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ABSTRACT

An Investigation into the Impact of Measurement Parameters on the Limit of
Detection for the Determination of Viscoelastic Parameters via QCM-D Data
Analysis using Machine Learning Model Chaining

This thesis explores the application of Quartz Crystal Microbalance (QCM)
technology, focusing on its ability to monitor surface interactions and viscoelastic
properties in real-time. As a piezoelectric mass sensing technique, QCM demonstrates
high sensitivity in detecting frequency shifts caused by minute mass changes, a
principle governed by the Sauerbrey equation. For soft and viscoelastic materials,
QCM-D (Quartz Crystal Microbalance with Dissipation) extends QCM's functionality
by capturing dissipation shifts (AD), which indicate energy loss during oscillation. In
this research, QCM-D was utilized to examine liquids like glycerol and Bovine Serum
Albumin (BSA). Using a modified 3-layer Kelvin-Voigt model, viscoelastic
parameters, including shear modulus, viscosity, and film thickness, were derived. Key
findings showed higher harmonic frequencies enhanced sensitivity, revealing
viscoelastic properties in adsorbed layers. The adsorption of BSA at low
concentrations formed flexible, non-rigid layers with partial surface coverage,
highlighting QCM-D's potential in bioanalytical applications. To enhance
measurement accuracy, machine learning methods like K-means clustering and
regression models were employed. These techniques optimized experimental
conditions, enabling precise dissipation factor predictions across harmonics. Random
forest and polynomial chain models effectively captured harmonic dependencies,
improving the reliability of AD measurements. The results underscore QCM-D's
versatility in biosensing and materials science, offering a comprehensive tool for
studying dynamic surface interactions. This work establishes a foundation for
integrating advanced computational techniques with QCM-D, paving the way for

innovative applications in complex biological and material systems.

Keywords: BSA Adsorption, Machine Learning, Multi-harmonic Analysis, QCM-D,
Quartz Crystal Microbalance, Viscoelasticity



OZET

Makine Ogrenmesi Model Zincirleme Kullanilarak QCM-D Veri Analizi
Yoluyla Viskoelastik Parametrelerin Belirlenmesinde Ol¢iim Parametrelerinin

Tespit Sinir1 Uzerindeki Etkisinin incelenmesi

Bu tez, Quartz Kristal Mikrobalans (QCM) teknolojisinin uygulanmasini, 6zellikle
yiizey etkilesimlerini ve viskoelastik ozellikleri ger¢ek zamanli olarak izleme
yetenegini ele almaktadir. Piezoelektrik kiitle algilama teknigi olan QCM, kiiciik kiitle
degisikliklerinin neden oldugu frekans kaymalarini tespit etmede yiiksek hassasiyet
gosterir. Yumusak ve viskoelastik malzemeler icin QCM-D (Dissipasyonlu Quartz
Kristal Mikrobalans), salinim sirasinda enerji kaybini gosteren dissipasyon
kaymalarini (AD) yakalayarak QCM nin islevselligini genisletir. Bu calismada, QCM-
D kullanilarak gliserol ve Bovine Serum Albumin (BSA) gibi sivilar incelenmistir.
Modifiye edilmis 3 katmanli Kelvin-Voigt modeli kullanilarak kayma modiild,
viskozite ve film kalinlig1 gibi viskoelastik parametreler elde edilmistir. Temel
bulgular, daha yiiksek harmonik frekanslarin hassasiyeti artirarak adsorbe olmus
tabakalardaki viskoelastik oOzellikleri ortaya c¢ikardigini gostermistir. Diisiik
konsantrasyonlarda BSA adsorpsiyonu, yiizeyi kismen kaplayan esnek ve rijit
olmayan tabakalar olusturmus ve QCM-D’nin biyoanalitik uygulamalardaki
potansiyelini vurgulamistir. Ol¢iim dogrulugunu artirmak i¢in K-means kiimeleme ve
regresyon modelleri gibi makine 6grenimi yontemleri uygulanmistir. Rastgele orman
ve polinom zincir modelleri, harmonik bagimliliklar: etkili bir sekilde yakalayarak AD
Olctimlerinin gilivenilirligini artirmistir. Sonuglar, QCM-D’nin biyosensorler ve
malzeme bilimi alanlarindaki ¢ok yonliliigiini vurgulamakta ve dinamik yiizey
etkilesimlerini incelemek icin kapsamli bir ara¢ sundugunu gostermektedir. Bu
calisma, QCM-D ile ileri hesaplama tekniklerinin entegrasyonu igin bir temel
olusturarak karmasik biyolojik ve malzeme sistemlerinde yenilik¢i uygulamalara kap1

aralamaktadir.

Anahtar Sozciikler: Deney Tasarimi, Empedans Analizi, Makine Ogrenmesi, Quartz

Kristal Mikrobalans, QCMD



1 INTRODUCTION AND AIM

11 QCM, QCM-D and Machine Learning Applications

QCM s regarded as among the most sensitive real-time chemical sensors,
demonstrating its effectiveness as a mass detection platform in vacuum or gas
mediums through the detection of shifts in resonance frequency (1). Linked the shift
in resonance frequency to the mass added onto the QCM, based on assumptions
primarily relevant to applications in vacuum or gas environments. Advanced thermal
deposition and sputtering equipment rely on this foundational relationship to calculate
the thickness of deposited thin metal films. However, the assumptions made by
Sauerbrey could not explain the significant resonance frequency shift observed when
a QCM is submerged in a liquid medium, despite the crystal's inertia being preserved
(2). Successfully correlated the surrounding medium’s viscosity with its effect on
QCM, and independently confirmed Borovikov’s findings (3). Both models and
subsequent observations elucidated the significant resonance frequency shift occurring
without any observable mass change, marking a groundbreaking discovery and

providing insight into the underlying mechanisms.

In the following decades, the Kelvin-Voigt and Maxwell models were studied
to understand the relationship between higher harmonics with varying penetration
depths and the thickness and viscoelastic properties of thin films (4, 5, 6). Additionally,
changes in the thickness of deposited thin films manifested as variations in viscoelastic
properties, challenging Sauerbrey’s rigidity assumption. Collectively, these findings
showed that similar frequency shift values could indicate different deposited
thicknesses on quartz, reflecting distinct mass changes not explainable solely by
Sauerbrey’s equation (7). As a result, for a viscoelastic protein layer placed on the
QCM surface in a liquid environment, relying solely on frequency shifts to determine
the mass of the layer proves to be unfeasible. The dissipation factor, representing
energy loss per oscillation cycle, complements the frequency response. It is

measurable using the ring-down method or impedance analysis.



The ring-down method involves exciting the resonator with a frequency burst
until mechanical oscillations reach their maximum amplitude. Once this maximum is
achieved, the burst signal is interrupted, allowing the resonator to dissipate energy
until oscillations cease. The piezoelectric resonator's electrical current decays
exponentially, and the dissipation factor is calculated using the time constant, which
denotes the time required for the signal to decay to 1/e of its initial value (8).
Impedance analysis focuses on the frequency domain, utilizing the half-band-half-
width (HBH width) of the fundamental resonance frequency's conductance and its
harmonics to calculate dissipation factors. The analyzed signal is the Fourier transform
of the time-domain signal (9). While both methods mathematically illustrate the same
phenomenon, they each offer unique benefits and drawbacks. Careful consideration of
their respective advantages is necessary to select the most appropriate approach. The
ring-down method is energy-efficient and rapid (10, 11, 12). In contrast, impedance
measurements are more accurate (13) and better suited for analyzing both impedance
parameters (e.g., absolute impedance, reactance, phase angle) and admittance
parameters (e.g., conductance, susceptance, absolute admittance) (14, 15, 16, 17, 18,
19). These features make impedance analysis more comprehensive and suitable for
data analysis applications, particularly in monitoring QCM biosensors' electrical

behavior under varying conditions.

Machine learning (ML) has emerged as a critical tool in the evolving field of
data science. Using statistical methods, ML algorithms reveal key insights into data
analysis projects. ML methods are categorized into supervised, semi-supervised, and
unsupervised algorithms based on data labeling, with reinforcement learning focusing
on ordered data (20, 21). In experimental design, ML is applied based on the type and
structure of the data. Design of Experiments (DoE) aims to describe and explain
information variation under hypothesized conditions. Historically, DoE has relied on
statistical techniques, including sequential designs allowing adaptive learning based
on results obtained during experimental stages. DoE has been instrumental in
optimizing pharmaceutical products, analytical assays, and green chemistry conditions
(22). Recently, ML-enhanced DoE has increased experimental process efficiency,

enabling optimal condition discovery and important factor identification. Applications



of ML-assisted DoE span biomaterial and tissue engineering (23), chemical synthesis
(24), and social sciences (25).

The limit of detection (LOD) is described as the 3-sigma confidence level,
representing the lowest analyte concentration causing a resonance frequency shift (Af)
three times the negative control experiment's standard deviation. By definition, LOD
depends on biosensor noise during negative control experiments, previously shown to
depend on impedance measurement parameters (26). ML-assisted DoE effectively
optimizes QCM impedance measurement parameters, enhancing chemical and
biosensor LOD. Optimizing QCM sensor measurement parameters in liquid media is
traditionally time-intensive, involving numerous experiments. The authors
demonstrated that ML algorithms streamline this optimization, reducing required
experiments while maintaining data integrity. Combined supervised and unsupervised
ML techniques optimized a representative subset, reducing required experiments
significantly and achieving a 12-fold LOD improvement for glycerol concentrations.
Further improvement was suggested by selecting measurement parameters from the
entire set. In this study, impedance measurement parameters, including data points
collected during frequency sweeps and averaging points, were analyzed to determine
their effect on dissipation factor shifts for QCM biosensor harmonics (fundamental,
3rd, 5th, 7th, 9th, 11th) at a frequency of fundamental resonance of 10 MHz. Using
ML-based optimization, (26) improved LOD by extending frequency shift techniques
to multivariable dissipation factor measurements, resulting in a 6-fold LOD difference
for glycerol solution viscosity and a 3-fold difference for BSA film thickness

variations on QCM gold electrodes.

1.2 Aim of the Study

The goal of this study is to examine how measurement parameters influence
the LOD in determining viscoelastic properties by analyzing QCM-D data..
Leveraging advanced computational techniques, including machine learning model
chaining, the goal of this study is to enhance the precision of, reliability, and

applicability of QCM-D measurements in both scientific and industrial contexts.



Quartz Crystal Microbalance (QCM) and its extended version, QCM-D, are
pivotal technologies in material science and biosensor applications. While QCM
measures minute mass changes on a quartz crystal surface through frequency shifts,
QCM-D adds the capability to measure dissipation shifts (AD), providing insights into
the viscoelastic properties of soft films and adsorbed biomolecules. Despite its utility,
the performance of QCM-D is influenced by various experimental and analytical
parameters, especially when analyzing complex systems such as biological materials
or multi-layered structures. This research aims to systematically explore the influence
of these parameters on the LOD for viscoelastic properties and to establish a

framework for optimizing experimental setups and data analysis workflows..

Among the study's central objectives is to improve the accuracy of viscoelastic
parameter estimations, such as shear modulus, viscosity, and film thickness, for both
bulk fluids and adsorbed layers. These estimations are critical for applications in
biomedical engineering, material science, and biosensing. By integrating ML
techniques like regression models and clustering algorithms, the study’s objective is
to offer a robust framework for optimizing QCM-D experiments. This includes
evaluating harmonic dependencies, predicting dissipation factor standard deviations,
and determining measurement setups that yield the highest sensitivity.

Machine learning plays a transformative role in this study by addressing
challenges in high-dimensional datasets and improving the interpretability of QCM-D
results. Regression models, including polynomial and random forest approaches, are
used to predict viscoelastic parameters across multiple harmonics. Additionally, K-
means clustering is employed to identify representative experimental conditions,
enabling the study to pinpoint optimal measurement parameters. These methodologies
aim to streamline the experimental process and maximize the reliability of QCM-D
data, particularly for low-concentration samples where the detection of subtle changes

is critical.



A key application explored in this study involves the analysis of glycerol and
Bovine Serum Albumin (BSA) solutions. Using a modified three-layer Kelvin-Voigt
model, the study examines the relationship between experimental parameters and the
accuracy of viscoelastic measurements. For glycerol, bulk liquid viscosity is assessed,
while for BSA, the focus is on determining film thickness, elasticity, and viscosity.
The findings show the limitations of traditional analytical techniques, including the
Sauerbrey equation, for non-rigid films in addition to validating the efficacy of higher

harmonic frequencies in enhancing sensitivity.

Ultimately, this research contributes to advancing the field of QCM-D by
integrating machine learning with traditional sensing technologies. The findings
underscore the potential for QCM-D to serve as a versatile tool for studying dynamic
surface interactions in complex biological and material systems. By addressing the
interplay between measurement parameters and LOD, this study establishes the
foundation for creating automated and intelligent sensing systems, enhancing the

applicability of QCM-D in various scientific and industrial domains.



2 BACKGROUND

2.1 Quartz Crystal Microbalance (QCM)

QCM used to detect changes in mass, that transforms to mass changes into an
electrical signal. It is highly sensitive and provides a simple output signal. The QCM
operates as a piezoelectric resonator, meaning it uses a quartz crystal that changes its
physical dimensions (such as buckling) when a force or electrical current is applied.
The crystal is specially cut to enhance its piezoelectric properties. QCM is widely used
in various sensor applications and is extremely responsive to variations in mass on it’s
surface. Its first application dates back to the early 18th century, initially for qualitative
measurements. However, after Sauerbrey introduced his equation QCM began to be
used for quantitative determinations. (1). During electrochemical processes, the QCM
measures mass differences by detecting changes in its resonant frequency. This
frequency deviation is directly related to the mass sensitivity, which is remarkably
high. The device comprises a quartz crystal with piezoelectric properties, a quartz
electrode, an oscillator circuit, and a computer-interfaced frequency counter. When
subjected to an alternating high current, the quartz crystal vibrates in mechanical
resonance mode. The device's sensitivity is influenced by not only the oscillation

frequency but also the overall mass of the crystal.

A quartz crystal resonator is a segment sliced from a single quartz crystal.
When a changing potential difference is applied to the electrodes of the crystal, it
generates an alternating electric field. The applied potential disrupts the crystal lattice's
physical properties, leading to the formation of a standing wave with a specific
oscillation frequency within the crystal disk (Figure 1). The oscillation direction is
influenced by the alignment of the crystal lattice within the electric field. In thickness
shear mode (TSM), the oscillation results in displacement along the surface of the
quartz substrate. This oscillation occurs only in the region between the electrodes,



making the inter-electrode area the active region for  sensing.
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Figure 1. (a) Stable wave generated between the disk-shaped quartz crystal and its

electrodes for n=1 demonstration (b) QCM’s Oscillation

The standing wave in the inter-electrode region is shown in Figure 1. Gray
color electrode on the top surface of the crystal and the electrode shown in blue on the
bottom of the crystal surface. In the volume between the two electrodes, the particles

are in the +x to -x direction while the wave motion moves in the +y to -y direction, i.e.

vertical to the electrode plane. is in line.
L=mAn/2),(n=1,23,..n) (1.1)
If A n is subtracted from Equation 1.1;

An =2L/n (1.2)
fn=V/An =nV/2L 1.3)

Since the fundamental frequency for n=1 is f1, the resonant frequency for n=n
is fn = n. f1. Generating a stable wave may not be possible at all frequencies.
Generating a standing wave for the vibration frequency to be the same as the frequency
of the source. Therefore, the source used for generating waves must be in resonance

with the waves to achieve a stable standing wave. You can resonate the vibrator not



only with its fundamental frequency It is also possible to excite with single (1, 3, 5,...)

harmonics.

The frequency decreases as the thickness (L) of the crystal increases. For obtain
a quartz crystal with high frequency, the crystal must be cut thinner. Therefore, the
crystal thickness can be reduced to certain levels. Generally used quartz crystals are 5
MHz, 10 MHz and 30 MHz quartz crystals (27)

Lord Rayleigh was the first to suggest that a change in the mass of a

mechanically resonant crystal alters its resonant frequency. As shown in Figure 1,
since there is no wave motion outside the region between the electrodes, only the mass
changes on the electrode surface affect the vibration of the crystal (28).
The frequency change caused by the mass accumulation on the electrode is obtained
from the Sauerbrey equation. This equation was created by G. Sauerbey in 1959 to
relate the change of mass bound on piezoelectric crystals to the oscillation frequency
(29).

2
Sauerbrey equation: Af = f. — f, = A?];_"—“Z (1.4)
q 7q

Sauerbrey demonstrated that the frequency shift of a quartz crystal resonator is
directly proportional to the mass added. Sauerbrey's work can be regarded as a novel
technique for measuring even the smallest masses. An increase in mass on the quartz
crystal surface causes a decrease in the resonant frequency (30). For the Sauerbrey
equation to be applicable in quartz crystal sensors, the analyte's mass must be solid,
uniformly distributed across the quartz crystal surface, and the frequency change Af/

f should be less than 0.02.

In summary, QCM serves as an analytical technique facilitating in-situ analysis
of surface interactions. Its primary advantages in sensing applications include
exceptional sensitivity, remarkable stability, fast response times, and cost-
effectiveness. Furthermore, it provides label-free detection, making it highly suitable

for bio-sensing purposes. Being label-free eliminates the need for time-consuming and
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costly labeling steps, as well as any potential interference with the "true™ binding
process caused by labels. Given the critical importance of bioanalysis, this thesis aims
to provide an overview of significant advances and milestones in the field of QCM
biosensors based on nanoparticles, highlighting the various approaches reported thus
far. Since nanoparticles and biomolecules typically interact at the same nanometer
scale, this interdisciplinary approach is expected to contribute to the development of a
new field, referred to as immunosensing nanotechnology or nanoimmunosensing.
Nanoparticle-based immunosensing systems are proving valuable in advancing novel

and versatile protein detection methods (31).

2.2 Quartz Crystal Microbalance with Dissipation (QCM-D)

QCM-D is a label-free technique that has become widely used for studying
various biological systems, including cells, vesicles, and proteins, in liquid
environments, as well as their interactions with natural and artificial interfaces. This
method can qualitatively detect the adsorption and subsequent organization of

biomolecules on the sensor surface. (32)

QCM-D has been used to explore several biologically important questions,
including enzyme activity, nucleotide strand hybridization, features of supported lipid
membranes, DNA-drug interactions, and protein cross-linking, and cell adhesion and
spreading. The investigation of vesicle interactions with solid surfaces via QCM-D
was pioneered by Kasemo and colleagues in 1998 (33). Since then, vesicle fusion has
become a well-established method for creating supported lipid bilayers (SLBs), due to
QCM-D's ability to track the entire process in real time, including the quality

assessment and kinetic analysis of the formed bilayer (34).

In 1880, Pierre and Jacques Curie discovered that applying mechanical stress
to the surface of quartz produces an electrical potential, while applying an electric field
to quartz leads to mechanical deformation. This phenomenon, called the piezoelectric
effect, takes its name from the Greek words piezein (pressure) and elektro (electric)

(35). The term piezoelectricity describes the coupling between the mechanical and
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electrical properties of a material. When an alternating voltage near the resonant
frequency (f0) of the quartz crystal is applied, mechanical oscillations are induced as
demonstrated on Figure 2 (36). Applying a voltage between the electrodes causes the
dipoles within the quartz to reorient, resulting in shear deformation of the crystal. This
deformation generates an acoustic wave that propagates across the quartz and reflects
off its surfaces (37).

Figure 2. Applying an alternating electric field causes vibrational motion of the

crystal at its resonant frequency

Currently, a circular piece of quartz, typically an “AT cut” for its advantageous
stability properties, is insert between two metal electrodes in QCMs. In accordance
with the fundamental theory of QCM proposed by Sauerbrey in 1959, the frequency
change (Af) of a quartz crystal resonator is linearly related to the adsorbed mass (Am),

as  describped by the Sauerbrey equation (Equation 1.5) (38).

Am = C*Af (Sauerbrey equation) (1.5)

This relationship applies when the film is uniformly spread over the crystal's
active area, is thin relative to the crystal’s thickness, rigid, and is attached to the crystal
as though it were an extension of it. (39). The mass sensitivity constant (C) is
approximately -17.7 Hz ng/cm? for a 5-MHz crystal, depending on the thickness and
density of the quartz (37).

Since QCMs were successfully applied in liquid environments in the 1980s,
there has been a significant increase in their use in various biotechnological
12



applications, particularly in the field of biosensors. However, the presence of viscosity
and elasticity effects (damping of the resonator) in liquid phase measurements
challenges the assumptions of the Sauerbrey equation. This has prompted researchers
to develop new approaches to reinterpret data and characterize mass deposits that

exhibit frictional dissipative losses due to their viscoelastic properties. (36).

2.3 Machine Learning (ML)

ML, which is popularly used in every field around us, is encountered in many
sectors (banking, entertainment, finance, biotechnology, education, gaming,
marketing, etc. ....) ML enables new inferences to be obtained from the proliferation
of data and the whole of this data. It creates the basis for producing predictable results
with the existing big data. Today's data is complex and voluminous, far exceeding the
capacity of human beings to interpret it in a short time. At this stage, machine learning
becomes essential, allowing for precise predictive analysis based on complex data
(40).

ML involves the creation and utilization of computer systems capable of
learning and adjusting without explicit guidance, using algorithms and statistical
models to analyze data and recognize patterns. Building upon this foundation, machine
learning serves as a critical layer within artificial intelligence, encompassing
techniques like neural networks and deep learning to further enhance data-driven

decision-making and predictive capabilities.

ML is actually related to deep learning and artificial intelligence. ML is
necessary for artificial intelligence to exist. ML provides effective methods for
transforming datasets into predictive models, making it a widely used approach in
data-driven applications. Machine learning employs statistical techniques to train
algorithms for making classifications and predictions. Even as big data expands and
grows, it enables machine learning to produce better predictions and more precise

results, instead of becoming dysfunctional.
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ML was first used in history in 1959 by "Arthur Lee Samuel™ while designing
the checkers game developed for IBM. He said that machine learning is "an area of
research that should enable computers to learn without being explicitly programmed
(41).” In 1962, Robert Nealey (Checkers expert) lost the game of checkers against the
computer in a match against the IBM7094 computer produced by IBM. Since the
program designed for the checkers game had a very small amount of computer
memory, a scoring function was designed for the positions of the pieces on the board.
The purpose of the scoring function was to try to measure the chances of both sides
winning the game. The program used game strategy by using the "minimax algorithm"
to choose the next moves. To make the game better, Samuel didn't stop there, he

designed a series of mechanisms.

2.3.1 Types of machine learning method

ML algorithms can generally be divided into four categories: supervised
learning, unsupervised learning, semi-supervised learning, and reinforcement learning
(42).

2.3.1.1 Unsupervised machine learning

Unsupervised learning focuses on analyzing datasets without labels,
functioning autonomously without human input, making it a data-driven approach
(43). Unsupervised learning is widely used for extracting generative features,
identifying key trends and structures, forming clusters, and conducting exploratory
analysis. Key activities in unsupervised learning involve clustering, estimating
density, learning features, reducing dimensionality, identifying association rules, and
detecting anomalies.

2.3.1.2 Supervised machine learning

This type of machine learning involves developing a function that maps inputs

to outputs based on example input-output pairs (43). Supervised learning uses labeled
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training data and a set of examples to infer the underlying function. This approach is
employed when specific objectives are identified and are to be achieved using a given
set of inputs (44), making it a task-driven method. Common tasks in supervised
learning encompass “classification,” which aims to sort data into specific categories,
and "regression," which seeks to fit data to a predictive model. For instance, text
classification is a supervised learning application where the objective could be to
determine the sentiment or category of a text, such as assigning a class label to a

product review.

2.3.1.3 Semi-supervised machine learning

Semi-Supervised learning combines elements of both supervised and
unsupervised methods by utilizing both labeled and unlabeled data cPositioned
between "learning without supervision™ and "learning with supervision,"” it addresses
situations where labeled data are scarce but unlabeled data are abundant (42). The
primary objective of a semi-supervised learning model is to achieve better prediction

accuracy than a model that relies solely on labeled data.

2.3.1.4 Reinforcement machine learning

Reinforcement learning is a machine learning method inspired by behaviorism,
focusing on determining the actions agents should take in an environment to maximize
their reward. Because of its broad applicability, this problem is also explored in various
fields, including game theory, control theory, operations research, information theory,

simulation-based optimization, and statistics (45).
24 Machine Learning Tasks and Algorithms
A ML-based predictive model typically involves two phases. In the first phase,

historical data is utilized to train the model using ML algorithms, leading to the

creation of a predictive model that can be applied for future predictions. In the second
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phase, new data is fed into the trained model, which then produces forecast or
outcomes based on this data.

2.4.1 Clasification analysis

Classification is a supervised learning technique in ML, commonly used for
predictive modeling. In this context, the aim is to predict a class label for a given
instance. Mathematically, it involves mapping a function (f) from input variables (X)
to output variables (), which represent targets, labels, or categories (43).
Classification can be used on both structured and unstructured data to identify the
category of data points. A typical example is email spam detection, where emails are
classified as either "spam™ or "not spam."” Below is an overview of common

classification challenges.

2.4.1.1 Binary clasification

Binary classification refers to tasks that involve two class labels, such as "yes
and no" or "true and false" (46). In such tasks, one class often signifies the normal
condition, while the other denotes an abnormal condition. For example, in a disease
diagnosis system, "healthy" could correspond to the normal state, whereas "diseased"
might indicate the abnormal state. Similarly, in spam detection, emails are categorized

into two labels: "spam™ and "not spam."

2.4.1.2 Multiclass clasification

Multiclass classification involves tasks with more than two class labels(47). In
contrast to binary classification, multiclass classification does not adhere to the normal
vs. abnormal outcome framework. Rather, examples are sorted into one of multiple
predefined classes. For example, in an image recognition task, a model may categorize
images into groups like "cat,” "dog,"” "bird," and "fish." Another example is classifying
various types of plants in a dataset, where the categories might include "rose," "tulip,"

"sunflower," and "daisy."
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2.4.1.3 Multilabel clasification

Multilabel classification is a key approach where an example can belong to
multiple classes or labels. This method extends multiclass classification by allowing
hierarchical structuring of classes, where each example may belong to more than one
class at different levels, such as in multi-level text classification (48). For example,
Google News articles can be categorized under multiple headings like "city name,”
"technology,” or "latest news." Multi-label classification employs sophisticated
algorithms that can predict multiple, non-exclusive labels, in contrast to traditional
classification tasks where labels are mutually exclusive (49).

Shortly, widely used classification algorithms are tools developed to solve
various problems in the field of data analysis and modeling. Each algorithm offers
advantages for a specific data set and problem type (50).

e Logistic Regression predicts event probabilities between 0 and 1 for binary
classification.

e Support Vector Machines (SVM) separates classes by finding the optimal
hyperplane in higher-dimensional space.

e Decision Trees split data through a tree structure to classify it.

e Random Forests use multiple decision trees and majority voting for robust
classification.

o Naive Bayes utilizes Bayes' theorem under the assumption of feature independence
to enable rapid classification.

o K-Nearest Neighbors (KNN) determines the classification of a data point by
identifying the majority class among its k closest neighbors.

o Artificial Neural Networks leverage multi-layered networks to handle complex

data and learn deep features.
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2.4.2 Regression analysis

Regression analysis is a method employed to examine the relationship between
two or more numerical variables. When analyzing just one variable, it is called
univariate regression, whereas involving more than one variable is termed multivariate
regression analysis. This approach helps determine if a relationship exists between the

variables and, if present, the strength of that relationship.

In regression, one variable is considered dependent, while the others are
independent. The reasoning is that the variable on the left side of the equation is
influenced by the variables on the right, which are not influenced by the other
variables. In mathematical terms, this means that these variables have an effect when
included in a linear equation, without issues like multicollinearity or sequential

dependence.

2.4.2.1 Simple and multiple linear regression

Simple linear regression is a technique used to represent the relationship
between two variables. In this method, the linear connection between an independent

variable x and a dependent variable y is expressed by the equation below:

y=B0+Blx+¢ (1.6)

Here, B0 is the intercept term, B1 is the slope coefficient and ¢ is the error term.
The aim of the model is to determine the values of B0 and B1 that best represent the
points in the data set. Simple linear regression is widely used to measure the effect of
the independent variable on the dependent variable and to make predictions (51).
Multiple linear regression analyses the effects of multiple independent variables on a

dependent variable. This model is expressed by the following equation:

y = B0 + B1x1 + B2x2 + -+ + Pkxk + ¢ (1.7)
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Here, x1,x2,..,xk are the independent variables, B1,B2,...,0k\ are the
coefficients of each of these variables and B0 is the intercept term. ¢ represents the
error term. Multiple linear regression allows to evaluate the effects of multiple factors
on the dependent variable simultaneously and provides a more comprehensive
analysis. This model is used to understand complex relationships and make predictions
in economic, social sciences and other research areas (52).

2.4.2.2 Polynomial regression

Polynomial regression is a type of regression analysis where the relationship
between the independent variable x and the dependent variable y is modeled as a
polynomial of degree nnn rather than a linear function (49). The polynomial regression
equation extends from the linear regression model (which is a polynomial regression

of degree 1) and is defined as follows:

y = b(7)0 + blx + b2x2 + b3x3 + - + bnxn + er? (1.8)

In this equation, y represents the predicted or target output, b0, b1, ...bn are the

regression coefficients, and x denotes the independent or input variable.

2.4.2.3 LASSO and ridge regression

LASSO (Least Absolute Shrinkage and Selection Operator) regression is a
technique used in linear regression models for variable selection and controlling model
complexity. LASSO adds a penalty to the model's coefficients, encouraging some of
them to become exactly zero. This feature helps in automatically removing less
important or redundant variables, leading to simpler and more interpretable models.
This is especially useful in high-dimensional datasets, where it improves clarity and

overall model performance by focusing on the most relevant variables (53).

Ridge regression is a method used in linear regression to address the problem

of multicollinearity and improve the model's generalization performance. It works with
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adding a penalty to the size of the coefficients, which helps to keep their values small
and reduces the risk of overfitting. Ridge regression stabilizes the model by shrinking
the coefficients but does not necessarily eliminate any of them. This technique is
valuable in situations with many predictors, as it maintains model stability and
performance, though it does not perform variable selection as effectively as LASSO
(53).

2.4.3 Cluster analysis

Cluster analysis or clustering is the problem of grouping a set of objects. In this
problem, objects must be more similar to each other in some way than to elements in
other clusters in order to be in the same cluster (cluster). It is one of the main problems
of data mining and a widely used technique in statistical data analysis. It is also used
in ML, pattern recognition, image analysis, information retrieval, bioinformatics, data

compression and computer graphics (54)

2.4.3.1 Partitioning methods

Based on the characteristics and similarities in the data, this clustering
technique groups the data into various clusters. Data scientists or analysts usually
decide the number of clusters either dynamically or statically, depending on the

specific requirements of the application, to implement the clustering methods (55).

2.4.3.2 Density-based methods

These methods identify clusters by finding contiguous regions of high point
density separated by regions of low point density. Points not part of a cluster are
considered noise. Popular density-based algorithms include DBSCAN and OPTICS.
These methods typically struggle with clusters of similar density and high-dimensional
data (56).
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2.4.3.3 Hierarchical-based methods

Hierarchical clustering constructs a hierarchy of clusters, forming a tree
structure. There are two main strategies: (i) Agglomerative, a "bottom-up” approach
where each observation starts in its own cluster and pairs of clusters are combined as
one moves up the hierarchy, and (ii) Divisive, a "top-down" approach where all
observations start in one cluster and are split recursively, moving down the hierarchy
(57)

2.4.3.4 Grid-based methods

Suitable for massive datasets, grid-based clustering first summarizes the
dataset with a grid representation and then combines grid cells to obtain clusters.
Standard algorithms include STING and CLIQUE (58)

2.4.3.5 Model-based methods

These methods can be divided into two types: one using statistical learning and
the other based on neural network learning (59). For instance, Gaussian Mixture
Models (GMM) exemplify statistical learning (60), while Self-Organizing Maps

(SOM) represent neural network learning (61).

2.4.3.6 K-means clustering

K-means clustering is a fast, robust, and simple algorithm providing reliable
results when datasets are well-separated. It allocates data points to clusters to minimize
the squared distance between data points and the centroid. The K-means algorithm
identifies the k number of centroids and assigns each data point to the nearest cluster.
However, it is sensitive to outliers due to the impact of extreme values on the mean
(62).
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2.4.3.7 Mean-shift clustering

Mean-shift clustering is a non-parametric technique that does not require prior
knowledge of the number of clusters or constraints on cluster shape. It aims to discover
"blobs" in a smooth distribution of samples by updating centroid candidates to be the
mean of the points in a given region. Mean-shift clustering is computationally

expensive and performs poorly in high-dimensional data (63).

2.4.3.8 GMM clustering

Gaussian Mixture Models (GMMs) are a probabilistic model used for
clustering. GMMs assume that all data points are generated by a mixture of a finite
number of Gaussian distributions with unknown parameters. The Expectation-
Maximization (EM) algorithm is used to estimate these parameters. GMM clustering
accounts for uncertainty and returns the likelihood that a data point belongs to a cluster,

making it more robust than K-means for non-linear data distributions (64).

Unsupervised learning is a ML method designed to discover patterns and
relationships within unlabeled data, which lacks predefined outcomes (65). In other
words, unsupervised learning is a technique that identifies underlying structures in data
by clustering or grouping similar data points. This method is particularly advantageous
in cases where labeling data is impractical or costly. One key application of
unsupervised learning is clustering, where the algorithm organizes data by identifying

inherent similarities or common features.

GMM is a commonly used method within unsupervised learning, often applied
in clustering problems by modeling data as a mixture of multiple Gaussian
distributions. GMM assumes that each data point originates from one of several
Gaussian distributions, each defined by specific mean and variance values (66). This
allows GMM to assign probabilities for data points, which determine their likelihood
of belonging to a particular Gaussian component. Such a probabilistic approach makes

GMM suitable for data that do not fit neatly into discrete clusters and may overlap.
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In constructing a GMM, parameters like the number of Gaussian components
are initially specified, and the Expectation-Maximization (EM) algorithm is frequently
employed to optimize the model. This algorithm iteratively calculates the probability
of each data point belonging to a Gaussian component and updates the parameters to
maximize the likelihood (67). GMM has shown notable effectiveness in fields such as
Image processing, bioinformatics, and speech recognition, where data structures are

often complex and difficult to analyze through simpler methods.

For instance, GMM has been used to segment images by identifying regions
with similar intensities or textures, a method widely applied in medical imaging to
assist in tumor identification and other diagnostic tasks (68). In bioinformatics, GMM
aids in clustering genetic data, facilitating the identification of distinct populations or
gene expressions. The probabilistic nature of GMM also makes it valuable for
capturing uncertainties, providing a robust framework for complex data analysis and

aiding in new discoveries and insights.

2.4.3.9 Agglomerative hierarchical clustering

This method organizes objects based on their similarity using a bottom-up
approach. Initially, each object is treated as a singleton cluster, and pairs of clusters
are gradually merged until all objects form a single large cluster. The outcome is a
dendrogram, a tree-like representation of the elements. Agglomerative hierarchical
clustering provides a more informative tree-structure hierarchy compared to the
unstructured collection of flat clusters returned by K-means, aiding in better decision-

making for relevant applications (69).

2.4.4 Dimensionality reduction and feature learning

In ML and data science, dealing with high-dimensional data poses considerable
challenges for researchers and application developers. As a result, dimensionality
reduction, an unsupervised learning technique, becomes essential. It improves human

interpretability, lowers computational costs, and helps prevent overfitting and
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redundancy by simplifying models. Dimensionality reduction can be achieved through
two main processes: feature selection and feature extraction. The key difference
between these two approaches is that feature selection retains a subset of the original

features, while feature extraction generates entirely new features (70).

2.4.5 Association rule learning

Association rule learning is a rule-based ML technique used to identify
interesting relationships in large datasets through “IF-THEN” statements involving
variables. For instance, a common example might state that if a customer purchases a
computer or laptop, they are likely to also buy antivirus software simultaneously. This
method is widely applied across various fields, including Internet of Things (loT)
services, medical diagnosis, usage behavior analytics, web usage mining, smartphone
applications, cybersecurity, and bioinformatics. Unlike sequence mining, association
rule learning typically does not consider the order of items within or across
transactions (71). The effectiveness of association rules is often assessed using

parameters such as ‘support’ and ‘confidence.’

2.4.6 Reinforcement learning

Reinforcement learning (RL) is a type of machine learning that enables an
agent to learn through trial and error while interacting with an environment. Unlike
supervised learning, which uses fixed examples, RL learns from the agent's
experiences and decisions over time. In RL, the problem is often framed as a Markov
Decision Process (MDP), which consists of four main components: the Agent, the
Environment, Rewards, and the Policy (72). RL techniques are divided into model-
based, which use a model to predict the best actions based on outcomes, and model-
free, which learn directly from experiences without a model (73). Examples of model-
based RL include AlphaZero and AlphaGo (74), while model-free methods include Q-
learning and Deep Q Networks (75). The key difference between the two is that model-
based RL requires a policy network, whereas model-free RL does not.
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2.4.7 Artificial neural network and deep learning

Deep learning belongs to a broader category of machine learning methods that
rely on artificial neural networks (ANN) and incorporate representation learning. By
utilizing multiple processing layers—such as input, hidden, and output layers—deep
learning establishes a computational framework that enables learning directly from
data (43). A key benefit of deep learning compared to traditional machine learning
techniques is its superior performance in various situations, especially when working
with large datasets (76), (77).

Supervised learning is a machine learning method that aims to obtain a function
that covers all of these data and results by making use of previously observed and
labeled data with known results (78). In short, Supervised Learning is a technique that
generates a function from training data. The algorithm of this learning technique works
to produce the best matching function between inputs (unlabeled data) and outputs
(labeled data). The training data consists of input objects and the desired outputs.
When training the system, inputs and outputs are given for each sample in the data set.
In classification studies, the content of the text is used as input data, while the category
of the text is used for output. A test data set is used to validate the system. In the
validation phase, the learning algorithm assigns a suitable output from the training data

to a test data whose category it does not know (79).

ANNSs are used as a model framework in supervised learning scenarios, tasked
with understanding the relationships between input data and corresponding outputs.
These networks are structured with an input layer for data intake, at least one hidden
layer for processing information, and an output layer to generate predictions.

The first studies on ANNSs started in 1950 when Frank Rosenblatt proposed a
computational model based on a simple neuron structure. Later, the first single layer
ANN model called perceptron was developed (80).

ANN is a method with a working principle that models the nervous system of
the human brain. It is designed to realize the features of the human brain such as

creating new information with learning, making discoveries, making interpretations
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about events with existing information, making decisions, and establishing

relationships between events (81).

ANNs are formed by combining artificial neural cells with each other in
various ways and are usually organized in layers. They can be designed with electronic
circuits as hardware. ANNs can gather data following a learning process and retain
this information through connection weights between neurons. It also includes learning
algorithms that allow the ANN weights to be updated in order to achieve the desired

goal through the learning process (82).

An ANN is built for a specific purpose and learns from examples, such as
humans. Learning takes place in Artificial Neural Networks by updating its structure
and weights with repeated inputs (83). There are two types of artificial neural
networks: Single Layer (Perceptron) and Multilayer. The Multilayer Perceptron Model
consists of an input layer, one or more hidden layers and an output layer. The general

structure of the Multilayer Perceptron Model is given below (81).

A study has demonstrated that combining machine learning with QCM can lead
to significantly positive outcomes. Using machine learning to optimize impedance
measurement parameters in QCM not only improves the LOD, but also streamlines the
experimental process by providing a systematic method for parameter selection. This
approach demonstrates the potential of integrating advanced computational techniques
with traditional sensing technologies to achieve superior performance in chemical and

biosensor applications (26).

Moreover, a different study demonstrated that integrating machine learning
with QCM technology produces highly positive outcomes. Researchers developed an
affordable, Arduino-based QCM system that uses advanced data analysis techniques.
This setup performed nearly as well as more expensive commercial systems and
proved effective in various applications such as analyzing gas interactions, identifying
materials, and monitoring environmental conditions. This shows the promise of

combining modern computational methods with traditional sensing technology (84).
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Moreover, machine learning algorithms can uncover patterns and correlations
in complex datasets that may be missed by traditional analysis methods, resulting in
new insights and discoveries. By continuously learning and adapting from new data,
these algorithms can improve the robustness and reliability of QCM applications over

time.

In addition, combining machine learning with QCM can facilitate automatised
and intelligent sensing systems, minimizing the need for manual intervention and

reducing operational costs.
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3 MATERIALS AND METHODS

3.1 Impedance Measurements

The impedance measurements were performed using a plano-convex AT-cut
quartz crystal with a fundamental resonance frequency of approximately 10 MHz. A
custom-made acrylic flow cell, fabricated via CNC cutting, with a closed chamber
volume of roughly 50 ul, was employed in this study (Figure 3a). Detailed information
on the flow cell's fabrication is provided in the supplemental information, Section S.1.

For the QCM-D experiments, conductance and phase angle were monitored by

connecting the flow cell to the test fixture (16047E) of the impedance analyzer
(Keysight, E4990 A).
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Figure 3. (a) A CNC-machined acrylic flow cell. (b) Parameters used to calculate the
dissipation factor from a conductance sweep at the fundamental resonance frequency.
The inset provides a detailed view of the region outlined by the ellipsoid, illustrating
the method used to determine Full Width Half Maximum (FWHM) from discrete
conductance data. (c) Two conductance spectra, each containing different numbers of
data points (1000 and 100) and levels of averaging (4 and 1, respectively), are
plotted. The left inset offers a close-up of the conductance peak, while the right inset

shows a graph of AD versus time, recorded concurrently in deionized water.
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Two key impedance parameters were optimized in this study: Data Points (DP),
representing the number of evenly distributed frequencies for each sweep, and
Averaging (Av), which refers to the number of averaged points per frequency. The
window size, or the frequency range between the start and stop frequencies of each
sweep, was only utilized for Af computations, as described previously (26), for each
harmonic under consideration. However, the focus here will be on AD calculations, as
follows: 10 different data points, ranging from 100 to 1000 with increments of 100,
were selected along with 16 averaging points, starting from 1 to 16, resulting in a total

of 160 distinct experimental measurements across all harmonics (n=1, 3, 5, 7, 9, 11).

To calculate the dissipation factor, conductance sweeps were performed with a
constant window size for each harmonic, ensuring that both flanks of the peak were
included (Figure 3b). Each of the 160 experiments was repeated for the fundamental
frequency and five harmonics, with data recorded over a 10-minute period in deionized
water at a flow rate of 1 ml/min, maintained by a peristaltic pump
(Masterflex L/S HV-77925-10) at room temperature. The baseline conductance across
the frequency range was established by defining b1 and b2 as the average of the first
and last 3% of the frequency values, respectively (Figure 3b). These points were then
used to calculate the baseline equation in the form y = mbx + kb, accounting for the
slight inclination of the baseline as observed in the supplemental information, Section
S.2.

Next, the peak position p = (xp, yp) of the conductance was determined using
a peak-finding method previously described (85). This method focused on a specific
region of the data, covering conductance values above the average of the maximum
and minimum measured conductance values, as defined by the vertical dashed red lines
in Figure 3b. The full width at half maximum (FWHM) was then calculated based on
the peak position as follows: for p = (xp, yp), the baseline conductance value § = mbxp
+ kb was computed. The vertical midpoint of yp and ¥, y = (¥ + yp)/2, was then used
to define the FWHM line, assumed to be parallel to the baseline (with slope mb). The
point-slope form of the FWHM line equation was given by y = mb(x — xp) +y. Two
points on either side of the FWHM, denoted as c1, c2 (left side) and c3, ¢4 (right side),
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were selected based on the closest measured conductance values. The equations of the
lines connecting these points, |11 and 12, were then determined as y = m1x + k1 and
y =m2x + k2, respectively. The FWHM value was calculated as the Euclidean distance

between the intersection points 11 and 12, where 11 and 12 intersect the FWHM line.

Finally, the FWHM was used to determine the dissipation factor D for the
harmonic by dividing it by the peak frequency, D = FWHM/fr, where I' = FWHM/2 is
referred to as the HBH-width, and fr is the peak frequency. Standard deviations of the
dissipation factors for each harmonic (fundamental and first 5 odd overtones: 3rd
through 11th) were computed using this algorithm and recorded for each 10-minute
experiment in deionized water. Imperfect conductance peak windows were defined as

described in Section S.2 of the supplemental information.

3.2 Exploratory Data Analysis

The purpose of EDA is to design experimental parameters for viscoelastic
modeling when at least one harmonic is at LOD. The machine learning (ML) assisted
design of experiment (DoE) steps are summarized in Figure 4. The initial data set used
in this study consists of 6 tables of size 160x3 corresponding to each odd harmonic.
Each table's 160 rows represent experiments for each harmonic, where 3 columns
contain 2 impedance measurement parameters (DP and Av) and calculated standard
deviations of D. Since viscoelastic modeling requires AD measurements for each
harmonic simultaneously, any combination of rows from these 6 tables forms a
possible experiment setup for LOD experiments (multiplying up to 16076

experiments).
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Figure 4. Machine Learning Pipeline

Practically, it is impossible to perform LOD experiments for all such
combinations of measurement parameters. Furthermore, even fitting machine learning
models to this data set exceeds the computational power available to the researchers
(an HPC with dual Intel Xeon Gold 6252 CPUs, dual Nvidia Quadro RTX 6000 GPUs,
and 192 GB of RAM was used in this study). To analyze all harmonics together, the
measurements were sampled using 6 data points, namely 100, 200, 400, 600, 800, and
1000, along with 5 different averaging values (1, 2, 4, 8, and 16), forming the Reduced

Data Set, consisting of a reduced 729 million combinations (30°).

To determine a representative subset of impedance parameter sets for each
harmonic, two distinct methods were utilized for implementing the K-means clustering
algorithm, the output of which is represented by cluster centers or centroids. In the first
approach, all harmonics were treated simultaneously, leading to the application of the
K-Means algorithm once to the Reduced Data Set using the GPU-accelerated faiss
module of Python.

In the second approach, two steps of K-Means algorithms were employed. In
the initial approach, the K-Means algorithm was applied individually to the six tables,
each corresponding to a separate harmonic., as described above, resulting in centroid
points for each harmonic. In the second step, combinations of these centroid points
were considered as the New Data Set of Centers, and one final K-Means algorithm

was applied to this New Data Set.
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3.3 Regression Models on Standard Deviations of Dissipation Factors

To continue with the limit of detection experiments on the determined centroid
points, the first step of experiments is modeled to obtain values of standard deviations
of dissipation factors. Each harmonic is treated separately, using the 6 tables from
Section 2.2. Predictions of standard deviations of dissipation factors for each center
were performed using 6 different regression models: 1st, 2nd, and 3rd degree
polynomials, linear and radial basis function (RBF) kernels of support vector
regression, and random forest regression. The best-fitting model was determined by
calculating the MSE on the test data set with a test/train ratio of 30/70. Models were
trained over 100 epochs for each regression algorithm, and MSEs were averaged to

determine the model to be used for predictions.

Two different approaches were taken in these training processes to study the
dependency relationship between dissipation factors of each harmonic. First, all
regression models were fitted separately for each overtone. Subsequently, chain-type
model fitting was applied to explore whether the overtones depend on each other as
the overtone number increases. Generally, in multi-output regression analysis, the
regression operates independently for each variable. However, in chain models, the
output predictions for one variable are used as inputs for predicting the next variable,

under the assumption that there might be dependencies between the parameters.
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In this study, the regressor chain was applied iteratively. Predictions for the
fundamental resonance frequency dissipation factors were used as inputs to predict the
3rd overtone. The cumulative predictions for the fundamental and 3rd overtones were
then employed to predict the 5th overtone. This cumulative chain algorithm continued
until predictions for the 11th overtone were reached.

3.4 Two Analytical Models on Glycerol and Bovine Serum Albumin LOD

Experiments

The viscosity of bulk fluid was determined by fitting the HBH width changes
AT to the generalized form of Kanazawa and Borovikov’s equation (86).
Af _ 1 —1+i

5T e 7 2mnfrp,(n’ —in (2.1)

In this equation f represents the fundamental resonance frequency Z, is the

acoustic impedance of AT-cut quartz, n is the overtone number, p, s the density of the

semi-infinite viscoelastic medium, and n' and 1" correspond to the storage and loss
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moduli, respectively. For Newtonian solutions of glycerol (where n' is constant and n"
=0), A" and Af are equal in magnitude but opposite in sign, leading the equation to

simplify to

3 !
ATn = = /M (2.2)
Zg 4

The densities of various concentrations of glycerol were calculated as
previously described, and viscosities were determined by fitting AI" alues for each
overtone. Glycerol solutions were prepared, and LOD experiments were conducted as
described earlier. (26)

Bovine Serum Albumin (BSA) concentrations were prepared by dissolving
BSA (Thermo Fisher) in 1xPBS (phosphate-buffered saline) solution. The solutions
were made using deionized water (Milli-Q system, Millipore). A modified version of
the three-layer Kelvin-Voigt model was employed (87) to predict the viscosity,
elasticity, and thickness of BSA films formed on gold electrodes using the following

equations ;

- _1 _ (P22 _Zhamaawh
Afn - Zn.pqhq (hlplwn (62_11) u%,n-l'(wnnl,n)Z) (23)
Table 1. A table displaying the seven cluster centers utilized in the glycerol and BSA
experiments. 'DP' represents data points, while 'AV' refers to the averaged values.
The numbers correspond to the overtone number, with 1 signifying the fundamental

resonance frequency.

Cntr||Dpl||Avl||Dp3||Av3||Dp5||Av5|Dp7||Av7|{Dp9||AvY|Dpll||Avil
Cl |586|8 |[100|1 |435|6 |530(9 |486|7 |489 |8
C2 |595|6 |[587 (8 |547||8 |530(9 |582 (8 |554 |9
C3 |585|9 |[587 |8 |436(6 |530(9 |554(8 |100 |1
C4 |560 |14 |587 |8 |547|8 |530|9 |582|8 |554 |9
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Cntr||Dpl||Avl||Dp3||Av3||Dp5||Av5|Dp7||Av7|Dp9||AvY|Dpll||Avll

C5 |586|8 |526|7 |436|6 (1001 |486|7 (489 |8

C6 |587|8 |587|8 |436(|6 (5309 |100|1 |S03 |8

C7 |586(8 |587 (8 |100|1 (5309 |582|8 (554 |9

The density and thickness of quartz, p, and h,, and those of BSA, h; and p;,
are used. w,, represents the angular frequency of the nth overtone (2nfn), n2 12 is the
shear viscosity of the bulk liquid, and pi,n and ng,n are the shear modulus and shear
viscosity of the BSA layer at the n" overtone. The coupling constants o and P
(previously described) are used to fit the calculated (87) and measured AD,, and Af;,.
A simplex search method, as explained (88) earlier, was applied using a MATLAB
routine to determine the thickness, viscosity, and elasticity of the BSA films (89). The
density of BSA in PBS solutions was assumed to be 1.35g/cm®and the viscosity of
1xPBS solutions (90) was taken as 1.02mPa-s.
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4 RESULTS

4.1 Cluster Centers

On two distinct datasets, the original consisting of 6 tables and a Reduced
dataset derived from impedance measurements in deionized water, two variations of
the unsupervised K-Means clustering algorithm were applied. The results from the first
approach, applied to the Reduced dataset and summarized in Supplemental
Information Section S.3, revealed a misrepresentation of very small and very large
standard deviations under various conditions. This discrepancy stems from the
inherent multinomial distribution nature within the combination set. The resulting
cluster centers in this approach were noted to share multiple common data points, with
each overtone’s averaging pairs analyzed separately, since the entire dataset originates
from 729 million distinct conditions, based on a combination of 30 different conditions

per overtone.

The cluster centers obtained through the second approach of the K-Means
algorithm are displayed in Table I. This approach, too, reflects the inherent repeating
structure within the dataset, resulting in similar behavior of the identified cluster
centers. Notably, a set of 100 data points, averaged once, which generates the highest
standard deviation for each overtone, appears exactly once for 5 harmonics. This
indicates that the condition exerts a similar influence across all overtones, except for
the fundamental resonance frequency. This particular set was chosen as the cluster
center exactly once among the 7 cluster centers. The value k = 7 was selected using
the elbow method, which assesses the inertia of the K-Means technique (details are
provided in Supplemental Information Section S.3). Interestingly, the computed
centroids resemble the axial points in central composite designs (CCD), chosen to
maximize variation when constructing statistical models. In statistical terms, a central
composite design is used to create a second-order (quadratic) model for a response
variable, without the need for a full factorial experiment. The axial points of a CCD
are used to examine the extremes of input parameters. The centroids resulting from the

K-Means clustering displayed in Table | exhibit similar characteristics to the axial
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points of CCD, highlighting that the clustering algorithms successfully captured the
variation within the Reduced dataset (91).

4.2 Prediction of the Regression Models for Centers

As illustrated in Figure 5, in 34 out of 36 regression models, the regressor chain
models outperformed the separate regressor models, which were fitted to the overtones
individually. Although the mean differences of 100 MSEs are smaller than the standard
deviations, the histograms of MSEs for most overtones (details, including the Student's
t-test results and histograms, can be found in Supplemental Information Section S.4)
showed that the regressor chain performed slightly better in predicting the standard
deviations of the AD values. This outcome aligns with expectations, as Equation (2)
suggests that the changes in AI—and consequently AD—increase in proportion to the

square root of the harmonic number.

However, any errors originating from uncontrollable factors that have an
inertial component, such as temporary local mass or viscoelastic changes in the bulk
fluid near the electrode surface (presumed to be within the penetration depth of each
harmonic), could contribute to the standard deviation dictated by this relationship. This
may introduce a certain degree of independence between the harmonics. By definition,
regressor chain models assume an inherent relationship between overtones, which

aligns with the underlying theory.

Regarding the best-performing models for each overtone, the random forest
regressor chain models were used for predicting the fundamental resonance frequency,
the 3rd and 5th overtones. For the 7th overtone, a first-order polynomial regressor
chain model was employed, while a second-order polynomial regressor chain model
was used for the 9th overtone. For the 11th overtone, separate random forest models
were selected as the best-performing models, using MSEs as the evaluation metric.
The predicted and measured standard deviations are presented in Table 2. The mean

percentage error and standard deviation of the percentage errors in Table 2 is reported
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as 10.32 + 7.54%. It’s possible that the predicted values are identical for centers with

the same or very similar data points and averaging pairs.

4.3 Bulk Liquid Viscosity Measurements

Figure 6a shows a bulk liquid viscosity measurement at the limit of detection
(LOD) measured with the 3-sigma method satisfying all the overtones for C1. It should
be noted that the time resolution of each harmonic is different as the time resolution is
inversely proportional with both the data points and averaging as discussed before
(26).

Table 2. Table of predicted and measured standard deviations of dissipation factors at
centers. Numbers are multiplied by 107

Cntr ||Fund a b Cc d e

C1 20.3/19.9 |16.0/12.1 |2.4/2.1 |2.9/28 |1.9/1.6 |1.2/1.3

C2 16.6/19.3 |[3.6/3.4 2.2/2.0 |2.9/2.6 |1.9/1.3 |2.4/2.2

C3 23.8/25.5 |[3.6/3.5 2.4/2.6 |2.9/3.0 |1.9/2.0 |5.2/6.9

C4 4.1/4.4 3.6/3.4 2.2/2.3 |2.9/2.8 |1.9/2.3 |2.4/2.2

C5 20.3/19.5 |3.3/3.1 2.4/2.7 |3.7/3.3 |1.9/1.6 |1.2/1.3

C6 20.3/22.2 |3.6/3.9 2.4/2.3 |2.9/2.7 |3.9/3.4 |1.2/1.0

C7 20.3/21.2 |[3.6/3.3 4.7/4.7 |2.9/25 |1.9/2.3 |2.4/2.2
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Figure 6. (a) The dissipation factor shifts (AD) for C1 are plotted for the fundamental
resonance frequency and overtones up to the 11th in the glycerol experiments. Only
the LOD experiment for C1 is included, with the remaining data available in the
supplementary information. The shaded areas indicate the standard deviation across
three experiments conducted at this concentration. (b) Modeled AD values were used
to calculate viscosity for each center, which are then plotted against the known
viscosities of each concentration. The error bars represent the standard deviations

from the viscosity calculations of three LOD experiments per center.

Each LOD experiment was repeated 3 times and this was plotted as the shaded
region around harmonics data on Figure 6a and as error bars in Figure 6b, which
represents the concentration of glycerol in each LOD experiment for each center and
predicted concentration calculated from the measured viscosity as explained before
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(26). Mean absolute error percentage and standard deviation thereof is = 0.07 + 0.06
which is similar to error measured from Kanazawa’s formula using only the
fundamental resonance frequency, and Af instead of AD as previously shown (26).
This indicated AT increased with the square root of overtone number and model fitting
displayed a similar relative error. However, although the accuracy is increased, the
LOD is still affected as seen in Figure 6b, as 3-sigma was satisfied for all the overtones
in an experiment, which resulted in AD shifts up to more than 21 times for some
overtones in worst cases as every overtone had different standard deviations and shifts
in AI' followed a proportionality increasing with the square root of the overtone
number. This can be seen in Figure 6a as in higher overtones, the shaded error is
negligible with respect to the shift in those overtones. (Bulk liquid viscosity
measurement at the limit of detection (LOD) measured with the 3-sigma method
satisfying all the overtones for the remaining centroids can be found in supplemental

information Section S.5.)
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Figure 7. (a) The dissipation factor shift (AD) for C1 is plotted for the fundamental
resonance frequency and five overtones in the BSA experiments. Only the LOD
experiment for C1 is included, with the remaining data presented in the
supplementary information. The shaded areas indicate the standard deviation from
three experiments conducted at this concentration. (b) The frequency shifts (Af) from

the same experiment are also plotted.
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4.4 Viscosity, Elasticity, Thickness of BSA Deposits Using 3-Layer Model Fit

Figure 7a and 7b show the AD and Af vs. time graph of BSA absorption on the
gold-coated surface of QCM, for C1, respectively. Shaded regions around each curve
shows the standard deviation of 3 experiments for the same concentration.
Concentrations of BSA solution for each center are shown in Table 3. Notice that in
order to satisfy the 3-sigma LOD condition for the fundamental resonance frequency’s
AD shift, a higher concentration had to be added to the PBS solution, which resulted
in a significantly high shift in Af shifts of all overtones, and even for AD shifts of
higher overtones.

Table 3. Table representing model predicted bsa film thicknesses, elasticities and
viscosities for each center. Last column represents the calculated sauerbrey thickness
calculated solely from the shifts of the fundamental resonance frequency

Cntr BSA thickness | Elasticity Viscosity Sauerbrey [BSA]
(nm) (Pa.) (nPa.s.) thickness (nm) (ng/ml)
C1 1.3 223 30.4 2.9 30
C2 0.9 294 34.9 2.0 21
Cc3 2.6 308 35.8 5.9 62
Cc4 0.9 284 34.3 2.0 21
C5 0.9 323 36.6 2.0 21
Cé6 1.1 283 34.3 2.5 26
c7 0.9 241 31.7 2.0 21

Table 3 represents the fitted model results for BSA thickness, elasticity, and
viscosity values of BSA layers at the LOD for each center. The ratio of the Sauerbrey
thicknesses to fitted thicknesses is 2.26 + 0.04, which indicates very close elasticity
and viscosity predictions, as can be seen. Elasticity and viscosity were predicted in the
range of 279 + 35 Pa and 34 + 2.2 pPa.s. The viscosity was identical to that estimated
by (92). As the measurements were calculated from LODs of AD values, the estimated
thicknesses from the 3-layer model were in the range of 1.2 + 0.6 nm, which is below
the 7.1 nm size of the BSA molecule (93). This indicates that the surface coverage of
BSA at such concentrations is below 100%. The difference between the thickness of

the BSA layer calculated from the 3-layer model fit and that of Sauerbrey’s equation
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is mainly due to the fact that the assumptions of Sauerbrey are not met in this case, as
even at a sub-molecular size average thickness, the rigidity of the BSA layer resulted
in dissipation of the energy of acoustic vibrations, and also an uneven spread of BSA
molecules on the surface at these low concentrations. Also, it has to be noted that the
LOD of detectable thickness difference between the centers is 3-fold, which was 4
times less than that of the viscosity of the bulk fluid calculated from the fundamental
resonance frequency shift only (26). (AD and Af vs. time graph of BSA absorption on
the gold-coated surface of QCM, for the remaining centroids can be found in

supplemental information Section S.6.)

45 Bulk Liquid Viscosity Measurements

The dose-response analysis was conducted using QCM-D measurements under
varying concentrations ranging from 0.1 uM to X pM. A total of 12 dose-response
graphs were generated to illustrate the sensor’s response to the incremental addition of

each concentration.
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Figure 8. Cumulative Dose-Response Analysis — Frequency Shifts Across Multiple

Concentrations
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The graphical representation was structured to provide a comprehensive
overview of how the frequency shifts (AF) and their corresponding standard deviations

evolved as the concentration increased cumulatively.

In each graph, the concentration labels were presented in a cumulative manner,
such as 0.1 uM, 0.1 + 1 uM, 0.1 + 1 + 10 uM, and 0.1 + 1 + 10 + X uM. This
cumulative representation was employed to effectively depict the additive effects of
each concentration on the overall frequency response, enabling a more accurate

understanding of the sensor’s sensitivity and detection capabilities.

The obtained data demonstrate a noticeable increase in frequency shift as
higher concentrations were introduced. Additionally, the standard deviations,
represented as error bars, indicate increasing variability at higher concentrations,
suggesting potential limitations in sensor stability and consistency under elevated
concentration levels. This trend provides valuable insights into the sensor’s operational
range and potential detection limits, highlighting areas for further optimization in

sensor calibration and data analysis (26).

Overall, the dose-response analysis offers a comprehensive view of the
sensor’s behavior under varying concentration levels, allowing for a more informed
assessment of its sensitivity and applicability in quantitative detection scenarios. The
consolidated graphical representation serves as a visual summary of the observed
trends and statistical variations, contributing to the broader interpretation of QCM-D

measurement data within the context of this study.
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5 DISCUSSION

The findings presented in the results section reveal significant insights into the
application of K-Means clustering and regression models for analyzing complex
datasets. The clustering outcomes demonstrated the power of the K-Means algorithm
in capturing variations, particularly within the Reduced dataset. The resemblance of
the cluster centers to the axial points of central composite design (CCD) underscores
the algorithm’s capability to identify statistical model extremes. This observation
aligns with the multinomial distribution nature of the dataset, stemming from
overlapping data points and repetitive structures within harmonic combinations. Such
behavior emphasizes the need for customized approaches when dealing with datasets

featuring strong structural dependencies.

The superiority of regressor chain models over individual regressor models
highlights the fundamental relationships between harmonics. The observed increase in
dissipation factor (AD) with the square root of harmonic numbers, consistent with
theoretical expectations, validates the accuracy of the selected regression models.
Deviations in standard deviation predictions for certain harmonics likely result from
uncontrollable factors such as local mass changes, underscoring the challenges
inherent in modeling such systems. However, the use of random forest and polynomial
regression models tailored to specific harmonics effectively captured these

differences, demonstrating the importance of adaptive model selection.

The application of the 3-sigma method for detecting changes in dissipation
factors (AD) provided insights into the precision and limitations of bulk liquid
viscosity measurements. The proportional increase in AI' changes with the square root
of harmonic numbers, particularly evident in higher harmonics, highlighted the trade-
off between sensitivity and detection limits. These findings underscore the utility of
higher harmonics for detecting subtle changes in bulk liquid properties, despite the

challenges posed by variability in standard deviations.
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The analysis of BSA adsorption on QCM surfaces offered valuable insights
into the interplay between viscosity, elasticity, and thickness at molecular scales. The
discrepancies between thicknesses derived from Sauerbrey’s equation and those
obtained from the 3-layer model fit were attributed to deviations from Sauerbrey’s
assumptions. The results indicated incomplete surface coverage at low concentrations
and uneven molecular distribution. The 3-layer model effectively captured these
deviations, providing more accurate predictions of viscoelastic properties even at sub-

molecular thickness levels.

Overall, the combined findings of this study emphasize the importance of
specialized analytical techniques when working with datasets featuring high
dimensionality and inherent distributions. The clustering results and regression models
pave the way for improved predictive tools, particularly in applications involving
harmonics and material characterization. Future studies could investigate the
incorporation of additional machine learning methods or experimental configurations
to improve the accuracy of dissipation factor predictions and expand the use of QCM

measurements in various fields.
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6 CONCLUSION

This study utilized both QCM and QCM-D to monitor mass variations and the
viscoelastic properties of adsorbed layers, offering a comprehensive analysis of
surface interactions. QCM was effective in detecting mass changes through frequency
shifts, while QCM-D provided additional insights into energy dissipation, allowing the

characterization of both rigid and viscoelastic layers on the sensor surface.

Initially, QCM was used to measure mass buildup on the quartz surface. As the
Sauerbrey equation predicts, an increase in mass led to a corresponding decrease in
resonant frequency, demonstrating QCM’s high sensitivity to small mass changes.
This makes it especially useful in biosensor and electrochemical applications, where
even nanogram-level mass changes can significantly impact sensor performance.
Impedance measurements using a plano-convex AT-cut quartz crystal supported the
theoretical mass-frequency relationship. A custom acrylic flow cell was used to
facilitate these measurements, and key parameters such as data points and averaging

were optimized across different harmonics.

However, QCM’s limitation lies in its assumption that the adsorbed layer is
both rigid and uniform. When adsorbed the material is soft or viscoelastic, like proteins
or hydrated layers, this assumption no longer holds. To address this, QCM-D was
employed. Unlike standard QCM, QCM-D measures not only the frequency shift (Af)
but also dissipation shift (AD), providing a more detailed picture of the mechanical
properties of the adsorbed layers. QCM-D is particularly valuable for studying soft or
hydrated films where energy loss (dissipation) occurs during oscillation. The AD
measurements indicated that materials like proteins formed flexible, viscoelastic

layers, resulting in significant energy dissipation.

The dissipation factor (AD) calculated from QCM-D allowed for a more
detailed understanding the material properties on the sensor surface. As mass
accumulated, AD shifts were observed alongside frequency shifts, indicating that the

adsorbed layers were not purely rigid but had viscoelastic characteristics. This finding
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is crucial for applications in biosensing, where the structural flexibility of adsorbed
molecules, such as proteins or lipids, can affect binding dynamics and sensor
performance. The use of higher harmonics in QCM-D further increased sensitivity, as
higher harmonics are more sensitive to surface interactions and viscoelastic changes,

making QCM-D an indispensable tool for complex biological systems.

To improve the precision and reliability of QCM-D measurements, machine
learning techniques were employed. Two variations of K-means clustering were
applied to optimize experimental parameters, helping to identify conditions that
maximized sensitivity and accuracy. The clustering algorithms identified optimal
settings for data acquisition, ensuring that both Af and AD shifts were measured with
high precision across all harmonics. Regression models, such as random forest and
polynomial chain models, were then used to predict dissipation factor changes. These
models helped to elucidate the relationships between harmonics, revealing that
predictions for lower harmonics could improve the accuracy of measurements at
higher harmonics. This dependency is particularly important for multi-harmonic
QCM-D measurements, where each harmonic offers unique insights into the material
properties being studied.

The viscosity and elasticity of bulk liquids, such as glycerol and Bovine Serum
Albumin (BSA), were also explored using QCM-D. The QCM-D system accurately
measured the viscosity of glycerol solutions, with results aligning closely with known
viscosity values. In the case of BSA adsorption, QCM-D offered in-depth insights into
the viscoelastic properties of the protein layers. By using a modified three-layer
Kelvin-Voigt model, the thickness, elasticity, and viscosity of the BSA layers were
calculated. The AD data from QCM-D revealed that BSA forms soft, viscoelastic
layers at low concentrations, which did not reach full monolayer formation. This
behavior highlights QCM-D's ability to capture the complex structural dynamics of
biological molecules on surfaces, offering a more complete analysis than mass

measurement alone.
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In conclusion, combining QCM with QCM-D significantly enhanced the scope
of this study by not only detecting minute mass changes but also revealing the
viscoelastic properties of the materials involved. The incorporation of ML techniques
further refined the experimental parameters, enhancing the accuracy and consistency
of the measurements. QCM-D's exceptional sensitivity and real-time monitoring
capabilities, particularly when combined with machine learning, position it as a potent
tool for applications in biosensing, material science, and environmental sensing.
Future studies could aim on expanding the applications of QCM-D, particularly in

dynamic biological systems where viscoelasticity plays a crucial role.

6.1 Limit of Detection with Multidimensional Impedance Data in QCM

The limit of detection (LOD) is a fundamental performance metric for sensors,
indicating the smallest analyte quantity that can be reliably distinguished from a blank.
In classical (univariate) sensing, LOD is often defined as a signal change equal to three
times the root-mean-square (rms) noise of the baseline. In practice, achieving a low
LOD requires high signal sensitivity and low noise (and drift) in the measurement. For
quartz crystal microbalance (QCM) biosensors — which detect mass changes via shifts
in resonant frequency — the LOD can reach the sub-monolayer level (on the order of
~0.05 nm of film thickness for a ~90 mHz frequency shift) under good conditions.
However, conventional QCM LOD in liquid biosensing is often limited by noise and
baseline drift, making it “good, but not strictly fantastic” compared to some optical
methods. For example, surface plasmon resonance (SPR) typically achieves lower
detection limits in solution-phase assays than QCM, and surface acoustic wave (SAW)

devices can outperform QCM in gas-phase sensitivity.

A key advantage of QCM and related piezoelectric sensors is their ability to
provide multidimensional impedance data beyond a single frequency shift. Modern
QCM instruments (often termed QCM-D, for QCM with dissipation monitoring)
measure energy dissipation or damping alongside the frequency change. Impedance
analysis of the QCM’s electrical response (using equivalent-circuit models like the

Butterworth—VVan Dyke) can extract multiple parameters — e.g. motional resistance
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(R[7), motional capacitance (C[1), motional inductance (L[1), and phase or
conductance spectra — yielding a multi-parameter output for each sensing event. These
additional channels of information can help distinguish between different physical
effects (mass loading vs. viscoelastic changes) and potentially improve the confidence
in detection. This report reviews how LOD is defined and theoretically modeled using
such multi-parameter impedance data, with an emphasis on QCM-based biosensors.
We survey relevant theoretical frameworks (noise models, equivalent circuits,
multivariate analysis) and highlight case studies (including biomedical diagnostics)

from both the scientific literature and patents.
6.2 Defining LOD in Multidimensional Sensor Data

LOD Criteria in Univariate vs. Multivariate Systems: In traditional univariate
measurements, the LOD is often determined by the 3o criterion — i.e. a signal change
equal to three times the standard deviation of noise in the blank signal. This ensures a
99% confidence that the signal is real. Formally, IUPAC and other bodies define LOD
as the analyte concentration yielding a signal significantly different from zero with a
given confidence (often 95% or 99%). The simplest formula (for a linear calibration)

is:

LODunivaﬂate = ———
(6.1)
snoise is the noise (standard deviation)

slope is the sensitivity (signal change per analyte unit).

However, when a sensor provides multiple signals or a sensor array produces
a vector output, defining LOD becomes more complex. There is currently no
universally accepted standard for LOD in multivariate sensor systems. Researchers
have proposed various approaches, such as computing the LOD from the residual error
of multivariate calibration models or examining when the sensor response becomes
repeatably distinguishable from noise in all channels. For instance, Oleneva et al.

(2019) suggested a visually intuitive method for electronic tongue sensor arrays:
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incrementally increase analyte concentration and identify the point at which the mean
relative error (MRE) of predictions stabilizes, indicating the signal is reliably above
the noise/background. This concentration is taken as the LOD for the multi-sensor
system. Their procedure provided a consistent way to compare multi-sensor

performance.

In a multivariate context, one can also consider the multivariate noise
(covariance of baseline signals) and define LOD based on a combined response. One
theoretical approach is to use concepts like the Mahalanobis distance or principal
component projections of the multi-parameter signal. Indeed, applying principal
component analysis (PCA) or other data fusion techniques can enhance detection: by
extracting the relevant signal components from multiple channels, the effective
signal-to-noise ratio can improve. A PCA-based analysis of multi-overtone QCM
data was shown to improve sensitivity and LOD compared to analyzing frequency
shifts alone. In effect, the multivariate LOD might be defined by a threshold in a
combined response space (for example, a PCA score or a discriminant function) that

corresponds to the smallest detectable analyte presence with 95% confidence.

Theoretical modeling of LOD inevitably requires modeling of noise in the
sensor signals. For impedance-based sensors like QCM, noise can arise from
electronic circuits, thermal fluctuations, and mechanical instabilities. Notably,
frequency stability of the resonator is crucial. Techniques from frequency metrology
(e.g. Allan variance and Hadamard variance) have been employed to characterize
QCM frequency noise and drift. The Allan deviation o(t) describes the frequency
fluctuation as a function of averaging time 1, and is related to the resonator’s quality
factor (Q-factor). One patent suggests an approximate relation ¢ = 10°(-7)/Q for AT-
cut quartz at 1 s averaging. Using this, the detection limit in frequency can be

estimated as:

ﬂ.fmm('r) ~= J(T) - fo (6.2)
where f, is the resonant frequency. For example, a QCM with Q ~ 50,000 at 5 MHz

has 6 ~2x107(-12) (fractional) over 1 s, giving a frequency noise on the order of a

few mHz. By converting this frequency resolution to mass via the Sauerbrey
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coefficient, one can obtain the mass LOD. In the cited patent, the authors use the
product of Allan deviation and resonant frequency to get Af, then divide by the
Sauerbrey mass sensitivity constant K to get a mass resolution. Such theoretical
calculations predict femtogram-level mass detection capability when Q is extremely
high and noise is correspondingly low. In practice, achieving that requires careful
control of the system (temperature, vibrations, etc.), or innovative designs as

discussed.

6.3 Multidimensional Impedance Parameters in QCM

QCM and the Butterworth—Van Dyke (BVD) Model: A QCM can be modeled
electrically by an equivalent circuit (the BVD model), which includes a motional
branch (L[J, C[J, R[J) representing the oscillating crystal and any coupled load, in
parallel with a static capacitance C, of the electrodes. When a QCM is used in a fluid
for biosensing, multiple physical properties influence these circuit elements. Added
mass (e.g. an adsorbed biomolecular layer) primarily shifts the resonant frequency
(related to LT1 and C[7), while changes in viscoelastic or dissipative loading (e.g. a
soft film or viscous adlayer) increase the motional resistance R[] and bandwidth
(inverse of the Q-factor). Modern impedance analysis instruments can sweep a range
of frequencies around resonance and fit the response to the BVD model, thus extracting
multi-dimensional data per measurement: Af (frequency shift), ARJ (change in
motional resistance, related to dissipation), AC[], AL[1, and even AC, . In practice,
not all of these parameters are equally informative for biosensing. A study by Su et al.
on a QCM immunosensor illustrates that frequency shift and motional resistance are
the dominant signals, whereas changes in C[1, L], or C, were negligible for their
biorecognition scenario. The resonant frequency (or its shift Af) is directly tied to the
mass loading via the Sauerbrey equation (for rigid masses) or more complex
viscoelastic models, and the motional resistance AR (or related dissipation factor D

= 1/Q) captures energy losses due to the viscoelasticity of the film or medium.

Dissipation and Multiharmonic Data: QCM-D instruments measure the

frequency and dissipation at multiple harmonic overtones of the crystal (e.g. 1st, 3rd,
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5th overtone frequencies). These provide an even richer multidimensional dataset:
each overtone may respond slightly differently to the same surface perturbation, which
can be used to model the viscoelastic properties of the film. For instance, a purely
elastic (rigid) mass loading will cause proportional frequency shifts on all overtones
and minimal dissipation change, whereas a soft viscoelastic layer will cause frequency
shifts that depend on overtone number and significant dissipation increases. Using
subsets vs. full sets of parameters is a key consideration. In some applications,
monitoring just Af is sufficient for LOD (especially if the film is rigid and noise is
low). In others, including AD or AR[] can greatly enhance detection. Notably, if an
analyte causes a very tiny mass change but a disproportionate change in viscoelastic
damping, the frequency signal might be under the noise while the dissipation signal is
clear. In such cases, dissipation can extend the effective LOD. A classic example is
detection of whole bacterial cells: these are large, soft particles that, when captured on
a QCM surface, may not produce a large frequency drop (because a single or few cells
have small mass relative to the crystal) but can induce a measurable increase in energy
dissipation (due to viscoelastic binding and interfacial slip). Su and Li (2005)
demonstrated this with a Salmonella immunosensor: using magnetic beads to
concentrate the bacteria on the QCM, they achieved a LOD of ~10? cells/mL based on
the motional resistance change (AR[]), whereas the frequency shift at that low
concentration was not detectable (Af did not correlate with cell count in that range).
This underscores how multi-parameter impedance data (here, R[] vs. f) can push the

detection limit lower than one parameter alone.

Beyond frequency and dissipation, researchers have explored alternative
impedance metrics. The phase angle of the impedance at or near resonance can serve
as a sensitive indicator of shifts. For example, measuring the phase change at a fixed
drive frequency (instead of tracking frequency in an oscillator circuit) is another way
to transduce a small resonance shift. Arnau and coworkers introduced a phase-shift
measurement technique on high-frequency QCMs, showing it could dramatically
improve sensitivity. The peak conductance (G) or admittance magnitude at resonance
is another parameter: as a film loads the crystal, not only does the resonant frequency

shift, but the peak conductance typically drops (due to increased damping R[).
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Tracking the drop in conductance or increase in R[] could be used as a detection metric
on its own. In effect, all these parameters are interrelated (they stem from the same
resonance phenomenon), but using them in combination or choosing the most sensitive

one for a given application is crucial for optimizing LOD.

6.4 Theoretical Approaches to LOD with Multiple Impedance Parameters

Noise Modeling and Resolution Limits: The theoretical minimum detectable
change in each QCM parameter can be estimated by noise analysis. For frequency, as
discussed, one can use Allan or Hadamard variances to account for noise and drift. For
dissipation or R[], similar analysis applies: the noise floor on R[] (or bandwidth) is
related to electronic noise and mechanical loss fluctuations. In an impedance
measurement, R[] is obtained from the width of the resonance curve — theoretically, a
high Q (narrow) resonance allows finer resolution in determining R changes, but
also a high Q implies low baseline dissipation (which might be near the noise floor of
the instrument). When multiple parameters are considered together, one simple
theoretical criterion for detection is to require that at least one of the parameters
exceeds its 3o noise threshold. A more rigorous approach is to combine them: for
example, one could form a joint detection statistic that is a weighted sum of the
normalized changes in each parameter, and require that this multi-parameter statistic
exceed a certain confidence limit. This would be analogous to multivariate hypothesis
testing in statistics. While a general formula for multivariate LOD is not standardized,
recent work in chemometrics suggests using the concept of “multivariate signal-to-
noise” or performing inverse modeling (multivariate calibration) then converting the

univariate LOD through the model’s error propagation.

LOD Enhancement Strategies: Several theoretical and experimental strategies
have emerged to improve LOD using multi-dimensional data. Optimizing
Measurement Conditions: By adjusting how impedance data is collected (frequency
range, number of points, overtone selection, etc.), one can enhance sensitivity to the
target analyte. In a previous work, our team employed a machine-learning optimization

of QCM impedance measurement parameters and found that the apparent LOD in
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QCM-D experiments could be improved by an order of magnitude (~12x) by selecting
optimal measurement settings. In their work, different choices of impedance spectral
range and data features led to variations in the derived viscoelastic parameters; the
bulk fluid viscosity measurement’s LOD varied up to 6-fold, and a biomolecular film’s
thickness LOD varied ~3-fold depending on the impedance sampling strategy used.
This indicates that the way we use the multi-dimensional data (which frequencies or

which combination of parameters) can strongly affect detection limits.

High Fundamental Frequencies: Using a higher frequency resonator increases
mass sensitivity (Sauerbrey’s equation shows Af o< -f, for a given Am). The trade-off
is often increased damping in liquids, but if manageable, a higher f, can lower LOD.
Ogi et al. demonstrated a 170 MHz electrodeless QCM which achieved a LOD of 0.5
pM for a protein (IgG) — about three orders of magnitude better mass sensitivity than
a conventional 5 MHz crystalpubmed.ncbi.nlm.nih.gov. Theoretical modeling in that
study predicted a fundamental limit: at sufficiently high frequency, the QCM response
would eventually “break down” when the oscillation frequency approaches the
intrinsic mechanical relaxation frequency of the binding
interactionspubmed.ncbi.nlm.nih.gov. In other words, when the analyte-binding
behaves like a spring—mass system with its own resonance (e.g., an antibody—antigen
bond having a certain compliance and mass), driving the sensor much faster (one order
above that resonance) decouples the mass from the sensor. This insight sets a
theoretical frequency limit beyond which increasing f, no longer improves (and can

degrade) the detection of that particular analytepubmed.ncbi.nlm.nih.gov.

Phase/Delay Monitoring: As noted, measuring phase shift at a fixed frequency
is a form of multi-parameter usage (the fixed frequency is offset from the natural
resonance, so phase is a sensitive function of resonance frequency and damping). In a
2015 study, March et al. used a 100 MHz QCM with phase monitoring to detect
pesticides in a competitive immunoassay. They reported a two-order-of-magnitude
improvement in LOD compared to a standard 9 MHz QCM oscillator: for carbaryl
pesticide, the LOD improved from 11 pg/L at 9 MHz to 0.14 pg/L at 100
MHzawsensors.com. Notably, the combination of higher frequency and the new phase
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measurement scheme led to this dramatic enhancement. The high-frequency QCM
outperformed even SPR in that case, approaching the sensitivity of specialized lab
assaysawsensors.com. The theoretical basis is that at a fixed frequency on the steep
slope of the resonance phase curve, a tiny resonance shift produces a relatively large
phase change, which can be measured with low noise — effectively boosting the signal-

to-noise.

Multi-mode or Multi-sensor Data Fusion: Some advanced sensors use more
than one sensing mode in tandem (for example, a coupled acoustic-electrochemical
sensor). An electrochemical QCM-D (EQCM-D) can measure both the acoustic
signals (f & D) and electrochemical impedance or current, providing orthogonal data
about an analyte (mass change and charge transfer). Combining these via multivariate
analysis could improve detection of complex analytes (like differentiating binding vs.
electrocatalytic signals). Even within pure QCM, one can have an array of crystals
coated with different receptors (like an “electronic nose/tongue’ using QCMs). In such
cases, multivariate analysis of the array’s frequency shifts can greatly improve
specificity and potentially the collective LOD (by reducing false positives). While this
strays from a single QCM device, it aligns with the idea of multidimensional data. The
general point is that multidimensional impedance measurements open up opportunities
for algorithmic improvements (machine learning, PCA, etc.) to tease out smaller

signals than a single-channel measurement could.

Patent Innovations: Patents in this space often target ultra-sensitive detection
for medical diagnostics. One notable example is a patented high-Q QCM femtogram
sensor for detecting biomarkers like troponin. The device uses an array of five quartz
disks with varying electrode sizes to modulate their Q-factors and responses. The
system measures multiple parameters from each disk — including the resonant
frequency shift, Q-factor (from which dissipation is derived), and impedance — and
then applies an Allan variance analysis to isolate true frequency changes. By
leveraging the redundancy and consistency across multiple sensors and parameters,
the design minimizes the impact of noise and drift, theoretically allowing detection of

masses on the order of 10*(-15) g (femtograms). While primarily an engineering
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advance, the underlying theory treats the ensemble of readings as a combined indicator
of a true signal, filtering out uncorrelated noise. Another patent approach is the use of
novel interrogation methods (e.g., a wireless QCM-D excitation and transient response
measurement) to get richer data from each sensor oscillation, potentially improving
LOD by capturing the full transient decay (which contains frequency and dissipation
information in one shot). These innovations illustrate how multi-parameter data and
theoretical noise models guide the development of next-generation biosensors with

ever lower detection limits.

Multidimensional impedance readouts from biosensors like QCM have
enabled more robust and sensitive definitions of detection limits than were possible
with single-parameter measurements. Theoretically, the LOD in such systems can be
modeled by extending classical noise analysis to multiple degrees of freedom —
whether by combining noise contributions for a joint detection criterion or by
identifying which parameter best signals the presence of analyte. Frequency shift (Af)
remains the primary indicator of mass changes, but dissipation and related parameters
(R, Q-factor, phase lag) provide invaluable complementary information. They can
reveal subtle interactions (e.g. a viscoelastic binding or a sparse large particle
attachment) that would be missed by frequency alone. Consequently, a subset or full
set of impedance parameters can be used to define detection: for example, one might
define that an analyte is “detected” if either Af or AR[] exceeds its noise threshold, or
more elegantly, if a combination of Af and AR[J falls outside the distribution of

baseline fluctuations with a given confidence.

From a design perspective, theoretical frameworks such as equivalent-circuit
modeling, noise spectral density analysis (Allan/Hadamard variances), and
multivariate calibration models guide how we utilize the rich data. They help predict
how changes in one parameter affect the others and where the fundamental limits lie
(e.g. the point of diminishing returns with higher frequency or higher Q). We have
seen in case studies that incorporating more information (multiple harmonics, multiple
parameters, or multiple sensors) generally pushes LOD lower — for instance, reaching

picogram mass or sub-picomolar concentration detection. However, each added
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dimension also requires careful calibration and sometimes complex data processing

(such as machine learning or PCA) to fully exploit it.

In summary, defining LOD in multidimensional impedance biosensors is an
evolving practice that merges classical detection theory with modern data analytics.
Peer-reviewed studies have demonstrated clear benefits of multi-parameter approaches
in biosensing applications ranging from pathogen detection to immunoassays.
Meanwhile, patents reveal a drive toward practical implementations that achieve ultra-
low LODs by combining high-performance hardware with multi-channel data
strategies. As the field advances, we expect more standardized methods to emerge for
quantifying LOD in multivariate sensor systems, enabling fair comparison and aiding

the design of the next generation of highly sensitive biosensors.
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