Kernel-Based Analysis of Impedance Spectroscopy
in a Quartz Crystal Microbalance Biosensor
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Abstract—Quartz Crystal Microbalance (QCM) biosensors
provide real-time, label-free detection by measuring shifts in reso-
nance frequency caused by mass changes on a sensor surface. The
behavior of a Quartz Crystal Microbalance (QCM) biosensor was
analyzed under a sinusoidally varying concentration regime using
impedance spectroscopy. A comprehensive dataset of impedance
parameters—resistance, reactance, absolute impedance and ad-
mittance, conductance, susceptance, and phase angle—was col-
lected across time-synchronized experiments. These measure-
ments were interpreted through both analytical and statistical
frameworks. The Kanazawa equation was employed to derive
an expected concentration from the measured frequency shifts
associated with fluidic loading, enabling analytical comparison.
To evaluate the predictive capacity of the impedance parameters,
non-linear feature selection techniques, including Mutual Infor-
mation (MI) and the Hilbert-Schmidt Independence Criterion
(HSIC), were applied. It was demonstrated that impedance
spectroscopy, when coupled with both kernel-based analysis and
physical modeling, provides a robust platform for real-time
biosensing under dynamic input conditions.

Index Terms—QCM biosensor, impedance spectroscopy,
Kanazawa equation, regression modeling, Hilbert-Schmidt In-
dependence Criterion, mutual information, kernel methods, res-
onance analysis, feature selection

I. INTRODUCTION

Quartz Crystal Microbalance (QCM) sensors are estab-
lished acoustic biosensors widely used for real-time, label-
free monitoring of molecular interactions. In these systems,
receptor molecules immobilized on a quartz crystal surface
bind target analytes from solution, increasing the effective
mass and consequently causing a proportional decrease in
resonance frequency, as described by Sauerbrey’s equation [1].

Compared to other label-free methods such as Surface
Plasmon Resonance (SPR), Quartz Crystal Microbalance with
Dissipation (QCM-D) provides enhanced sensitivity to small
mass changes [2]. QCM-D systems have been extensively used
to monitor protein adsorption and cell-surface interactions
in real time, demonstrating capability to detect minute mass
changes and record viscoelastic responses [3], [4]

Beyond simple frequency measurements, impedance-based
QCM techniques analyze the full electrical impedance spec-
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trum of the crystal using equivalent circuit models such as
Butterworth—van Dyke [5], extracting parameters including
resonant frequency, bandwidth or dissipation, motional resis-
tance, and capacitance. This comprehensive measurement pro-
vides deeper insights into surface interactions and viscoelastic
properties [6].

Measuring dissipation, in addition to frequency (as in QCM-
D), further allows probing of the viscoelastic characteristics
of adsorbed layers, resulting in richer characterization of soft
films and biomolecular interactions [7], [8]. Such dual-mode
measurements help compensate for viscous and viscoelastic
effects inherent in liquid-phase sensing.

Alternative methods, such as the ring-down technique,
analyze the free decay of crystal oscillations after excita-
tion ceases, providing high-resolution damping and quality-
factor (Q-factor) estimation [9], [10]. Although effective, this
methods often require specialized hardware and incapable of
measuring parameters other than Af and AD.

In contrast, impedance spectroscopy offers direct acquisition
of multiple electrical characteristics—resistance, reactance,
admittance, and phase—across wide frequency ranges, gener-
ating high-dimensional impedance signatures for each sensing
event. These richer datasets facilitate advanced analytical
and data-driven interpretation, allowing comprehensive sensor-
state characterization [11], [12].

Analyzing high-dimensional impedance data requires ef-
fective feature selection to identify informative features for
accurate analyte prediction [13]-[16]. Classical statistical tech-
niques, such as Pearson’s correlation, detect only linear de-
pendencies, potentially missing nonlinear relationships. Mu-
tual Information (MI) can identify nonlinear dependencies by
quantifying the reduction in uncertainty about a target variable
given a feature, though accurate estimation of MI from limited
datasets remains challenging.

Kernel-based methods, such as the Hilbert—Schmidt In-
dependence Criterion (HSIC), overcome this challenge by
measuring statistical dependence between variables within a
reproducing kernel Hilbert space without explicitly estimat-



ing probability densities [17], [18]. HSIC robustly captures
general, nonlinear relationships. By selecting suitable kernels
(e.g., Radial Basis Function kernels), HSIC can effectively
identify complex, nonlinear functional dependencies, making
it particularly suitable for high-dimensional feature selection
tasks in sensor data analysis, as demonstrated in recent appli-
cations of HSIC-based methods like HSIC-Lasso [19], [20].

In this work, we leverage MI, Pearson correlation, and HSIC
to rank high-dimensional QCM impedance features by their
relevance to analyte concentration. Glycerol was used as a
model analyte to mimic mass loading effect via change in
dynamic viscosity of the bulk medium without increasing the
mass of the QCM and without creating a thin film on the
sensor surface which disrupts the linear relationship between
Af and AD as suggested before [16], [21]. In order to
minimize noise, a constant flow rate is established using
a pneumatic microfluidic pump with 2 pressure regulating
channels in conjunction with a passive microfluidic mixer
with circular baffles resulting a constant 50 pl/min flow
rate and sinusoidal concentration change between 0 and 2%
glycerol solution with a period of 1 hour. We further explore
linear and nonlinear dimensionality reduction on the feature
set. Principal component analysis (PCA) is used to identify
orthogonal combinations of features capturing the highest
variance; however, PCA is limited to linear relationships and
may fail to capture nonlinear structure in the impedance data.
We therefore apply kernel PCA, a nonlinear extension of
PCA that uses the kernel trick to reveal underlying nonlinear
patterns in the data. By comparing PCA and kernel PCA,
we assess whether nonlinear structure (e.g. saturation effects,
cooperative binding signatures) is present in the impedance
response. Finally, we build regression models to predict the
analyte concentration from the impedance features (or from
transformed features) and compare their performance. The
goal is twofold: (1) identify which impedance parameters are
most informative (“feature interpretability”), and (2) evaluate
how well we can predict concentration using those features or
their combinations (“predictive power”).

II. MATERIALS AND METHODS

A. Experimental Setup and Data Collection

Experiments were conducted utilizing a Quartz Crystal
Microbalance (QCM) biosensor integrated with a microfluidic
passive mixer designed with circular baffles (Figure 1). The
microfluidic mixer was fabricated from cast plexiglass using
an in-house built CNC with a channel size of 500 ym. An
AT-cut quartz crystal operating at a fundamental resonance
frequency of 10 MHz was used. Fluid delivery was controlled
by a dual-channel Elveflow OB1 MK3+ pressure controller
equipped with flow sensors employing Proportional-Integral
(PI) feedback control for stable flow rates. Channel 1 supplied
deionized water following a sinusoidal flow pattern between
30 puL/min and 50 pL/min, with a period of one hour. Channel
2 delivered a 5% glycerol solution with a complementary, 180-
degree phase-shifted sinusoidal flow between 0 uL/min and 20

pL/min. The resulting total flow rate was maintained constant
at 50 uL/min.

The mixing process produced a sinusoidal concentration
profile of glycerol ranging from 0% to 2%. Impedance spec-
troscopy was employed to monitor the dynamic QCM response
in real time. A Keysight E4990A Impedance Analyzer was uti-
lized to measure and record a comprehensive set of electrical
parameters: resistance (R), reactance at first and second res-
onance peaks (X1peqk, X2peak), absolute impedance trough
and peak (Zabs—trough, Zabs—peak ), absolute admittance peak
and trough (Yaps—peak; Yabs—trough, conductance (G), suscep-
tance peaks and troughs (Bpeqk, Btrougn), and phase angle.
For analytical comparison, the Kanazawa equation was applied
to calculate a theoretically expected concentration response
(Kanazawa-concentration) based on fluid loading properties
[22]. Only the fundamental resonance frequency is used for
this study.
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Fig. 1. Experimental Setup.(a) The solutions, pressure regulator, flow sensors,
QCM flow cell and passive mixer can be seen (b) The 3d render of the
microfluidic mixer is shown

B. Data Preprocessing and Normalization

To ensure comparability across impedance parameters,
standardization procedures were applied. Specifically, all
impedance parameters, including the Kanazawa-derived con-
centration parameter, were scaled using z-score normalization,
resulting in zero mean and unit variance for each feature.
Normalization facilitated direct comparison between features
of different magnitudes and units. Kanazawa concentration
predictions were calculated from experimental phase angle
peak position by converting dynamic viscosities into concen-
tration of glycerol as discussed before [16].



C. Feature Ranking: Mutual Information (MI) and Hilbert-
Schmidt Independence Criterion (HSIC)

Feature relevance to glycerol concentration was quan-
titatively assessed using Mutual Information (MI) and
Hilbert—Schmidt Independence Criterion (HSIC), alongside
conventional Pearson correlation analysis.

Mutual Information (MI) quantifies the dependency be-
tween two variables by measuring how much knowing one
variable reduces uncertainty about the other. Mathematically,
MI between continuous variables X and Y is defined as

e p(z,y)

MI(X;Y) / /p(ny) log p(x)p(y)dmdy
where p(x,y) is the joint probability density function and
p(z), p(y) are marginal densities. In this study, MI was
directly estimated using a non-parametric k-nearest neighbor
(k-NN) approach, which robustly captures nonlinear and non-
monotonic dependencies without explicitly calculating proba-
bility density functions.

Hilbert-Schmidt Independence Criterion (HSIC) quanti-
fies statistical dependence between variables by evaluating co-
variance in high-dimensional, nonlinear feature spaces. HSIC
relies on embedding the variables into reproducing kernel
Hilbert spaces (RKHS), where linear relationships correspond
to nonlinear dependencies in the original data space. Formally,
HSIC is computed using kernel matrices derived from data
points:

HSIC(X,Y) = strace(KHLH)

1
(n—1)
where K and L represent kernel matrices for variables X and
Y, respectively and H = I,, — %llT is a centering matrix
ensuring zero mean embedding. In this analysis, Gaussian
(Radial Basis Function, RBF) kernels were used, allowing
HSIC to capture complex, nonlinear, and arbitrary relation-
ships between impedance parameters and analyte concentra-
tion. Due to its kernel-based formulation, HSIC effectively
detects dependencies without explicit density estimation, mak-
ing it particularly suitable for high-dimensional biosensor data
exhibiting nonlinear interaction effects.

D. Dimensionality Reduction and Regression Analysis

Principal Component Analysis (PCA) and kernel PCA were
employed to reduce dimensionality and to reveal linear and
nonlinear patterns in the impedance dataset, respectively. PCA
identifies linear combinations of original parameters that cap-
ture the highest variance, while kernel PCA extends this by
applying nonlinear kernels (e.g., radial basis function kernels)
to uncover complex interactions between features.

Regression models—Linear Regression, Polynomial Re-
gression (degree 2), Support Vector Regression (SVR), Ran-
dom Forest, and XGBoost—were trained using different com-
binations of impedance features. Model performance was
evaluated by computing the coefficient of determination (R?)
through cross-validation, providing quantitative measures of
predictive accuracy.

E. Statistical Residue Analysis for Dimensionality Reduction
Evaluation

Statistical residue analysis was performed to quantitatively
assess how well the original data structure is preserved when
reducing dimensionality using both classical PCA and kernel
PCA (KPCA) with various kernels. In this analysis, the number
of principal components was systematically varied, and the
quality of the reconstruction was evaluated for each value of
components n. For each method, two metrics were computed:
the mean squared error (MSE) between the original data and
the reconstructed data, and the Pearson correlation coefficient
between the corresponding entries of the pairwise kernel (or
covariance) matrices of the original and reduced datasets.
By plotting these metrics as a function of the number of
components, the extent to which the essential information in
the dataset is preserved at each dimensionality was visualized.

III. RESULTS AND DISCUSSION
A. Bivariate Analysis of Impedance Parameters

Initially, the relationship between each impedance spec-
troscopy parameter and glycerol concentration was investi-
gated through bivariate scatter plots (Figure 2). The impedance
parameters examined were resistance (R), reactance at first
and second peaks (X1peqk; X2peqr), absolute impedance
peak and trough (Zabs_peak,Zabs_tmugh), absolute admit-
tance peak and trough (Yips—peak, Yabs—trough) phase an-
gle, conductance (G), and susceptance peaks and troughs
(Bpeaks Birougn)- Visual inspection of scatter plots suggested
strong but varied degrees of correlation, indicating potential
for nonlinear dependencies that standard linear analyses might
not fully capture.

B. Feature Relevance Ranking: MI, HSIC, and Pearson Cor-
relation

To quantify and compare the strength of relationships
between impedance parameters and glycerol concentration,
Mutual Information (MI), Hilbert—Schmidt Independence Cri-
terion (HSIC), and Pearson’s linear correlation coefficient were
computed. The results, shown Figure 3a demonstrated that
Bycqr consistently emerged as the most relevant parameter,
exhibiting the highest MI (0.9947), HSIC, and Pearson corre-
lation (0.9310) scores. Conductance (G) and absolute admit-
tance peak (Yabs,peak) followed closely, also showing strong
associations (MI scores: 0.8784 and 0.8229, Pearson corre-
lations: —0.9234 and 0.9142, respectively). These findings
highlighted Bpeqr, G, and Ygps—peqr as particularly informa-
tive parameters for accurately predicting glycerol concentra-
tion. HSIC results complemented MI findings, reinforcing the
robustness of these rankings. HSIC, leveraging kernel-based
methods, provided additional confirmation of the presence of
substantial nonlinear dependencies that linear correlation alone
could not fully represent.

C. Dimensionality Reduction: PCA and Kernel PCA

To further explore the impedance parameter space, Principal
Component Analysis (PCA) and kernel PCA (kPCA) were
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Fig. 2. Bivariate scatter plots of each impedance parameter versus glycerol concentration. Bottom left corner is the scatter plot of voncentration values

obtained from Kanazawa equation versus glycerol concentration

applied. PCA revealed that most variance (> 90%) was
captured by a few principal components, suggesting inherent
redundancy in the original parameter set (Figure 3b). How-
ever, kernel PCA using Radial Basis Function (RBF) kernels
demonstrated significantly improved feature extraction capa-
bility, indicating substantial nonlinear structure in the data.
These findings clearly established the presence of nonlinear
relationships within the impedance dataset, validating the use
of kernel methods to achieve more accurate and interpretable
dimensionality reduction and analysis.

D. Regression Modeling and Predictive Performance

Subsequently, regression models—Linear Regression, Poly-
nomial Regression (degree 2), Support Vector Regression
(SVR), Random Forest (RF), and XGBoost—were trained
using various feature combinations to predict glycerol con-
centration. Model performance was evaluated via 5-fold cross-
validated coefficient of determination (R?).

When all impedance parameters were used, the Linear
Regression model performed well (R? = 0.8550), while
SVR (R? = 0.8389), RF (R?> = 0.8439), and XGBoost
(R? = 0.8171) demonstrated comparable performance. Poly-
nomial regression exhibited slightly lower performance (R? =
0.7722), likely due to increased complexity causing dimin-
ished generalization.

The analytically derived parameter based on the Kanazawa
equation alone provided moderate predictive capability (Linear
model R? = 0.7709), reflecting its analytical validity but
also limitations in capturing all dynamic sensor interactions.
Combining all impedance parameters with the Kanazawa-
derived parameter enhanced performance compared to using
impedance parameters alone.

The presented analyses demonstrate the substantial informa-
tional richness of impedance spectroscopy data obtained from
QCM biosensors under dynamic concentration conditions.
Nonlinear feature relevance ranking via MI and HSIC revealed
impedance parameters with strong, nonlinear predictive power,
surpassing classical linear correlations. Kernel-based dimen-
sionality reduction techniques (kPCA) effectively identified
nonlinear interactions between parameters, underscoring the
importance of nonlinear modeling approaches in biosensor
data interpretation.

Regression model results further support the efficacy of
integrating kernel methods into QCM impedance data analysis.
SVR and Random Forest, in particular, consistently provided
high and stable predictive performance, emphasizing the ad-
vantage of nonlinear regression models for complex sensor
data.

Finally, while analytical parameters derived from the
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Fig. 3. (a)MI, HSIC and Pearson Correlation Scores represented in different
colors (b) PCA and KPCA results on impedance parameters

Kanazawa equation proved valuable for theoretical validation,
the comprehensive impedance parameter set, analyzed through
nonlinear methods, emerged as the optimal approach for
accurate and robust concentration prediction.

E. Residue Analysis

The residue analysis method is particularly important for
high-dimensional and non-linear datasets, such as those en-
countered in biosensor impedance measurements, where the
preservation of data structure and relationships is critical for
reliable interpretation and subsequent analysis. Compared to
classical explained variance metrics, the MSE-based residue
analysis offers a more direct and interpretable quantification
of how much structural information is preserved or lost by
different embedding techniques and component choices.

The results (see Figure 4b) demonstrate that “PCA showed
an immediate increase in correlation with the first component,
while sigmoid and polynomial kernel PCAs stabilized around
0.95 correlation value with the original dataset. The rbf
kernel exhibited consistently higher MSE values and hence
lower correlation, indicating less effective preservation of data
structure for this dataset.

IV. CONCLUSION

In this study, the applicability of impedance spectroscopy in
dynamically modulated Quartz Crystal Microbalance (QCM)
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Fig. 4. a) Bar plots illustrating R? values of fitted regression models with
associated standard deviations as error. b) Residue analysis of components
with respect to correlation values

biosensing was investigated using a combination of analyt-
ical and kernel-based methods. The comprehensive analysis
confirmed that impedance parameters, particularly suscep-
tance peak (Bpeqk), conductance (G), and admittance peak
(Yabs—peak ). provided significant nonlinear predictive infor-
mation regarding analyte concentration. Mutual Information
and the Hilbert—-Schmidt Independence Criterion effectively
identified these nonlinear relationships, exceeding the capabil-
ities of linear correlation analysis alone.

Dimensionality reduction techniques, specifically kernel
PCA, revealed essential nonlinear interactions within the
impedance data, underscoring the importance of kernel-based
methods for accurate feature extraction in QCM data analysis.
Regression modeling indicated that nonlinear models such as
Support Vector Regression and Random Forest offered robust
predictive performance without significant risk of overfitting
when trained on the full set of impedance parameters.

Although the analytically derived Kanazawa parameter
provided theoretical validation, it showed limited improve-
ment in predictive capability when combined with measured
impedance parameters. Overall, the findings demonstrated
that integrating impedance spectroscopy data with advanced
kernel-based nonlinear methods enhances both interpretability
and predictive accuracy, paving the way for more effective
real-time biosensing applications.
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