivity and

Elamine et al. [7] and

Bare-electrode

Low-frequency

discrimination and

electrode-sample interfacial
phenomena in low-frequency

Ben Halima et al. [8] 1mpec.hmetr1c/electro impedance/EIS Sugarsyrup honey sensing; unlike the
chemical cells response adulteration
present coated IDC, these
assessment e .
studies involve direct
electrode-liquid contact.
. Honey-specific electromagnetic
. Microwave and . .
Piekarz et al. [9] and Impedance/resonant . sensing, but requiring
IDC-based resonant Honey adulteration . . i
Matek et al. [11] response microwave interrogation rather

sensors

than direct Cp.
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Table 1. Cont.

Study Sensor/Structure Excitation and Apphca_atlon/ Relation to the Present Work
Response Analysis
Calle etal. [17] and Spectroscopic/ . Mu.ltldlmensmr.lal PLSR, SVR, and other Dem.onst.rate the Valqe of
Punta-Sanchez chromatographic optical or chemical . multivariable regression but use
regression methods o )
etal. [18] systems data non-electrical input variables.
Evaluates whether discrete multi-
1 kHz linear frequency direct-capacitance
. . measurements add useful
Present work Planar Cu IDC on Direct C, at regression and information beyond the strongest
epoxy-based PCB 100 Hz-2 MHz six-frequency Y 8

single-frequency calibration

PLSR/SVR without resonance tracking or

S-parameter acquisition.

2. Materials and Methods
2.1. IDC Sensor Structure and Sensing Principle

The sensing element used in this study is a planar interdigital capacitor (IDC) fabricated
on an epoxy-based printed-circuit substrate. As shown in Figure 1, the sensor consists of two
electrically isolated copper electrodes, denoted Electrode A and Electrode B. Each electrode
comprises a longitudinal bus conductor connected to a set of parallel fingers extending
toward the opposite electrode. The fingers are arranged alternately to form the interdigital
sensing region, while a finite separation is maintained between adjacent conductors and
between each finger tip and the opposite bus conductor. Thus, the two electrodes are not
directly connected by a metallic path.

— =4
Active length L = 50 mm Copper, ¢ = 35 yim

Electrode A

a = 3mm / Epoxy, 5 ~ 4.6

—

b=3mm

Electrode B

N =13 fingers: 7 from A, 6 from B

Figure 1. Dimensioned top-view schematic of the planar interdigital capacitor showing Electrode A
and Electrode B. The verified geometrical parameters are a total of N = 13 fingers (7 connected to
Electrode A and 6 connected to Electrode B), active finger length L = 50 mm, finger width 2 = 3 mm,
and edge-to-edge inter-finger gap b = 3 mm. The conductive pattern is copper with thickness
t = 35 um on an epoxy-based PCB substrate having a nominal relative permittivity of approximately
g, = 4.6. No substrate-thickness value is shown because it cannot be verified from the retained
fabrication record. The schematic is a technical illustration based on the verified sensor dimensions
and is not used as photographic evidence of undocumented experimental conditions.

The fabricated IDC contains a total of N = 13 interdigitated fingers, with seven fingers
connected to Electrode A and six fingers connected to Electrode B. The active finger length
is L = 50 mm, the finger width is 2 = 3 mm, and the edge-to-edge separation between
adjacent fingers belonging to opposite electrodes is b = 3 mm. The conductive pattern
is formed from copper with a thickness of t = 35 um on an epoxy-based printed-circuit
substrate having a nominal relative permittivity of approximately &, = 4.6. The available
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fabrication record does not provide a traceable commercial laminate designation or a
verified substrate-thickness value; therefore, these parameters are not specified beyond
the documented epoxy-based substrate and its nominal relative permittivity. Figure 2 was
redrawn as a dimensioned technical schematic using only these verified geometrical and
material parameters; no unverified substrate thickness or additional geometric dimension
is assigned.

Figure 2. Authentic photograph of the fabricated planar IDC sensor used in the reported honey—syrup
measurements.

The sensing mechanism is based on the fringing electric field established between
adjacent fingers belonging to opposite electrodes. When an electrical potential is applied
between Electrode A and Electrode B, electric-field lines extend across the inter-finger gaps
and partly penetrate the material located above the electrode plane. In the reported measure-
ments, the copper interdigital electrodes were not in direct contact with the honey—syrup
samples. The copper fingers and bus conductors in the active sensing region were covered
by a thin insulating coating before liquid measurements. Thus, the relevant interface was a
liquid-insulating-layer—copper IDC configuration rather than a direct liquid—copper inter-
face. The terminal pads, solder joints, and external electrical connections were kept outside
the wetted region and did not contact the sample. The available fabrication record does not
retain a traceable specification of the coating material or its exact thickness; therefore, these
two coating parameters are not assigned retrospectively. Accordingly, the LCR-meter output
is interpreted as the equivalent parallel response of the complete coated-IDC—sample—fixture
system rather than as a direct measure of intrinsic sample permittivity.

When a honey-syrup sample is introduced over the active sensing region, the sample
modifies the electric-field distribution and hence the effective capacitance between the
two electrodes. The magnitude of this change depends on the electrical properties of the
sample, the electrode dimensions, the inter-finger spacing, the substrate properties, and the
excitation frequency [1,2].

The frequency-dependent electrical behavior of the sample may be represented con-
ceptually by the complex relative permittivity

ex(f) = e.(f) —jel (f), (1)

where ¢, and ¢; denote the dielectric storage and loss components, respectively. These
quantities are not extracted directly in the present experiment.
For a fixed electrode geometry, the measured parallel capacitance may be represented

conceptually as
Cp,meas = P[g:(ffs)/fla/blL/Nfgsftl “@]I (2)

where S denotes the syrup volume fraction and P represents fixture, contact, lead, and other
parasitic contributions. This expression is used only to describe the factors governing the
measured response; it is not used to extract the intrinsic complex permittivity of the sample.
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2.2. Equivalent Electrical Measurement

Capacitance measurements were obtained using a MATRIX MCR-8200H LCR meter
(Huachuangda Culture and Technology Industrial Park, Shenzhen, China) operated in
parallel-capacitance/dissipation-factor (C,-D) mode. In this representation, the sensor—
sample system is described by the equivalent parallel admittance

Y, () = G,(f) + B, () = G,(f) + jwC, (f), (3)

where G, is the equivalent parallel conductance, B, is the susceptance, w = 271f, and C,, is
the parallel capacitance reported by the instrument. Hence,

Im{Y, (f)}
Cp(f) = ———. (4)
For the same parallel equivalent circuit, the dissipation factor is
G,(f)
(f) =~ (5)
wCy(f)

Equations (3)—(5) illustrate why the response of a practical liquid-loaded IDC cannot be
described by a single frequency-independent capacitance. Changes in dielectric polarization,
loss, conductivity, interfacial effects, and parasitic admittance can alter the equivalent G,
and C, as the excitation frequency changes.

The D relation is included only to define the C,,-D equivalent measurement mode used
by the LCR meter and to make explicit the relation between the reported capacitance and
the parallel loss term. The present regression analysis does not use D as an input variable.
Although both C, and D were available from the instrument display, only C, was retained
as the sensing variable in the present analysis. Accordingly, all subsequent references to
capacitance denote the equivalent parallel capacitance under the specified measurement
condition, rather than a direct estimate of intrinsic sample permittivity.

Because the copper conductors were separated from the liquid by the insulating coating,
the present configuration is not interpreted as a bare metal-electrolyte interface. Accord-
ingly, a classical electrical double layer formed directly at the copper-liquid boundary is
not invoked as the primary mechanism of the reported response. Instead, the measured
equivalent admittance may contain contributions from the coating capacitance, polarization
at the coating-liquid interface, the frequency-dependent dielectric and conductive proper-
ties of the honey-syrup sample, substrate loading, and fixture/lead parasitics. The present
C,-only data do not permit these individual contributions to be separated quantitatively.

2.3. Sample Series and Measurement Procedure

Honey—syrup mixtures were prepared at eleven syrup volume fractions from 0% to
100% syrup in increments of 10%. Each composition was prepared separately to a total
volume of 200 mL at room temperature (approximately 25 °C). The syrup fraction was
defined on a volume basis as

Vs ru
S, = — _ %100%, (6)
! Vhoney + Vsyrup

where V., and Vy,gpey are the measured component volumes. Thus, 0% corresponds to
200 mL honey and 0 mL syrup, whereas 100% corresponds to 0 mL honey and 200 mL

syrup. The intermediate mixtures were prepared according to Table 2.
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Table 2. Preparation of the honey-syrup mixtures on a volume-fraction basis. Each mixture had a
total volume of 200 mL.

Syrup Volume Fraction (% v/v) Honey (mL) Syrup (mL)
0 200 0
10 180 20
20 160 40
30 140 60
40 120 80
50 100 100
60 80 120
70 60 140
80 40 160
90 20 180
100 0 200

The eleven mixtures were prepared as separate samples rather than by sequential
addition. The honey and sugar syrup were commercially available food-grade products
purchased from modern-trade retail outlets in Thailand. The retained experimental record
does not preserve the specific brand names, manufacturers, production lots, or detailed
compositional specifications; therefore, these details are not reconstructed retrospectively.
Measurements were carried out at approximately 25 °C. After the coated IDC sensing
region was immersed horizontally and fully covered by the sample, approximately 2-3 min
were allowed for the reading to stabilize before values were recorded. Thirty repeated
measurement cycles were performed for each prepared composition. Between repeated
measurement cycles, the coated sensing surface was removed from the sample, wiped clean
with commercially available standard cleaning material used for the experiment, and then
reintroduced for the next measurement. The specific formulation and manufacturer of the
cleaning material were not retained in the experimental record and are therefore not assigned
retrospectively. The same cleaning and reloading procedure was applied throughout the
series. Measurements proceeded in ascending syrup volume fraction from 0% to 100%.

The electrical response was measured using a MATRIX MCR-8200H LCR meter with a
nominal measurement-frequency range of 20 Hz—2 MHz. The instrument was operated in
C,~D mode, and the same IDC structure was used throughout the complete measurement
series. Kelvin clip leads connected the two IDC terminals to the LCR meter. During mea-
surement, the sensor was positioned horizontally and immersed in the liquid sample so
that the active interdigital sensing region was fully covered by the honey-syrup mixture.
Only the coated IDC sensing region was placed in the wetted zone; the terminal pads,
solder joints, and external electrical connections remained outside the liquid. The same
horizontal orientation and the same general immersion configuration were maintained
throughout the measurement series to keep the active sensing region consistently covered
between measurements. A numerical clearance from the vessel bottom was not retained
in the experimental record and is therefore not reported. The AC excitation amplitude
was not available as a recorded numerical parameter from the measurement procedure,
and no separate record of this setting was retained. Therefore, an excitation-amplitude
value is not assigned retrospectively. The archived record does not preserve the DC bias,
measurement-speed setting, or the complete lead-compensation procedure.

Measurements were obtained at six discrete excitation frequencies,

} = [100 Hz, 1 kHz, 10 kHz, 100 kHz, 1 MHz, 2 MHz]. (7)

These frequencies span four orders of magnitude and were treated as discrete electrical
interrogation conditions. The resulting plots are discrete parallel-capacitance frequency
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responses rather than complete impedance spectra. The experiment was not intended
to reconstruct a continuous dielectric spectrum. Instead, the objective was to determine
whether capacitance values measured at several excitation frequencies contain complemen-
tary composition-related information.

At each syrup volume fraction and excitation frequency, 30 repeated measurement
cycles were performed using the same separately prepared mixture. These cycles included
removal, cleaning of the coated sensing surface, and reloading before the next measurement.
They therefore characterize repeated measurement of the same prepared composition and
are not 30 independently prepared physical samples. The mean parallel capacitance was
calculated as

— 1&
C(S.f) == GuSf), n=30, (8)
i=1

where C,, ;(S, f) is the ith parallel-capacitance reading obtained for syrup volume fraction S
at excitation frequency f.

Averaging was applied only to reduce short-term reading variation within the same
measurement condition. It does not increase the number of independent sample prepara-
tions. Consequently, the regression data set contains eleven concentration-level observations
rather than 11 x 30 = 330 independent samples.

The present revision establishes the mixture basis, total prepared volume, room-
temperature condition, repeated-measurement count, stabilization interval, and clean-
ing/reloading procedure. Remaining undocumented items are limited to instrument-
specific settings for which a numerical record has not yet been transcribed, as noted above.

2.4. Frequency-Dependent Response Characterization

Before constructing multivariable regression models, the frequency-dependent sensor
response was examined independently at each excitation frequency. For a given frequency
f, the mean capacitance response was approximated by

where 1, is the slope of the capacitance response with respect to syrup volume fraction and

by is the intercept. The quantity mi;, expressed in pF per percentage point of syrup volume

fraction, is used as an empirical sensitivity measure for the linear response at each frequency.
The endpoint capacitance change was also defined as

and the corresponding normalized endpoint response as

C,(100,f) = C,(0,f)
C,(0,f)

Re(f) = x 100%. (11)

These quantities are used only to characterize the electrical response of the sensor
and should not be confused with the inverse regression models used for estimating syrup
level. In particular, the forward relationship in Equation (9) describes how capacitance
changes with S, whereas the predictive models described below estimate S from one or
more measured capacitance values.

2.5. Multi-Frequency Input Representation

For regression analysis, each syrup volume fraction was represented by the six mean
capacitance values measured at the corresponding excitation frequencies. The feature vector
for observation j was defined as
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x; = [C, (100 Hz),C, ;(1 kHz),C, ;(10 kHz), C, (100 kHz), C, ;(1 MHz), C, ;(2 MHz)], (12)

with the corresponding target
Y, =S;. (13)

The complete predictor matrix therefore has the form
X e R11X6, y c Rllxl. (14)

Thus, the six input variables do not represent six independent sensors. Rather, they
are six electrical observations of the same physical IDC—sample system under different
excitation frequencies.

The complete experimental data-processing and regression workflow is summarized
in Figure 3. To avoid ambiguity regarding image provenance, the revised figure is presented
solely as a schematic workflow and contains no embedded photographs, reconstructed
experimental images, or illustrative regression plots.

@ Honey—syrup @ Capacitance measurement @ Average capacitance @ Six-frequency
sample preparation with coated IDC sensor calculation feature vector Data preprocessing

Syrup volume fraction LCR meter: MATRIX MCR-8200H For each sample Construct feature vector o Remove outliers

0%, 10%, 20%, ..., 100% Frequencies: and each frequency: for each sample: (if any)

M) H 100 Hz, 1 kHz, 10 kHz, o Calculatethemean 1y —[Cp(100Hz), [yl ¢ Standardize feawres
100 kHz, 1 MHz, 2 MHz capacitance C,, C,(1 kHz), (Z-§cpre) within the

Total volume: 200 mL Mode: parallel C, — D bl et C,(10 kHz), training fold

it Repeated measur’;mem' deviation (SD) Cp(100 kHz), o Use standardized

(prepared separately) P f 5 C,(1 MHz), six-frequency feature
3_0 cycles per frequency (30 repeated cycles) C,(2 MHz) ] matrix for modeling
for each sample 2

@ Model development and validation
Leave-one-out cross-validation (LOOCV)
v

v v
1-kHz linear regression PLSR (six-frequency) SVR (six-frequency) |
o Input: C, at 1 kHz * Input: six-frequency feature vector o Input: six-frequency feature vector
e Model: linear regression © Model: partial least squares regression (PLSR) * Model: support vector regression (SVR)
e Validation: LOOCV  Validation: LOOCV e Validation: LOOCV
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@ Performance evaluation
¢ Model comparison and selection based on LOOCYV results

Figure 3. Schematic workflow of the experimental data processing and regression analysis. Separately
prepared honey-syrup mixtures spanning 0-100% syrup volume fraction (v/v) were measured
using the coated IDC sensor at 100 Hz, 1 kHz, 10 kHz, 100 kHz, 1 MHz, and 2 MHz. Thirty repeated
measurement cycles were performed at each composition and frequency, and the resulting capacitance
values were averaged to construct the six-frequency feature vector. The data were then processed
within the validation framework and evaluated using 1 kHz linear regression, six-frequency PLSR,
and six-frequency SVR under leave-one-out cross-validation. Model performance was quantified using
R?, RMSE, and MAE. The figure is a schematic workflow only and is not presented as photographic
evidence of the experimental setup.

All quantitative regression-performance values are reported only in the Results sec-
tion. No performance values or illustrative prediction ranges are embedded in Figure 3,
thereby avoiding inconsistencies between the workflow illustration and the validated
numerical results.

2.6. Regression Models

Three regression approaches were evaluated to determine whether the multi-frequency
electrical response contained useful information beyond the strongest individual frequency.

2.6.1. Single-Frequency Linear Regression

The 1 kHz capacitance was selected as the single-frequency reference after compar-
ing the linear-response slope, coefficient of determination, endpoint capacitance change,
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and normalized endpoint response at all six frequencies. As shown in Section 2.4, 1 kHz pro-
vided the highest linear slope and the highest R?, while also showing the largest normalized
endpoint response. For prediction, the inverse linear model was written as

S =By + B1C,(1kHz), (15)

where S is the estimated syrup volume fraction and f, and B, are fitted regression co-
efficients. For the full eleven-level data set, the illustrative 1 kHz inverse calibration is
S = —577.576 + 5.3566 C,(1 kHz). No clipping to the 0-100% interval was applied when
evaluating regression outputs; values outside this range were retained as model predic-
tions. This full-data equation is provided for transparency and is not a substitute for the
fold-specific models used in cross-validation.

It should be noted that Equation (15) is an inverse prediction model, whereas
Equation (9) is used to describe sensor sensitivity. The two regressions therefore serve
different purposes and their slopes are not directly interchangeable.

2.6.2. Partial Least-Squares Regression

Partial least-squares regression (PLSR) was used because the six capacitance variables
originate from the same sensor and are therefore expected to be strongly correlated. PLSR
represents the predictor matrix through a reduced set of latent variables while maximizing
the covariance between the predictor and response spaces [21]. A general PLS representation
can be written as

X=TP' +E (16)

and
y=Tq+e, (17)

where T contains the latent scores, P contains the predictor loadings, q contains the response
loadings, and E and e are residual terms.

In the present application, PLSR evaluates whether a lower-dimensional linear combi-
nation of the six frequency-dependent capacitance measurements can improve prediction
relative to a single-frequency linear model.

2.6.3. Support Vector Regression

Support vector regression (SVR) was additionally evaluated because the relationship
between the multi-frequency capacitance vector and syrup volume fraction need not be
strictly linear. In its general form, SVR estimates a function

S(x) =wlg(x) +b, (18)

where ¢ (x) maps the input vector into a feature space, w is the regression weight vector,
and b is the bias term [22].

The standard e-insensitive SVR formulation balances model complexity and prediction
error according to

1 N
1 e
Jn, 5 jwi? +C ;«; + &, (19)
subject to
yi—S(x) <e+§ (20)
S(x;) —y; < e+, 1)

GG 20, (22)

where C controls the trade-off between model complexity and errors outside the e-insensitive
region. This formulation provides a regularized nonlinear regression framework suitable
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for evaluating whether the combined frequency response contains information that cannot
be represented adequately by one linear capacitance variable [22].

Because the present data set is small, SVR is used here as a comparative regression
model rather than as evidence of a generally applicable machine-learning predictor.

To isolate the effect of input dimensionality from the effect of model class, a matched
SVR comparison was additionally performed. The same RBF-SVR pipeline, predictor
standardization, hyperparameter grid, inner model-selection procedure, and outer LOOCV
procedure were applied to (i) a single predictor, C,(1 kHz), and (ii) the complete six-
frequency capacitance vector. Thus, the 1 kHz SVR and six-frequency SVR differed only in
the predictor set.

2.7. Preprocessing and Cross-Validation

Before fitting multivariable models, each capacitance variable was standardized within
the training data of each validation cycle. For predictor j, standardization was performed as
. Xij - ;uj,trainl (23)

g
Sj,train

where p; i, and s;

j train are the mean and standard deviation calculated only from the

training observations. The same training-derived parameters were then applied to the
held-out observation. This procedure prevents information from the test observation from
entering the preprocessing stage.

The 1 kHz reference frequency had been selected from the complete eleven-level
data set using the single-frequency response comparison before the LOOCV performance
analysis. Frequency selection was therefore not repeated within each outer training fold.
Consequently, the reported 1 kHz linear and 1 kHz SVR performance values should be
interpreted as conditional internal-validation results for a preselected 1 kHz input rather
than as fully nested estimates of a complete frequency-selection procedure. In contrast, the
six-frequency models used the same fixed set of all six measured frequencies in every outer
fold, so no frequency subset selection was performed for those models.

Because the complete data set contains only eleven concentration-level observations,
leave-one-out cross-validation (LOOCV) was used as an initial assessment of model per-
formance. In validation cycle i, observation i was excluded from model fitting, and the
remaining ten observations were used as the training set. The fitted model was then applied
to the held-out observation to produce the cross-validated prediction

77", (24)

where the superscript (—i) indicates that observation i was not used for training.

The procedure was repeated for all eleven observations. Importantly, the 30 repeated
measurement cycles at each syrup volume fraction had already been averaged before
regression and were not treated as independent samples. Therefore, LOOCV was performed
across the eleven syrup volume fractions, not across the individual repeated measurements.

2.8. Performance Metrics

Model performance was evaluated from the complete set of cross-validated predictions
using the coefficient of determination, root-mean-square error, and mean absolute error.
The cross-validated coefficient of determination was calculated as

Z?; (%’ —%_i))Z
Zﬁl (yi — y)Z

RZ, =1- (25)

where ¥ is the mean syrup volume fraction.
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The corresponding cross-validated RMSE was
1Y (—iy\2
RMSEcy = N Z(J/i —Y ) ’ (26)
i=1
and the MAE was N
1 o
MAEcy = N Z|yi ~ 7 l)‘~ (27)
i=1

Higher RZ,, together with lower RMSEy and MAEy indicate closer agreement be-
tween the estimated and syrup volume fractions. Because the target variable is expressed
on the 0-100% (v/v) syrup-volume-fraction scale, RMSE and MAE are reported in percent-
age points.

These metrics are interpreted as internal cross-validation results for the available eleven-
level calibration series. They should not be interpreted as external-validation accuracy
or between-batch reproducibility because the experiment did not contain independently
prepared replicate batches.

Accordingly, the numerical prediction errors reported here are conditional on this
single preparation series and should not be assumed to represent the accuracy expected for
unseen honey batches or for honeys of different botanical or geographical origin. External
validation with physically independent batches and additional honey sources is required
before such transferability can be claimed.

3. Results
3.1. Unloaded-Sensor Baseline

An archived unloaded-sensor data set was available for the same IDC—meter measure-
ment system and was added to characterize the baseline response before interpreting the
liquid-loaded measurements. Five readings were recorded in air at each of the six excitation
frequencies. Table 3 shows that the unloaded mean C, varied with frequency, while the
within-condition coefficient of variation remained below 2%.

The unloaded response is compared directly with the pure-honey and pure-syrup
responses in Figure 4b using a common frequency axis. The preserved air-baseline error
bars denote one sample standard deviation from five air measurements. The unloaded
response confirms that the sensor-lead-instrument system is itself frequency dependent.
Consequently, the much larger C, values observed with honey and syrup cannot be inter-
preted as intrinsic sample permittivity. No traceable known-liquid reference measurement
was retained in the archived experiment; this remains a limitation of the present data set.

Table 3. Unloaded IDC parallel capacitance measured in air.

Frequency Mean C, (pF) SD (pF) CV (%)
100 Hz 27.042 0.504 1.863
1kHz 23.574 0.175 0.744
10 kHz 22.192 0.207 0.934
100 kHz 20.284 0.114 0.564
1 MHz 19.624 0.130 0.665
2 MHz 21.600 0.183 0.849
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Figure 4. Parallel-capacitance frequency responses of the coated IDC. (a) Mean parallel capacitance
versus syrup volume fraction at the six discrete excitation frequencies. (b) Comparison of the unloaded
air response with pure honey (0% syrup) and pure syrup (100% syrup) using logarithmic frequency
and capacitance axes. Air-baseline error bars denote one sample standard deviation from five unloaded
measurements. Loaded-sample error bars are not shown because the retained analysis data used for
this revision contain concentration-level means rather than the corresponding repeat-level values.

3.2. Frequency-Dependent Capacitance Response

Table 4 summarizes the mean parallel capacitance at the six excitation frequencies.
Each value is the mean of 30 repeated measurement cycles at a given syrup volume fraction
and frequency. The response depends strongly on both sample composition and excita-
tion frequency.

Table 4. Mean parallel capacitance (pF) measured at different syrup volume fractions and excita-
tion frequencies.

Syrup Level 100 Hz 1kHz 10 kHz 100 kHz 1 MHz 2 MHz
Pure honey (0%) 154.418 106.816 50.394 43.628 45.042 44.856
10% 157.410 111.088 51.282 45.369 46.056 45.344
20% 165.876 113.744 52.608 45.778 46.098 45.406
30% 166.488 114.406 53.382 46.394 47.196 46.726
40% 166.208 115.428 53.508 47.038 47.272 47.242
50% 168.800 116.148 53.792 47.266 47.356 47.384
60% 167.540 117.302 53.904 47.344 47.588 47.658
70% 171.318 118.878 55.092 47.368 47.678 47.742
80% 169.146 122.314 55.142 47.546 47.692 47.758
90% 169.482 125.654 55.688 48.204 47.704 47.768

Pure syrup (100%) 174.828 126.972 58.826 48.442 47.848 47.818

To make the single-frequency selection explicit, Table 5 compares the forward linear
response at all six excitation frequencies.

The measured parallel-capacitance frequency responses are shown in Figure 4. At
100 Hz, the absolute endpoint change was slightly larger than at 1 kHz, but the response
showed noticeable reversals at intermediate syrup levels and a substantially lower R2.
In contrast, 1 kHz combined the highest linear slope (0.1778 pF per percentage point),
the highest R? (0.9524), and the largest normalized endpoint response (18.87%). These
metrics, rather than capacitance magnitude alone, were therefore used to select 1 kHz as
the single-frequency reference.

At higher frequencies, the endpoint difference became smaller: 8.432 pF at 10 kHz,
4.814 pF at 100 kHz, 2.806 pF at 1 MHz, and 2.962 pF at 2 MHz. This decrease shows that
the electrical response of the liquid-loaded IDC is strongly frequency dependent.
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Table 5. Single-frequency response characteristics used to select the 1 kHz reference condition.

Frequency Slope (pF/%) R? AC, (pF) El:é)::iﬁz(iz)
100 Hz 0.1556 0.7742 20.410 13.22
1kHz 0.1778 0.9524 20.156 18.87
10 kHz 0.0647 0.8927 8.432 16.73
100 kHz 0.0391 0.8643 4.814 11.03
1 MHz 0.0243 0.7845 2.806 6.23
2 MHz 0.0309 0.8199 2.962 6.60

The 100 Hz response is not strictly monotonic. For example, the mean C,, changes from
166.488 pF at 30% to 166.208 pF at 40% and then to 168.800 pF at 50%. Additional reversals
occur at other intermediate levels. Because the experiment records only the equivalent
parallel capacitance, the present data cannot identify a unique physical cause for these
fluctuations. Given the insulating coating, these fluctuations are not attributed to a bare
copper-liquid electrode-polarization mechanism. More plausible system-level contributors
include polarization at the coating-liquid interface, the coating capacitance, bulk dielec-
tric/conductive behavior of the sample as represented in the equivalent admittance, small
variations in sample loading or placement, and fixture parasitics. They reinforce the need
to interpret the 100 Hz data as a system-level parallel-capacitance response rather than as
evidence of a resolved dielectric relaxation.

3.3. Single- and Multi-Frequency Regression

The revised workflow figure does not contain embedded regression plots or numerical
performance values. The values reported below and in Table 6 are therefore the sole
quantitative reference for model performance. The 1 kHz capacitance response was used as
the single-frequency reference, whereas the PLSR and SVR models used the six-frequency
capacitance vector. The LOOCYV results are summarized in Table 6. The 1 kHz linear model
yielded R? = 0.9325, an RMSE of 8.22 percentage points, and an MAE of 7.34 percentage
points. The matched 1 kHz SVR yielded R? = 0.6928, an RMSE of 17.53 percentage points,
and an MAE of 11.08 percentage points. The six-frequency PLSR model yielded R? = 0.8880,
an RMSE of 10.58 percentage points, and an MAE of 8.08 percentage points, indicating that
linear multivariable combination did not improve prediction relative to the 1 kHz linear
reference. In contrast, the six-frequency SVR model achieved R?> = 0.9519, an RMSE of
6.93 percentage points, and an MAE of 5.66 percentage points.

These results show that the benefit of multi-frequency input is model-dependent:
improvement was observed for the nonlinear SVR model but not for the linear PLSR model.
In addition, because 1 kHz was selected after examining the complete eleven-level data set,
comparisons involving the 1 kHz reference are conditional on that pre-selection and are not
fully nested estimates of an end-to-end frequency-selection procedure.

Model selection was performed within the training data of each outer LOOCYV cycle.
For PLSR, the number of latent components was selected from 1-6 using an inner leave-one-
out procedure that minimized RMSE. For SVR, a radial basis function (RBF) kernel was
used. The inner search considered C € {0.1, 1, 10,100, 1000}, v € {scale, 0.001,0.01,0.1, 1},
and € € {0.1,0.5,1,2,5}. Predictor standardization was included within the training pipeline
so that the outer held-out observation did not contribute to scaling or model selection.
The model selected in each inner procedure was refitted to the complete outer-training
set and evaluated on the held-out observation. The eleven outer predictions were then
pooled for calculation of R?, RMSE, and MAE. PLSR did not improve prediction relative
to the 1 kHz linear reference. The matched SVR comparison showed a stronger contrast:
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using the same RBF-SVR model and nested validation procedure, the six-frequency input
reduced RMSE from 17.53 to 6.93 percentage points (60.4% reduction) and MAE from 11.08
to 5.66 percentage points (48.9% reduction) relative to 1 kHz SVR, while R? increased from
0.6928 to 0.9519. Within this eleven-level data set, these results indicate that the additional
frequency-dependent predictors provided useful information to the nonlinear SVR model.
However, because the 1 kHz frequency itself was selected using the complete data set and
the sample size is small, the comparison remains an internal, conditional assessment and
does not establish external superiority. The actual-versus-predicted relationship is shown in
Figure 5. The held-out predictions and residuals for the matched 1 kHz and six-frequency
SVR models are provided in Supplementary Table S1.

Table 6. Leave-one-out cross-validation performance of the single- and multi-frequency regres-
sion models.

Model R2 RMSE (Percentage MAE (Percentage

Points) Points)
1 kHz linear regression 0.9325 8.22 7.34
SVR,1kHz C, 0.6928 17.53 11.08
PLSR, six-frequency C,, 0.8880 10.58 8.08
SVR, six-frequency C, 0.9519 6.93 5.66
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Figure 5. Actual versus predicted syrup volume fraction obtained using the 1 kHz linear regression
and six-frequency SVR models under leave-one-out cross-validation. Axis, tick, font, and legend
styling is consistent with the quantitative plots in Figure 4.

4. Discussion

The experimental results demonstrate that the electrical response of the planar IDC is
strongly dependent on excitation frequency. Although the same copper electrode geom-
etry and epoxy-based substrate were used throughout the experiment, both the absolute
value of the measured parallel capacitance and its variation with syrup volume fraction
changed markedly over the 100 Hz-2 MHz range. The capacitance increased from 154.418
to 174.828 pF at 100 Hz and from 106.816 to 126.972 pF at 1 kHz, whereas the endpoint
changes at 10 kHz, 100 kHz, 1 MHz, and 2 MHz were progressively smaller [1]. These
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results indicate that the liquid-loaded IDC cannot be represented adequately by a single
frequency-independent capacitance.

From an electronic-device perspective, the measured C, represents the combined re-
sponse of the copper electrodes, insulating coating, substrate, sample, and measurement
fixture. The fringing electric field generated between adjacent interdigital fingers penetrates
through the thin insulating layer and into the material above the electrode plane, so a change
in sample composition modifies the electrical loading of the device. Because the copper was
electrically isolated from the liquid by the coating, the reported configuration does not corre-
spond to a bare copper-liquid interface. The insulating layer forms part of the sensing stack
and contributes to the effective capacitance while suppressing direct ionic conduction to the
copper. Consequently, classical double-layer charging at a direct copper—electrolyte inter-
face is not used to explain the measured response. Possible contributions instead include the
coating capacitance, polarization at the coating-liquid interface, the frequency-dependent
dielectric and conductive behavior of the liquid, substrate loading, and fixture/lead par-
asitics. The present capacitance-only measurements do not independently resolve these
contributions or identify a specific relaxation process. Therefore, the 1 kHz condition is
treated strictly as an empirically useful operating frequency selected from the observed
sensitivity and linearity; it is not assigned to Maxwell-Wagner relaxation, diffusion-related
transport, or any other specific physical transition. Establishing such a mechanism would
require additional measurements, for example, full complex impedance/admittance data
over a denser frequency range together with characterization of the insulating coating and
controlled interface experiments. The observed frequency dependence is consistent with the
established behavior of liquid-loaded interdigital and coplanar capacitive structures [1-3].
The measured C, should therefore not be interpreted as an intrinsic dielectric constant or
complex permittivity of the honey-syrup mixture.

This interface interpretation is also consistent with the broader low-frequency honey-
sensing literature, while highlighting an important difference in electrode configuration.
Impedance-based electronic tongues with bare electrodes can deliberately exploit the electri-
cal double layer and small conductivity differences between honey samples [7]. EIS studies
of honey-syrup adulteration likewise model both bulk and interfacial contributions using
complete complex-impedance data [8]. In the present work, by contrast, the insulating
coating suppresses direct metal-liquid contact, and only equivalent parallel capacitance was
retained. Accordingly, these prior studies inform the possible origin of low-frequency electri-
cal sensitivity but do not justify assigning the present C,, response to the same bare-electrode
double-layer mechanism.

Accordingly, the six-frequency vector is treated as an empirical electrical feature of the
complete coated-electrode-substrate-sample—fixture system. The six discrete measurements
do not constitute a physically resolved dielectric or impedance spectrum, and the present
experiment does not deconvolute coating capacitance, coating-liquid interfacial polarization,
sample dielectric/conductive contributions, substrate capacitance, and fixture parasitics.

The choice of 1 kHz as the single-frequency reference is supported by the quantitative
comparison in Table 5. Although 100 Hz produced the largest absolute endpoint change
(20.410 pF), its response was less regular (R* = 0.7742). The 1 kHz response provided
the highest slope (0.1778 pF per percentage point), the highest R? (0.9524), and the largest
normalized endpoint response (18.87%). Thus, 1 kHz was selected on the basis of combined
sensitivity and linearity rather than absolute capacitance magnitude alone.

The regression analysis further shows that the use of several excitation frequencies does
not, by itself, guarantee improved estimation. Under LOOCYV, the 1 kHz linear regression
produced R? = 0.9325, an RMSE of 8.22 percentage points, and an MAE of 7.34 percentage
points. The six-frequency PLSR model performed less favorably, with R?> = 0.8880, an
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RMSE of 10.58 percentage points, and an MAE of 8.08 percentage points. In contrast, the six-
frequency SVR model achieved the lowest prediction errors, with R* = 0.9519, an RMSE of
6.93 percentage points, and an MAE of 5.66 percentage points. These cross-validated results
indicate that the six capacitance variables are strongly correlated and that combining them
through a linear latent-variable model does not necessarily provide additional predictive
information beyond the strongest individual frequency.

To separate input dimensionality from regression form, the matched SVR analysis
used the same nonlinear model class and identical nested LOOCV procedure for 1 kHz and
six-frequency inputs. The 1 kHz SVR yielded R? = 0.6928, RMSE = 17.53 percentage points,
and MAE = 11.08 percentage points, whereas the six-frequency SVR yielded R? = 0.9519,
RMSE = 6.93 percentage points, and MAE = 5.66 percentage points. This matched compari-
son supports a predictive benefit from the additional frequency-dependent inputs within
the available data set rather than attributing the difference solely to nonlinear model ca-
pacity. Nevertheless, the inference remains limited. The 1 kHz input was selected from
the complete data set before cross-validation, only eleven composition-level observations
are available, and no independent batch was held out. The matched result is therefore
interpreted as conditional internal evidence rather than proof of general superiority of
multi-frequency sensing.

This distinction is important when positioning the present work relative to existing IDC
and microwave sensing studies. Previous research has shown that interdigital or strongly
localized electric-field structures can provide high sensitivity to composition-dependent
changes in liquids [6,12,13]. In microwave implementations, the measurable quantity
is commonly a resonant-frequency shift, impedance variation, transmission coefficient,
or reflection coefficient [9,11]. The present approach uses a simpler electrical interrogation
scheme in which the directly measured quantity is the equivalent parallel capacitance
obtained from an LCR meter. The practical advantage is that neither resonance tracking
nor S-parameter acquisition is required. The trade-off is that the measured C, represents
the complete sensor-sample system and does not provide intrinsic dielectric parameters
without additional calibration or field modeling.

The present results therefore support the use of a printed IDC as a multi-frequency
electrical transducer rather than as a single-frequency capacitive element. The six excitation
frequencies provide different electrical views of the same sample, and these responses can be
treated as a compact electrical signature. This interpretation is consistent with the broader
development of multi-frequency and field-enhanced sensing architectures, in which the
information carried by the response distribution can be more useful than the value obtained
at one operating point. In the present case, however, the improvement was model depen-
dent: PLSR did not improve the estimation, whereas SVR did. This observation emphasizes
that multi-frequency acquisition and multivariable analysis should be considered as sepa-
rate design choices. The magnitude of the cross-validated errors must also be considered
relative to the 10-percentage-point spacing between neighboring syrup-volume-fraction
levels. The reported six-frequency SVR RMSE of 6.93 percentage points is of the same order
as this spacing. Therefore, the present RMSE should not be interpreted as evidence of a
10-percentage-point analytical resolution, and reliable discrimination between neighbor-
ing syrup-adulteration levels cannot be guaranteed from the current data. Accordingly,
the present results support an overall composition-related trend across the series rather than
fine-resolution classification of every adjacent concentration level. The held-out predictions
and residuals are provided in Supplementary Table S1 for transparent inspection of the
internal prediction errors.

The numerical results must also be interpreted in relation to the experimental unit.
The regression data set contains eleven syrup-volume-fraction observations, while the
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30 repeated measurement cycles recorded at each level and frequency are repetitions of
the same separately prepared composition condition rather than independently prepared
physical samples. Accordingly, LOOCV evaluates the internal predictive consistency of the
available calibration series but does not establish between-batch reproducibility, external
predictive accuracy, or generalization to honey samples of different botanical or geographical
origin. Because only one honey source was represented in the present calibration series,
the influence of botanical or geographical origin cannot be separated from the mixture-
composition effect and remains to be evaluated with independently sourced honeys. The use
of six predictor variables with only eleven concentration-level observations also makes
careful preprocessing and model selection essential. Standardization and any selection
of model parameters must therefore be performed using training data only within each
validation cycle to prevent information leakage.

The most important extension of the present study is not simply to increase the number
of repeated instrument readings, but to introduce independently prepared sample batches
at each syrup volume fraction. Such a design would allow the variability associated with
sample preparation to be separated from short-term measurement repeatability and would
permit validation at the physical-sample level using grouped or nested cross-validation.
Future experiments should include independently prepared replicate batches and retain
complete traceable records of all instrument-specific settings, coating specifications, fixture
compensation, placement, and measurement timing. Future work should also acquire full
complex admittance or impedance over a denser frequency range. Physically constrained
equivalent-circuit fitting could then be used to test whether distinct terms associated with
the coating, bulk sample conductance/capacitance, coating-liquid interfacial polarization,
and fixture/lead parasitics can be separated. Such deconvolution should be supported by
parameter-identifiability checks and independent reference or validation measurements
rather than inferred from C, alone. These controls would provide the basis for evaluating
reproducibility, between-batch variability, physical interpretation, and eventual transfer of
the method to unknown samples.

Planar electrical structures have also been applied to liquid sensing using other trans-
duction mechanisms. For example, Sonasang et al. [23] investigated liquid-level sensing
using microstrip parallel-coupled lines and frequency-dependent electromagnetic responses.
Although the sensing structure and frequency range differ from those of the present IDC,
such results further illustrate the general sensitivity of planar electric-field structures to
liquid loading.

Opverall, the principal engineering result of this study is that a simple copper-on-epoxy
planar IDC provides a measurable frequency-dependent electrical response to changes in
the investigated honey—syrup mixture. A single measurement at 1 kHz provides the clearest
linear calibration, whereas the complete six-frequency response contains additional infor-
mation that can be exploited by nonlinear regression. Within the limits of the present proof-
of-concept data set, the results support multi-frequency direct capacitance measurement
as a practical approach for extracting composition-dependent information from a complex
liquid without requiring a microwave resonator or vector-network-analyzer measurement.

5. Conclusions

A planar copper-on-epoxy IDC was evaluated as a direct multi-frequency electrical
transducer for a controlled honey—syrup mixture series over 100 Hz-2 MHz. Among the
six excitation frequencies, 1 kHz provided the strongest single-frequency linear re-
sponse, with a slope of 0.1778 pF per percentage point, R> = 0.9524, and a normal-
ized endpoint response of 18.87%. Under LOOCYV, the 1 kHz linear model yielded
R? = 0.9325, RMSE = 8.22 percentage points, and MAE = 7.34 percentage points, whereas
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the six-frequency SVR yielded R> = 0.9519, RMSE = 6.93 percentage points, and
MAE = 5.66 percentage points. Under the matched SVR comparison, the corresponding
1 kHz SVR produced R? = 0.6928, RMSE = 17.53, and MAE = 11.08 percentage points,
indicating that the multi-frequency input provided additional predictive information for
the nonlinear model within the present internal validation.

The measured C, should be interpreted as the equivalent response of the complete
coated IDC—sample-measurement system rather than as intrinsic sample permittivity.
The present data set contains eleven preparation levels from one honey source, and the
30 measurement cycles at each level are repeated measurements of the same prepared
composition, not independent physical samples. The results therefore establish a proof-of-
concept calibration within the tested series but do not establish between-batch reproducibil-
ity or generalization across honey origins. Additional independently prepared batches at
each syrup volume fraction, together with validation using additional honey sources, are
required before broader quantitative use is claimed. Accordingly, the reported internal-
validation errors should not be interpreted as expected accuracy for unseen honey batches
or different botanical origins. The multi-frequency values should further be regarded as
empirical system-level features rather than a resolved dielectric spectrum. The present work
is therefore limited to proof-of-concept composition sensing of a controlled honey—syrup
series and does not establish a generalized honey-authentication method. In addition, al-
though the experiment establishes that the copper was insulated from the liquid, the present
C,-only data do not separate the individual contributions of the coating, coating-liquid
interface, bulk sample response, substrate, and parasitic admittance, nor do they identify
a specific dielectric-relaxation mechanism. The present data also do not demonstrate de-
pendable separation of every adjacent 10-percentage-point syrup-volume-fraction level,
because the six-frequency SVR RMSE of 6.93 percentage points is already comparable
with the 10-percentage-point spacing between neighboring samples. These points require
independently prepared replicate batches, complete coating specifications, full complex
impedance/admittance measurements, and controlled placement/timing experiments in a
follow-up validation.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/electronicmat7040030/s1, Supplementary Table S1 contains the
outer-LOOCYV held-out predictions and signed residuals for the matched 1 kHz SVR and six-frequency
SVR analyses.
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