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SUMMARY

According to the World Health Organization (WHO), musculoskeletal chronic condi-

tions are the leading causes of disability worldwide. Some of these chronic conditions, such

as arthritis, have no speci c lab tests, and a diagnosis is formed based on a constellation of

subjective exams. To evaluate joint health, physicians also listen to joint sounds, scienti -

cally known as joint acoustic emissions (JAEs). As Thomas R. Insel says, "the good-news

stories in medicine are early detection, early intervention”. To facilitate early detection of

joint disease, our study focuses on knee health monitoring through JAE signal processing

and machine learning using wearable devices. The following provides a summary of the

research presented in this dissertation:

» We studied JAEs in loaded and unloaded knees as digital biomarkers for evaluating
knee health status during the course of treatment in patients with juvenile idiopathic
arthritis (JIA). JAEs were recorded from 38 participants, performing 10 repetitions
of unloaded exion/extension (FE) and loaded squat exercises. A novel algorithm
was developed to detect and exclude rubbing noise and loose microphone artifacts
from the signals, and then 72 features were extracted. These features were down-
selected based on different criteria to train three logistic regression classi ers. The
classi ers were trained with healthy and pre-treatment data and were used to predict
the knee health scores of post-treatment data for the same patients with JIA who had
a follow-up recording. This knee health score represents the probability of having
JIA in a subject (0 for healthy and 1 for arthritis). In terms of results, post-treatment
knee health scores were lower than pre-treatment scores, agreeing with the clinical
records of successful treatment. Regarding loaded versus unloaded knee scores, the
squats achieved a higher score on average compared to FEs. In healthy subjects with
smooth cartilage, the knee health scores of squats and FEs were similar indicating

that vibrations from the friction of articulating surfaces do not signi cantly change
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by the joint load. However, in subjects with JIA, the scores of squats were higher
than the scores of FEs, revealing that these two exercises contain different, possi-
bly clinically relevant, information that could be used to further improve this novel
assessment modality in JIA. This work was presented in American Society of Biome-
chanics Annual Meeting, 2020 [1], and published in IEEE Journal of Biomedical and
Health Informatics, 2021 [2]. Two extended studies from this work were also pre-
sented in Annual Pediatric Research Meeting, 2021 [3], and American Collage of
Rheumatology (ACR Convergence Meeting), 2022 [4], and published in Pediatric
Rheumatology, 2023 [5].

Considering the knee as a uid-lubricated system, articulating surfaces undergo dif-
ferent lubrication modes and generate JAEs while moving. The goal of this study is
to compare knee biomechanical signals against synchronously recorded joint sounds
and assess the hypothesis that these JAEs are attributed to tribological origins. JAE,
electromyography, ground reaction force signals, and motion capture markers were
synchronously recorded from 10 healthy subjects while performing two-leg and one-
leg squat exercises. The biomechanical signals were processed with standard inverse
dynamic analysis through musculoskeletal modeling, and a tribological parameter,
lubrication coef cient, was calculated from these signals. Besides, JAEs were di-
vided into short windows, and 64 time-frequency features were extracted. The lu-
brication coef cients and joint sound features of two-leg squats were used to label
the windows and train a classi er that discriminates the knee lubrication modes only
based on JAE features. Then, the classi er was used to predict the label of one-
leg squat JAE windows. To evaluate these results, the predicted joint sound labels
were directly compared against the associated lubrication coef cients. The trained
classi er achieves a high test accuracy of 84% distinguishing lubrication modes of
one-leg squat JAE windows. The Pearson correlation coef cient between the esti-

mated friction coef cient and the predicted JAE scores was 0.8308. Further-
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more, the lubrication coef cient threshold, separating two lubrication modes, was
calculated from joint sound labels, and it decreased by half from two-leg to one-leg
squats. This result was consistent with the tribological changes in the knee load as
it was inversely doubled in one-leg squats. These results verify that JAEs contain
salient information on knee tribology. This study supports the potential use of JAEs
as a quantitative digital biomarker to extract tribological information about joint lu-
brication modes and loading conditions. Since arthritis and many other conditions
impact the roughness of cartilage and other surfaces within the knee, the use of JAEs
in clinical applications could thereby have broad implications for studying joint fric-
tions and monitoring joint structural changes with wearable devices. This work was

published in IEEE Transactions on Biomedical Engineering (TBME), 2021 [6].

The last study was aimed at determining which phases during the routine clinical
maneuvers generate more informative JAEs and use them to re ne JAE classi cation
in patients with osteoarthritis (OA) and healthy controls. For this study, JAEs were
captured from four knee locations as 25 subjects of healthy controls and patients af-
icted with OA executed seated exion/extension, sit-to-stand, and walking tasks.
OA severity was determined by medical imaging. JAEs underwent preprocessing,
were divided into 30 ms windows, and were characterized by 47 time-frequency fea-
tures. The position of windows within the normalized movement cycle served as
an identi er. A soft classi er was then trained and validated on maneuver-speci ¢
windows to distinguish the healthy (HLT) and OA groups. To assess the impact
of detecting informative phases, we compared classi cation accuracy using all win-
dows against those from informative phases. Classi cation performance was sig-
ni cantly improved by prioritizing informative microphones and movement phases
for all three maneuvers. Infrapatellar, medial, and inferolateral microphone loca-
tions proved to be more informative for exion/extension, sit-to-stand, and walking,

respectively. Leave-One-Subject-Out Cross-Validation (LOSO - CV) accuracy aver-

XiX



aged a 7% boost to 70% when employing windows from informative phases. Fur-
thermore, considering a subject correctly classi ed when a majority of their windows
were predicted accurately, subject-based accuracy experienced a 13% enhancement
to 88% on average. As a result, computational resources are allocated more ef -
ciently and classi cation accuracy is enhanced. This work was presented in IEEE-
EMBS International Conference on Body Sensor Networks — Sensors and Systems
for Digital Health (IEEE BSN), Oct 2023 [7], and a journal paper on this study is

currently under review.

This research highlights the promising role of JAEs as a quantitative digital biomarker
for extracting joint tribological information and assessing health status. These studies ef-
fectively differentiate individuals with JIA or OA from healthy controls, demonstrating its
diagnostic potential. Furthermore, the investigation underscores the importance of exercise
type, identifying optimal microphone placements and informative exercise phases to opti-
mize wearable devices' computational ef ciency and open new possibilities for practical

joint health monitoring.
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CHAPTER 1
INTRODUCTION

1.1 Motivation

Recent outbreaks of infectious diseases, the prevalence of chronic illnesses, and the ag-
ing population have highlighted the challenges in front of the worldwide healthcare sys-
tems. The 2020 -2022 pandemic accentuated the enormous costs and disparities in access
to healthcare resources for groups from various races, ages, and socio-economic back-
grounds[8]. To address these challenges, especially for early detection and treatment,
researchers have been actively seeking novel solutions and new technologies that could
improve the convenience and quality of life for patients while reducing the cost of care
[8, 9]. The emerging interdisciplinary area of health informatics mainly deals with the
acquisition, transmission, processing, storage, retrieval, and use of various types of health
and biomedical information [9]. The two main technologies used for data acquisition are
sensing and imaging. The work presented in this dissertation focuses on a non-invasive
sensing technology that can be implemented on wearable devices for longitudinal joint
health monitoring at home.

Musculoskeletal chronic conditions and injuries are the leading causes of work disabil-
ity, with a huge burden of annual costs for healthcare and lost earnings of hundreds of bil-
lion dollars [10, 11]. According to the Centers for Disease Control and Prevention (CDC),
more than 58 million adults in the U.S., or about 1 in 4 people have a form of arthritis [11],
and it reaches more than 350 million people globally [12]. The clinical diagnosis of many
types of arthritis is a diagnosis of exclusion, meaning that doctors must rule out a variety
of other in ammatory and infectious etiologies. Since there are no speci c lab tests, the

diagnosis is formed based on a constellation of non-speci ¢ in ammatory markers, patient



Figure 1.1: Physicians listen to joint sounds to evaluate joint health commonly known as
crepitus and scienti cally known as joint acoustic emissions or vibroarthrographic signals.
This gure is adapted from [14].

history, and physical exam. Physicians also assess joint health by listening to joint sounds,
which is referred to as crepitus, a familiar term used for describing lung sounds [13]. These
joint sounds or vibrations emitted during joint articulation are scienti cally known as joint
acoustic emissions (JAEs) or Vibroarthrographic (VAG) signals (shown in Figure 1.1). In

the following, we brie y review some types of arthritis.

1.2 Arthritis Types

Arthritis or joint disease is the in ammation of one or more of the body joints, such as the
knees, ankles, knuckles, or wrists, elbows, shoulders, jaw, and neck [12, 14, 15]. Arthritis
often starts as joint in ammation but it can progress into joint pain, swelling, heat, and
stiffness [16]. Knee is one of the most frequently affected joints (30—-50% of the cases)
[17, 18] with signs of synovitis and in ammation that can damage the underlying cartilage
and even lead to bone erosion if left untreated [19]. Despite the fact that arthritis is more
common among the elderly, it can affect people of all ages, including children; in fact,

two-thirds of people with arthritis are younger than 65 years [11]. The most common types
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of arthritis are rheumatoid arthritis (RA) and osteoarthritis (OA) in adults and juvenile
idiopathic arthritis (JIA) in children and teens.

The most common form of childhood arthritis is juvenile idiopathic arthritis (JIA),
which refers to all forms of arthritis that appear before 16 years of age and are of un-
known origin [20]. The precise etiology of JIA is poorly understood; however, research
studies indicate that it is an auto-immune disease with multiple genetic and environmental
risk factors involved [16]. It has a prevalence of up to 150 cases per 100,000 children in
North America [15]. JIA becomes a chronic condition in about half of the cases, and con-
tinues af icting the patient for several years or even a lifetime [20]. This type of arthritis
has a heterogeneous presentation and few reliable biomarkers which makes the diagnosis,
and quantifying treatment ef cacy, dif cult [15]. Furthermore, there is limited access to
pediatric rheumatologists, who are specially trained for diagnosing and treating JIA, where
only 1 in 4 children with JIA are able to regularly see a pediatric rheumatologist in the
U.S. [21]. JIA is classi ed based on the number of affected joints, clinical and laboratory
features as well as family history [16].

The closet form of arthritis to JIA in adults is rheumatoid arthritis (RA) [15], which is
an in ammatory and auto-immune disease that affects up to 1.36 million adults in the U.S.
and 14 million people around the world [22]. RA has a well-de ned radiographic scoring
system [23], and its hallmark symptoms include in ammation and pain in and around larger
joints, which can even affect other organs in the patient's body [12]. RA is one of the most
common causes of disability in adults, and it can result in a signi cant decrease in life
expectancy in moderate to severe progression [12]. Studies have shown that early and
effective treatment may stop or signi cantly reduce disease progression [24].

The most widespread joint disease amongst older people is osteoarthritis (OA) with up
to 32.5 million adults in the U.S. [11] and more than 350 million globally [12]. OA is
characterized by the progressive degeneration of articular surfaces including the cartilage,

synovium, and even the underlying bone [25]. As a result of these defected joints, OA



causes pain, swelling, and motion limitations [26]. Due to the unclear history of the disease
progression in individuals, de ning treatment protocols is often dif cult [27]. OA and RA

are usually accompanied by in ammation and persistent pain and are typically diagnosed
at advanced stages using assistive techniques such as X-ray, computed tomography (CT),
and magnetic resonance imaging (MRI) [28]. While these tools are effective in providing
detailed images of joint tissues, they are time-intensive, con ned to clinical settings, and
dif cult to schedule. Furthermore, they are inherently limited to static imaging as they
take a snapshot of the knee in a xed position [29]. Also, the costs associated with MRIs
can be prohibitive for patients and healthcare systems, making it challenging for them to
access early and accurate diagnoses. Apart from imaging, unobtrusive wearable sensing
technologies with noninvasive biomarkers have a huge potential in the future of monitoring
diseases in at-home settings [8, 9]. As a result, recent studies focused on vibroarthrography
as an alternative non-invasive biomarker to monitor joint health status at a lower cost and
in more accessible settings [27, 28, 30, 31, 32].

While diverse in their manifestations, all types of arthritis share a common thread in
their potential to be sensed through biomarkers and technological approaches. Whether it's
the in ammatory symptoms in autoimmune-driven conditions or the degenerative changes,
these conditions often exhibit characteristic patterns of joint stress, friction, and biochem-
ical alterations. Therefore, imaging modalities and biochemical markers may detect com-
monalities in in ammation, cartilage degradation, or changes in joint structure. Addi-
tionally, joint sounds or vibrations emitted during joint articulation, known as JAEs or
VAG signals (shown in Figure 1.1), offer a promising means to capture these shared in-
dicators. For instance, damaged cartilage and ligaments alter joint structure and stability
which causes in ammation and edema. These factors change tissue interfaces during cer-
tain movements and they result in changes in JAEs [33]. Many previous studies developed
diagnostic techniques using JAEs; however, the ability of JAEs to quantify and interpret

clinical decisions regarding joint health has had limited success.



1.3 Contributions to be Elucidated

In this dissertation, we are going to make the following scienti ¢ contributions:

» Aim 1: Demonstrate for the rst time that squat data improves the ability to classify

between healthy controls and patients with JIA.

« Aim 2: Demonstrate for the rst time that joint sounds are quantitatively correlated

with knee tribology.

» Aim 3: Identify knee phases during the routine clinical maneuvers that generate more
informative joint sounds to improve classi cation performance in patients with OA

and reduce the computational load by only focusing on these phases.

1.4 Dissertation Organization

Chapter 1 provides an introduction to the underlying physiology and pathol&gfyap-

ter 2 serves as a scienti ¢ background for this work whildnapters 3 — 5present the
original research in order of the aims of the experiment and are not necessarily chronologi-
cal. Chapter 3 addresses aim Chapter 4 addresses aim 2, ai@hapter 5 addresses aim

3. Chapter 6 discusses the future work and concludes the dissertation.



CHAPTER 2
BACKGROUND

2.1 Knee Joint Physiology

Joints serve as pivotal components of articulation in our body's structure, facilitating move-
ment and stability. The knee is the largest and most complex joint in the human body which
is a hinge-type synovial joint protected by articular cartilage and lubricated with synovial
uid [27, 28]. This joint is made up of three bones that articulate with one another: the fe-
mur (thigh bone), patella (kneecap), and tibia (shinbone), as shown in Figure 1.1. The knee
joint, although the largest, is relatively weaker compared to other joints, and its strength
depends on the ligaments and muscles surrounding and within it [14]. There are four major
ligaments maintaining strength and stability to the knee: (1) the medial collateral ligament
(MCL) attaching the medial side of the femur to the medial side of the tibia, (2) the lateral
collateral ligament (LCL) attaching the lateral side of the femur to the lateral side of the
bula, (3) the anterior cruciate ligament (ACL) lies deep within the notch of the distal fe-
mur, and (4) the posterior cruciate ligament (PCL) connecting the posterior intercondylar
area of the tibia to the medial condyle of the femur (see Figure 1.1) [28].

Similar to all major joints in the human body, the knee is covered by cartilage. Two
types of cartilage exist in the knee joint: articular cartilage covering the bone ends, and a
wedge-shaped brocartilaginous structure called the meniscus, as shown in Figure 1.1 [34].
The cartilaginous surfaces of a normal knee are smooth and slippery [35], whereas, in an
arthritic knee, the synovial membrane surrounding the joint becomes in amed and thick-
ened, then the smooth cartilage degenerates and bony erosion and density loss may occur
if left untreated [14, 27, 35]. For instance, in the case of a knee with OA, degenerative

changes can affect any part of the bones, articular cartilage, and soft tissues. Therefore,



early diagnosis with effective treatment is necessary to prevent long-term effects [36]. Ad-
ditionally, knees are susceptible to injuries and early degeneration of articular surfaces [18]
as they have an important role in bearing the whole body weight. During routine move-

ments like walking or running, the knee typically handles moderate stress without notable
injury. However, its inherent stability may not effectively withstand rotational forces or

various physical traumas, leading to frequent injuries, especially in dif cult exercises.

2.1.1 Biomechanic®f KneeJoint

To have a better understanding of the structure of the synovial joints, we can focus on the
similarities between the joint to engineering bearings, the lubrication mechanism in the
knee is often simpli ed and modeled as uid- Im lubrication [37]. The articulating Im
formed between knee compartments has a dynamic shape and its thickness changes during
articulation [38]. As a result, knees may experience different lubrication modes at certain
exion phases and pressure levels, namely boundary lubrication (BL) and hydrodynamic
lubrication (HL) [39]. During BL mode, there is almost a solid-on-solid contact where
lubrication is mostly governed by chemical reactions and lubricant particles at the carti-
lage surfaces rather than viscous properties of synovial uid, resulting in a higher friction
coef cient. On the other hand, during HL mode, a lubrication Im is formed between the
articulating surfaces, and a lower friction coef cient is achieved [37, 38]. Since the knee
has a complex structure, a mixed lubrication mode can also exist at certain exion phases
where both HL and BL modes are present at different knee interfaces.

From the tribological standpoint, the variations of the friction coef cient in the entire
range of lubrication can be shown on a Stribeck curve [40]. For soft permeable surfaces
(e.g., articular cartilages), the Stribeck curve is shown in Figure 2.1 [41], and dkis
representSommerfeld parametewhich is directly proportional to the sliding velocity, lu-
bricant viscosity, and inversely proportional to the joint load. A low Sommerfeld parameter

is associated with a highiction coef cient (y-axis) and vice versa. The lubricant viscosity



Figure 2.1: Stribeck curve and different lubrication modes [41]. During boundary lubrica-
tion mode, there is a solid-on-solid contact, whereas, during hydrodynamic lubrication, a
lubrication Im is formed between the articulating surfaces.

in the knee only experiences small changes in healthy joints [42, 38], and the informa-
tion about the rheological properties of the synovial uid for each individual is not usually
available. The joint load or joint contact force (JCF) is the force experienced at knee ar-
ticulating surfaces, and it cannot be measured directly through non-invasive methods; The

current standard method for JCF estimation is through musculoskeletal modeling [43, 44].

2.2 Joint Acoustic Emissions

Vibrations generated within a normal joint during active movement are commonly known
as crepitus and referred to as vibroarthrographic (VAG) signals or joint acoustic emissions
(JAEs) [33, 35, 28]. JAEs can be generated from various inter-joint compartments and
thus are hypothesized to be associated with the condition of the articular cartilage, includ-
ing its level of roughness, degree of degeneration, or the state of lubrication [13, 45, 46,
31, 28, 47]. The concept of using joint sounds as indicators of health dates back to 1902,
when Blodgett initially employed a stethoscope and reported its diagnostic potential [48].
In 1933, Erb implemented the rst graphical recording of knee joint sounds using a mi-
crophone [49]. The investigations conducted by Steindler, Peylan, and Chu et al. have

contributed to the re nement of joint auscultation setups and con gurations [50, 51, 52].



However, traditional microphone-based techniques face limitations in the clinical detec-
tion of joint disorders due to restricted frequency response and sensitivity issues affected by
ambient noise and skin friction. Mollan et al. emphasized the importance of sensor choice,
advocating for accelerometers over microphones to measure joint vibrations or sounds [53].
Subsequently, Kernohan et al. pioneered vibration arthrometry techniques, initially apply-
ing them in a pilot study for detecting congenital hip dislocation in infants [54]. Since the
1990s, advancements in digital signal processing and machine learning techniques have led
to signi cant progress in measuring, analyzing, and exploring JAE signals to distinguish
between healthy knees and those affected by degenerative conditions or injuries throughout
the past century. JAEs have been used as digital biomarkers to distinguish healthy individ-
uals from patients af icted with OA [55, 56, 57, 25, 58], RA in adults [59, 60], JIA in kids
[19, 61, 62], and even from injured knees [46, 63, 64]. These studies consistently achieve
high knee classi cation accuracy rates making them promising for joint health monitoring
[65, 66, 67, 68, 69, 70, 56, 57, 25].

Utilizing JAEs as digital biomarkers for assessing joint health offers a non-invasive
means of measurement. These emissions can be captured during routine exercises such as
exion/extension, squats, sit-to-stand, and walking, either in a clinical setting or with the
convenience of wearable smart braces at home [30, 71, 72, 47, 73, 32]. However, prior
studies predominantly focused on JAEs generated during unloaded exion/extension exer-
cises (FE). The impact of changes in mechanical loading on joint sounds was investigated
in [74], and JAEs were used to estimate joint load in [43]. Another work also qualitatively

studied the frictional forces and JAEs of human joints in [75].

2.2.1 Propertief JAEsS

Joint sounds contain high-energy and short-duration acoustic signals with distinctive “spike-
like” waveforms that have a broad frequency spectrum. These signals are multi-component

due to joint movement producing multiple sources of vibrations and signal propagation



through different tissue channels to the skin surface, resulting in multiple energy com-
ponents at various frequencies. A JAE signal is non-stationary due to variations in joint
surface quality at different angles (points of time) during joint articulation [76]. These sig-
nals are characterized by complex temporal and spectral patterns re ecting the interactions
within the joint compartments. JAEs often contain both audible and inaudible components,
with frequencies ranging from a few Hertz to several kilohertz. The properties of JAEs such
as their amplitude, frequency, and duration of JAE events, vary depending on factors like
joint health, movement phase, and the presence of pathological conditions. For instance,
low acoustic power was observed in normal knees, while knees with RA and OA had higher
values due to increased cartilage damage. [77]. Therefore, analyzing the properties of JAE
signals is crucial in determining the state of joints, which can help in the early detection

and monitoring of joint diseases.

2.2.2 SignalAcquisitionandProcessingf JAEs

Various sensors, including surface vibration sensors like accelerometers, piezoelectric de-
vices, electro-stethoscopes, as well as "air" microphones such as microelectromechanical
systems and electret microphones have been employed for recording JAEs. Air micro-
phones excel at capturing attenuated, higher-frequency signals while minimizing motion
artifacts, whereas accelerometers directly measure the original, non-attenuated signals and
exhibit reduced sensitivity to background noise. The sensor can be attached to various lo-
cations around the knee including the patella, medial or lateral condyles of the tibia, etc.
using double-sided adhesive tapes. Subjects are instructed to perform a routine clinical
exercise, and JAEs are measured with an accelerometer sensor. Additionally, a JAE sig-
nal acquisition system may include an electro-goniometer or inertial measurement units
(IMUs) to measure the leg's bending angle during these movements. To evaluate knee
health, both stationary systems [78, 61, 79, 19, 71] and wearable devices [73, 80, 81] were

employed for JAE sensing. In recent studies, multimodal wearable braces have been inno-
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vatively designed to capture not only JAEs through contact microphones but also electrical
bioimpedance (EBI) data and knee kinematics using electrodes and IMUs respectively[30,
10].

Prior studies on knee JAEs have effectively distinguished between healthy and injured
knees. However, there is still a lack of consensus on the steps of signal processing, types of
features, and classi cation methods used, and there are no gold standard metrics for quan-
tifying the characteristics of the JAEs. For feature extraction, some studies leveraged the
Fourier transform of JAEs [26] and time-frequency analysis [74, 82, 35] to directly extract
JAE features from the acoustic signal and engineered them based on cadaver models [46].
In contrast, wavelet decomposition was used in [65, 83]. In a distinct strategy, the acoustic
signal was initially converted into an image containing time and frequency information us-
ing a scalogram, and subsequently, a convolutional autoencoder was applied for additional

analysis in [79].

2.2.3 Challengesvith JAEs

As mentioned earlier, JAEs are in practice measured with portable devices and accelerom-
eter sensors which are prone to be contaminated by loose contacts, motion artifacts, hitting
around microphones/wires, and setup issues. Some of these artifacts were identi ed in pre-
vious works, and hardware modi cations, as well as signal processing steps, were proposed
to detect and improve the robustness of these algorithms [72, 63, 64]. The sensor attach-
ment should be standardized to reduce variance between sessions; therefore, recent works
investigated the sensor anatomical locations to enhance measurement consistency [71, 56].
Additionally, Robustness in data analysis has been achieved through the development of
algorithms aimed at quantifying JAE recording quality and artifact removal, which further

bolsters the reliability of machine learning models [72, 63, 64].
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CHAPTER 3
JAES FROM LOADED AND UNLOADED EXERCISES

The goal of the rst study is to compare JAEs in loaded and unloaded knees as digital
biomarkers for evaluating knee health status during treatment in patients with JIA. We
hypothesize that while JAEs recorded during unloaded exion/extension (FE) tasks for pa-
tients with JIA post-treatment closely matched healthy knees, JAEs recorded during loaded
more complex multi-joint weighted movements involving knee and hip FE (i.e., squats)
would still be signi cantly different from healthy controls. The rationale for this hypoth-
esis was that loaded movements would result in greater joint contact forces [78, 84, 85,
74, 43], and thus the frictional interaction of articulating surfaces within the knee would be
increased; any roughness in surfaces would thus result in different acoustic characteristics
during the movement. In this chapter, we studied and compared joint acoustical emissions
(JAESs) in loaded and unloaded knees as digital biomarkers for evaluating knee health status
during the course of treatment in patients with juvenile idiopathic arthritis (JIA).

In addition to addressing our scienti ¢ hypothesis, we believe that there is practi-
cal value in demonstrating that JAEs measured during squats can differentiate JIA from
healthy, and pre-treatment JIA from post-treatment: squats are commonly used in clinical
settings to study movement since they can be performed with minimal equipment, and they
include a sit-to-stand component with demonstrated clinical value [78, 47, 66, 26]. If JAEs
derived from squats hold merit for assessing knee health in JIA, then JAEs could ultimately
be extracted during routinely performed sit-to-stand exercises from patients at home and
during everyday settings with a wearable smart brace [30]. To further increase this poten-
tial for translating the approaches described here to the home, we developed and validated
a novel method for identifying and removing the signal artifacts to improve the robustness

of this sensing technique.
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Figure 3.1: Loaded and unloaded exercises to excite knee acoustic emissions.

3.1 Materials and Methods

3.1.1 HumanSubjectProtocolandSubjectDemographics

This study is approved by the Georgia Institute of Technology and the Emory University In-
stitutional Review Boards (#00081670), and it builds upon a prior work from our research
lab [19]. In this work, knee JAEs were acquired from 38 study participants including 20
subjects who were diagnosed with JIA by a pediatric rheumatologist and 18 healthy con-
trols with no history of JIA or acute knee injuries. All subjects had BMI in the normal range
and were able to ambulate without assistance. The group with JIA consists of 17 females
(13.2 2.1 years old, BMI 20.4 4.2 kg=n?) and 3 males (10.7 3.8 years old, BMI

17.4 2.0kg=n?), and the healthy control group consist of 15 females (1234years

old, BMI 20.8 2.8kg=n¥) and 3 males (13 4.6 years old, BMI 17.5 1.9kg=n?). To
measure longitudinal changes in the knee JAEs during the course of treatment, 10 subjects
with JIA had a follow-up recording, 3—6 months after initial measurements. The demo-
graphics and physical characteristics of the participants are presented in Table 3.1, which
shows a fairly balanced dataset among the two groups of healthy controls and patients with
JIA. Note that JIA is more common in females [86] and the demographics of this study
correspond with this distribution.

In this protocol, subjects were asked to perform ten repetitions of two exercises shown
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Table 3.1: Demographic Data of the Study Participants

JIA Healthy
# Subjects 20 18
# Females (% of group) 17 (85%) 15(83%)
# Males (% of group) 3(15%) 3(17%)

Age (mean £ , inyears) 129 25 125 32
Weight (mean % , in kg) 490 126 511 123
Height (mean+ ,incm) 1559 107 1585 169
BMI (mean = ,inkg=n?) 200 40 206 27

in Figure 3.1: loaded squats while bearing the body weight, and unloaded FEs while seated
on a height-adjustable stool without foot contact with the ground. Subjects performed each
exercise by following an instructional cartoon that encouraged a movement cycle to be
completed every four seconds through the full range of motion. The JAEs from each knee
were recorded by two uniaxial accelerometers (Series 3225F7, Dytran Instruments Inc.,
CA, USA) which were attached 2 cm medial and lateral to the distal patellar tendon of
each knee using double-sided adhesive pads (Rycote Microphone Windshields Ltd, Stroud,
Gloucestershire, GL5-1RN, UK). These accelerometers, acting as contact microphones,
have a wide bandwidth of 2Hz—-10kHz and a high sensitivity of 100mV/g. An iner-
tial measurement unit (IMU) (BNOO55, Adafruit Industries, NY, USA) was also attached
around the subjects' ankles to record the joint motion while subjects were performing the
exercises. Knee joint vibrations were sampled at 100 kHz via a data acquisition (DAQ) sys-
tem (NI USB-4432, National Instruments, TX, USA) and stored on a computer for further
signal processing in MATLAB (MATLAB, MathWorks, MA, USA).

3.1.2 SignalProcessingindFeatureExtraction

The signal processing pipeline of knee sounds in this work is depicted in Figure 3.2, where,
following pre-processing, the recorded signals from the contact microphones were divided

into movement cycles (4 seconds each) based on the IMU data. The pre-processing of
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these joint sounds comprised digital Itering with a Kaiser-window bandpass Iter (250 Hz
— 10kHz) to reduce the unwanted noise and interference. Then, each cycle was divided
into 200 ms frames with 3® overlap, where each frame was long enough to contain mul-
tiple JAE signatures. This window size was heuristically chosen to provide several frames
per movement cycle while maintaining the low-frequency content of the signal [19]. In
addition, a novel automated algorithm was developed to detect the artifacts and rubbing
noise associated with loose microphone contacts [87] and exclude them from the analysis

to increase the reliability and accuracy of results.

Table 3.2: List of Extracted Audio Features

Feature Sets Features Name

Temporal Energy, Zero-Crossing Rate, RMS Amplitude,
Entropy of Energy

Spectral Spectral Centroid, Spectral Spread, Spectral
-Entropy, Spectral Flux, Spectral Roll-Off,
Spectral Crest, Spectral Decrease, Spectral
-Flatness, Spectral Kurtosis, Spectral Slope,
Spectral Skewness, Fundamental Frequency,
Harmonic Ratio, Mean Frequency,
#12 Chromas#29 Band powers

MFCC #13 Mel-Frequency Cepstrum Coef cients

Table 3.2 shows the list of 72 features that were extracted from each frame. The ex-
tracted features were from three categories of tempédratf(,), spectral {5—fs5g), and
Mel-frequency cepstral coef cients (MFCCdH)sf—f 72), which de ne the overall shape of
the signal spectral envelope and are widely used in speech recognition and music informa-
tion retrieval. The rst category is temporal features which consist of the signal energy, zero
crossing rate (ZCR), RMS amplitude, and energy entrdpy-{4). The second category
is spectral features, which includes the spectral centroid, spectral spread, spectral entropy,
spectral ux, spectral roll-off, spectral crest, spectral decrease, spectral atness, spectral
kurtosis, spectral slope, spectral skewness, harmonic ratio, fundamental frequency, mean

frequency, 12 chroma features, and 29 bandpower features, which are the signal power in 29
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distinct log-scaled frequency range between 250 Hz — 10 Kktzf(s9). The third category

is Mel-frequency cepstral coef cients (MFCC9)§—f 72), which de ne the overall shape

of the signal spectral envelope and are widely used in speech recognition and music infor-
mation retrieval. A detailed description of these features can be found in [74, 33, 82, 19].
To summarize, each movement cycle (either FE or squat) was about 4 seconds, containing
approximately 40 frames, and each frame was processed to extract 72 features. Then, the
mean, median, and standard deviation of each feature for all frames of a movement cycle
were calculated and stored in the feature matrix, providing a total of 216 §y Zeatures

for each movement cycle.

Later on, these features were down-selected, and the classi er was trained to predict
the knee scores of healthy controls and subjects with JIA. In this dataset, the number of
available movement cycles was2700 since there are 2 datasets38 subjects 4 mi-
crophones 8 to 10 movement cycles per recording. For predicting the knee scores, the
classi er was trained with the cycles of all the held-in subjects (2 datasetS6 cycles

37 subjects), and the trained classi er was tested on the cycles of the held-out subject (2

datasets 36 cycles 1 subject).

3.1.3 Artifact Detection

Removing noise and artifacts is an essential step toward improving the accuracy and ro-
bustness of JAE recordings. A previous study showed that loose microphone contact can
introduce additional noise and artifacts to the recorded signals [87]. In some measurements,
we noticed that microphone contacts were loose for parts of the recording, and the recorded
signal had similar patterns to those of [87]. Therefore, we developed an automated algo-
rithm to identify and exclude these noisy regions affected by the artifacts. Applying this
algorithm to all knee sounds increased the robustness of our analysis against such artifacts
that are likely to corrupt measurements taken in daily life with wearable devices.

Figure 3.3(a) shows the waveforms of knee JAEs with highlighted rubbing artifacts, and
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Figure 3.3: a) waveforms of knee JAEs and detected windows with rubbing artifacts, b)
the spectrogram of the signal, in which the high power levels of the artifacts saturated the
color-bar rendering normal JAEs barely visible, and c) the two features, bandpower and
spectral roll-off, used to detect the artifacts.

Figure 3.3(b) presents the spectrogram of the signal which contains strong high-frequency
components during the occurrence of these artifacts. We analyzed the spectral and band-
power features and found the following two features were effective in artifact detection
when considered together: 1) band power in the range of 0.3—-10 kHz to measure the sig-
nal power, and 2) spectral roll-off to nd the frequency below whicl®6f the signal

energy is concentrated. Figure 3.3(c) shows these two features for the same recording. The
rubbing artifact detection algorithm designates a signal frame as an "artifact” when both
the bandpower and spectral roll-off values were above certain thresholds. The threshold
values were selected heuristically based on the signal acquisition system. Of importance,

this method of artifact detection is not necessarily the only applicable technique, but other
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audio features (e.g. MFCCs and spectral entropy) were also able to detect these high-power
and high-frequency frames, as those also quantify the spectral power distribution.

The artifact detection algorithm was used for the un ltered data, which was divided
into 200 ms frames with 50 % overlap. Then, the features of the frames contaminated with
artifacts were removed from the feature matrix before calculating the mean, median, and
standard deviation of each feature for frames of a movement cycle. This increased the

reliability of our analysis by relying on the features of denoised frames.

3.1.4 ForwardFeatureSelection

Down-selecting the number of features is an important step in reducing model complex-
ity, the computational load, and the possibility of over tting [88]. Feature selection is an
iterative process performed on a particular classi er and dataset to improve one or several
of the classi er parameters, such as validation accuracy and area under the curve (AUC).
Forward feature selection (FFS) and backward feature selection (BFS) are two of the most
commonly used algorithms in practice, where FFS begins with an empty set of features
and in each iteration adds the feature that best improves the desired metric [89]. On the
other hand, BFS begins with a model with all features, and it removes the feature with-
out which the model has the highest performance [90]. In this work, FFS was used as it
is computationally less expensive and, during this process, the classi er performance was
evaluated with leave-one-subject-out cross-validation (LOSO-CV). In the FFS process, the
validation accuracy generally tends to increase until it reaches the optimum set of features,
and then, the performance starts to drop as more features were added to the model which
indicates over tting. Therefore, feature selection not only helps with reducing the number
of features in the model while maximizing the performance but also decreases the chance
of over tting which makes the model more generalizable.

In this work, the knee sound features for squat and FE exercises could be combined

or analyzed separately. The goal of this analysis was to compare the JAEs of the squat
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exercise with those of the FE exercise. Thus, to be consistent with squat and FE knee
scores, a single classi er had to predict the scores for both exercise recordings, which
means that the training and testing datasets should include both squat and FE knee sounds
to make a fair comparison. However, the testing accuracy can be calculated separately for
each movement. Nevertheless, the goal of feature down-selection was to nd the features
that maximized the difference between healthy controls and subjects with JIA. Squat and
FE knee sounds can have similar or different characteristics and feature values. Thus, if the
features were down-selected only based on the squat dataset or the FE dataset, those two
feature sets would not necessarily be the same. We studied this issue more carefully, where
the feature down-selection was performed based on 1) only the squat dataset, 2) only the
FE dataset, or 3) a combined dataset of both squat and FE recordings.

Figure 3.4(a) shows a conceptual diagram indicating that squat and FE knee sounds
can have similar or different characteristics and feature values. Thus, if the features were
down-selected only based on the squat dataset or the FE dataset, those two feature sets
would not necessarily be the same. We studied this issue more carefully, where the feature
down-selection was performed based on 1) only the squat dataset, 2) only the FE dataset, or
3) a combined dataset of both squat and FE recordings. To elaborate more on this, feature
selection based on only squat or FE data maximized the difference between the scores of
healthy controls and subjects with JIA of that speci ¢ dataset. Whereas, in a combined
dataset, the classi er tried to assign a score of 0 for both healthy groups (FE and squat) and
a score of 1 for both groups with JIA, resulting in similar scores for all healthy and patient
subjects of both exercises. Analyzing these three different feature sets would pronounce
the important features for the squat dataset, FE dataset, or the common features between

the two [see Figs.Figure 3.4(b—d)].
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Figure 3.4: Feature selection criteria. a) conceptual diagram illustrating the similarities and
differences of JAEs of squat versus FE for healthy and JIA groups. Feature selection based
on only squat dataset (b), combined squat and FE datasets (c), and only FE dataset (d).

3.1.5 Classi er TrainingandCross-Validation

A supervised learning method was used to assign health scores to knee JAEs based on
the down-selected features. The feature matrixMasows of movement cycles and

columns of features. These features were standardized to have zero mean and unity stan-
dard deviation for each feature, and then they were imported to a soft classi er with corre-
sponding knee sound labels (0 for healthy and 1 for arthritis). A binary logistic regression

classi er was trained with these features. which has a mathematical model formulated as

eo+ 1X1+ i+ N XN

y= ; (3.1)

1+ eot 1Xatili+ NXN

wherex; Xo; ::5; Xy are the selected features,; 1;:::; n are the classi er coef cients,
andy is the classi er output [91]. This logistic regression classi er converts the knee sound

features to a probability score between 0 and 1 using the logistic sigmoid function in a way
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that it can best t a relationship between the labels and the given features [92, 93, 91]. Ac-
cordingly, the classi er assigned a knee health score for each movement cycle, which was
the estimated probability that a given knee sound belonged to an involved knee with JIA.
Thus, a score of zero indicated a healthy subject and a score of one was a subject with JIA.
As a result, the calculated knee health score was expected to be higher for subjects with JIA
compared to healthy controls, and a threshold was required to classify the predicted prob-
abilities into the two classes. The threshold was set to a default score of 0.5 as a starting
point and then adjusted through an optimization process to nd the optimum threshold for
the best performance. Thus, any knee sound with scores less than the threshold were con-
sidered healthy cases and the ones with scores greater than the threshold were considered
as cases with JIA.

In practice, the knee health scores of all movement cycle8q cycles) for a subject
were averaged rst, and then the subject was classi ed to minimize the effects of noise.

To evaluate the classi er performance, accuracy is a reliable metric when the dataset is
fairly balanced, and the problem requires binary classi cation. In this work, the accuracy
was measured by LOSO-CV, in which the classi er was trained with the data of all sub-
jects except one, and then the scores for the movement cycles of that held-out subject were
predicted and compared with its ground truth labels. This process was repeated for all sub-
jects, and the overall validation accuracy was calculated for the classi er. The calculated
labels of the movement cycles were compared with the ground truth to compute the cycle-
wise validation accuracy. Additionally, the predicted scores of a subject's movement cycles
were averaged and compared with the ground truth to calculate a subject-wise validation
accuracy, which usually has a higher value than the associated cycle-wise accuracy and is
more robust against noise.

In addition, the predicted scores of a subject's movement cycles were averaged and
compared with the ground truth to calculate a subject-wise validation accuracy, which usu-

ally has a higher value than the associated cycle-wise accuracy and is more robust against
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noise.

There were a few important details in the classi er cross-validation process that were
considered: 1) When standardizing the features before each training step, the mean and
standard deviation were calculated based on only the training dataset (data from held-in
subjects excluding the testing subject) to make sure the testing data does not affect the
classi er training, then the testing data was standardized with the calculated training mean
and standard-deviation values. 2) The follow-up recordings of the subjects with JIA were
excludedin the training process to ensure that these follow-up data were solely used for
testing the algorithm. We hypothesized that the predicted scores of the follow-up recordings

should decrease with a successful treatment.

3.1.6 FeaturdmportanceRanking

A logistic regression classi er was trained based on the knee sound features to predict the
probability of JIA, where the classi er was modeled by a logistic sigmoid function. The
coef cients of this classi er, denoted as; 1;:::; n in (Equation 3.1), were estimated
using the Maximum Likelihood Method [93, 91], and the coef cients explain the size and
direction of the relationship between each feature variable and the predicted score. Since
the feature variables were standardized to have zero mean and unity standard deviation, the
most important features were the ones with the largest coef cient magnitudes. Thus, the
importance of the features can be found by sorting the absolute value of the coef cients in
descending order, and the most important features were the ones with the highest absolute
values. Note that formal model validation with testing data was not needed in this case, as
our goal was not to generalize the model, and the relative importance of features is subject

to change with the subset of feature variables included in the classi er.
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3.2 Results and Discussion

3.2.1 Artifact Detection

In subsection 3.1.3, we discussed a novel algorithm to detect and exclude the high-power
and high-frequency artifact frames using the two features of bandpower in the range of
0.3—-10kHz, and spectral roll-off. Removing the artifacts reduced the corruption due to
rubbing noise and improved signal quality. A median of 6 —8% of the cycle duration was
removed by the artifact detection algorithm and that was similar between the FE and Squat
datasets. On a small portion of the recorded cycles (4% of the datasets), more than 50%
of the cycle duration was detected to be affected by the artifacts, and in those extremely
contaminated cases, we removed the whole cycle. Figure 3.5 illustrates the kernel den-
sity distributions before and after artifact removal for features such as bandpower9 mean
(0.69-0.78 kHz), spectral atness median, and spectral kurtosis mean. In these plots, the
light and dark density plots correspond to healthy controls and subjects with JIA, respec-
tively, where the differences between the joint sounds of the two groups were heightened
after artifact removal. Other features, such as MFCC1 and spectral entropy, were also
able to detect the contaminated frames by the artifacts, as those were also quantifying the
spectral power distribution and signal energy. Excluding these contaminated frames from
data before calculating the mean, median, and standard deviation of frame features for each
movement cycle, increased the robustness to the measurement condition and environmental
factors. Thus, the classi er was trained based on the features of uncorrupted frames, which

led to 8% improvement in the classi er accuracy.

3.2.2 ForwardFeatureSelection

The FFS algorithm was run on all three mentioned cases with the goal of maximizing
classi er AUC, which provides an aggregate measure of performance across all possible

classi cation thresholds. By comparing the classi er parameters as a function of number
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Figure 3.5: Kernel density distributions of three sample features before and after ar-
tifact removal: bandpower 9 mean (0.69-0.78 kHz), spectral atness median, and spec-
tral kurtosis mean. The distinction between healthy and JIA group is improved after artifact

removal.

Figure 3.6: Cycle-wise ROC curves with marked optimum thresholds of all the models,
when features were selected based on a) only the Squat dataset(A89®.87 and
AUCge= 0.83), b) the Squat + FE datasets (Atdta= 0.89 and AUGe= 0.84), and c)
only the FE dataset (AU&ua= 0.86 and AUGe = 0.83).
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of features, these trends were observed: When the classi er was trained with only a few
features (5-10), the AUC and validation accuracy were still low, but both tended to in-
crease as the number of features increased. With a moderate number of features (20 —50),
the AUC and validation accuracy improved and saturated, and both eventually dropped
with the introduction of more features, which was an indication of the model over tting.
After comparing these results, the number of features was reduced from 216 to 44 for all

three cases, where the classi ers had a relatively high performance.

Table 3.3: Summary of the classi ers' performance

FFS Based FFSBased FFS Based
on Squat on Squat+ FE onFE

Shj. AUC (Squat) 0.91 0.92 0.93
Shj. AUC (FE) 0.93 0.89 0.93
Cyc. AUC (Squat) 0.87 0.89 0.86
Cyc. AUC (FE) 0.83 0.84 0.83
Shj. Val. Acc. (Squat) 88.2% 92.2% 88.2%
Sbj. Val. Acc. (FE) 89.5% 92.1% 89.5%
Cyc. Val. Acc. (Squat) 80.1% 84.3% 80.0%
Cyc. Val. Acc. (FE) 76.5% 82.3% 78.0%
Cyc. Train Acc. 83.5% 86.7% 83.6%
Opt. Threshold (Squat) 0.57 0.75 0.65
Opt. Threshold (FE) 0.45 0.61 0.46

Table 3.3 summarizes the performance of classi ers, where the subject-wise AUC val-
ues were between 0.89-0.93, and subject-wise validation accuracy values were in the
88-92% range. As mentioned earlier, the subject-wise performance was expected to be
better than cycle-wise accuracy as it was averaged across all movement cycles of each sub-
ject. The cycle-wise AUC was in the 0.83-0.89 range, and the cycle-wise validation ac-
curacy was between 76 —84%. The optimum thresholds of the classi ers were determined
based on the optimal point of the receiver operating characteristics (ROC) as described in

[94]. Figure 3.6 illustrates the ROC curves and the optimum thresholds of all three models
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for FE and Squat groups. Of importance, several features were common across these three
cases and the classi er accuracy was not very sensitive to the exact number of features.
Thus, adjusting the number of features changed the accuracy by a few percent as long as
the number of features was in a close range.

Note that with this FFS algorithm, the selected features are not totally uncorrelated, and
the Pearson's cross-correlation coef cients between the features in the same model were
0.37 0.29,0.33 0.23,0.31 0.24 for the feature selection based on Squat, FE, and

combined datasets, respectively.

3.2.3 PredictedKneeHealthScores

Figure 3.7 (a—c) shows the resulting scores for three sets of features explained in subsec-
tion 3.2.2, where the box plots and violin plots of squats (in blue) and FEs (in purple) were
shown separately for pre- and post-treatment subjects with JIA, as well as healthy subjects.
In these plots, a score of 0 corresponds to a healthy subject, and a score of 1 corresponds to
a subject with JIA; the score of each subject was calculated through averaging all the move-
ment cycle scores of that subject, and a summary is reported in Table 3.4. Based on the
statistical summary reported in Table 3.4, with features selected based on the squat dataset,
the pre-treatment JIA knee scores reduced from 0.889 and 0.80 0.12to 0.50 0.09

and 0.37 0.11 after 3—6 months of treatment, for squat and FE exercises respectively.
The knee scores of the healthy group were 0.2415 and 0.21 0.15, for squat and FE
exercises respectively. Similarly, with FFS based on FE dataset, the pre-treatment JIA knee
scores reduced from 0.810.16 and 0.77 0.14t00.51 0.11 and 0.40 0.09 after treat-

ment, respectively. The healthy knee scores for squat and FE exercises wereDQlZ3

and 0.17 0.15, respectively. Finally, when the FFS was performed based on the combined
dataset, the pre-treatment JIA knee scores decreased from 0.97 and 0.87 0.11 to

0.40 0.12 and 0.35 0.08 after treatment, for squat and FE exercises respectively. Fur-

thermore, the healthy knee scores were 0.2419 and 0.18 0.15, for squat and FE ex-
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Table 3.4: Summary of Knee Health Scores

FFS Based FFS Based FFS Based
on Squat on Squat+FE onFE

JIA-Pre (Squat) 0.86 0.09 0.91 0.07 0.81 0.16
JIA-Pre (FE) 0.80 0.12 0.87 0.11 0.77 0.14
JIA-Post (Squat) 0.500.09 0.40 0.12 0.51 0.11
JIA-Post (FE)  0.37 0.11 0.35 0.08 0.40 0.09
Healhty (Squat) 0.24 0.15 0.24 0.19 0.23 0.17
Healthy (FE) 0.21 0.15 0.18 0.15 0.17 0.15

ercises respectively.

Based on the results presented in Figure 3.7, the following points are concluded: 1)
The post-treatment scores were always lower than the pre-treatment scores, con rming the
clinical records of successful treatment; 2) The squat knee scores were higher on average
compared to FE knee scores for all groups in all three feature settings. Similarly, the
optimum threshold levels of the classi ers for squat recordings were higher than those of
the FE recordings. This implies that the effects of loading on the joint sounds are more
pronounced in patients with JIA; 3) The difference between the post-treatment squat and
FE scores was statistically signi cant €0.05 using two-sample Kolmogorov —Smirnov
test) when the FFS was performed on either the squat or the FE dataset (Figure 3.7 (a) and
Figure 3.7 (c)), as the features were selected to maximize the separability of healthy and
patient groups; and 4) The difference between post-treatment squat and FE scores was not
statistically signi cant (p 0.05 using two sample Kolmogorov—Smirnov test) when the
FFS was performed on the combined dataset (Figure 3.7 (b)), as the features were selected
in a way to assign similar knee scores to both squat and FE exercises.

Feature importance was analyzed based on the feature coef cients of trained classi-
ers, o, 1;::5; n~ in (Equation 3.1). The top 15 features in each case were shown on
Figure 3.7 (d—f), and it is interesting to see that these features consist of several types of

temporal, spectral, and MFCC features, which represents the necessity of a diverse feature

29



set for a JIA versus healthy classi cation task. Some of these top features were com-
mon among the three cases; for instance, spectral crest and MFCC 10 were among the
top four features and the top seven features in all three settings, respectively. Note that
these time-frequency features are to some extent correlated with each other and the feature
rankings are highly dependent on the dataset, trained models, and the selected features in
each model. In addition, it was interesting to see that our most important features were
consistent with some of the previously reported features: ZCR, spectral spread, MFCC10,
MFCC13, energy, spectral crest, and spectral entropy were common with [61] and [19].

The knee health scores evaluated based on the features selected from a combined dataset
show that machine-learning algorithms are capable of processing the knee JAEs regardless
of the movement type and still providing a similar knee score. The optimum thresholds
reported in Table 3.3 were chosen based on the classi ers' ROC to improve their perfor-
mance. However, the performance of the classi ers was also calculated with a default
threshold of 0.5, and the subject-wise validation accuracies only degraded by less than
5%, which shows that the classi ers were robust and not sensitive to the small changes in
threshold levels.

The scores of healthy subjects between squat and FE were expected to be similar as
shown in Figure 3.7 (a—c), since healthy joints for kids have intact cartilage and minimal
damage / wear-and-tear, and thus the loading of the joint, effecting how “hard” the internal
surfaces were rubbed, does not substantially impact the JAEs produced. In subjects with
JIA, treatment reduces synovitis quickly, but if the synovial thickness was still greater
than a healthy joint, and/or if there is any damage to cartilage—even if minimal—then
there could still be some residual "roughness” of the articulating surfaces. This roughness
may be too small to make any change in the JAEs in the unloaded FE state, but when the
knees were under the pressure of the body load, that small amount of increased roughness
can introduce more friction into the movement and concomitant changes in JAEs. This

explanation supports the higher squat scores than the FE scores in all three feature selection
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cases. Although a detailed analysis of the joint force can further reveal the loading effect,
due to limitations of collecting the data in a clinical environment and especially on children,
this analysis only relied on the loading change from an unloaded suspended knee while
doing the FE to the loaded knee of squats, and the anatomical information and kinematics
data of the subjects were not collected due to the large number of sensors needed.

The clinical diagnosis of JIA is typically a diagnosis of exclusion, meaning that to reach
the diagnosis doctors must rst rule out a variety of other in ammatory and infectious eti-
ologies, most notably septic/reactive arthritis and musculoskeletal injuries. There are no
lab tests that are speci ¢ for JIA and instead, a diagnosis is formed based on a constella-
tion of non-speci ¢ in ammatory markers, patient history, and physical exam. The gold
standard of diagnosis is a trained physician's exam, which is what our algorithm has been
compared against. Furthermore, imaging (X-rays or MRI) is not the standard method for
diagnosis and if it shows pathology like generic in ammatory changes, they are still not
speci ¢ for JIA. No technique exists currently for non-invasively diagnosing JIA - accord-
ingly, the authors believe that the methodology presented here may have an impact in the

management and care of persons with suspected JIA.

3.3 Conclusion

In this study, we investigated knee JAEs from both unloaded and loaded exercises in a pe-
diatric population with JIA. JAEs from both load states can differentiate between healthy
and arthritic joints and could thus be used as part of a diagnostic plan. However, diagnosis
is only a small part of the potential application of this sensing modality. As discussed in
section 1.2, there is a gap in the care of JIA management at least partially related to the
shortage of pediatric rheumatologists. JAE sensing provides a novel type of non-invasive
monitoring of joint health which could help bridge that gap. If JAEs are capable of eluci-
dating longitudinal changes of JIA in relation to exacerbations or therapies, then treatment

could be better personalized and titrated for each child. To that end, changes in JAEs fol-
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lowing successful therapy were analyzed in this work.

It had previously been shown that unloaded JAEs after successful treatment were sim-
ilar to healthy JAEs [19]. In this study, we found that in the loaded case, JAEs similarly
trended toward healthy JAEs, but they did not reach the knee score levels seen in the un-
loaded state. This suggests that by loading the joint, JAES were more sensitive to persistent
changes in the micro-architecture of the articulating joint. These joints after treatment
were qualitatively healthy but may have had latent changes related to the preceding period
of in ammation and degradation. To further understand this difference in trend between
unloaded and loaded JAEs following treatment, in the future, a larger population with a
more comprehensive joint work-up and more time points should be recorded and recruited.
We believe that with a larger population recorded longitudinally, the full capabilities of
JAE analysis will be better understood. To gain a deeper understanding of how the loading
effect impacts the knees, it may be bene cial to analyze biomechanical signals with JAEs.
This analysis can help to determine whether JAEs are attributed to biomechanics. This

topic is discussed in more detail in the next chapter.

3.4 Contribution

The following contribution is discussed in this chapter: We demonstrated for the rst time
that loaded exercises can better detect subtle differences between healthy controls and post-
treatment patients with JIA compared to unloaded exercises, which improves the ability to
classify healthy controls and subjects with JIA and to better personalize treatment. JAES
were compared in loaded and unloaded knees as digital biomarkers for evaluating knee
health status during the course of treatment in patients with JIA. After signal processing
and classi er training, the predicted post-treatment knee health scores were lower than
pre-treatment scores, agreeing with the clinical records of successful treatment. Regarding
loaded versus unloaded knee scores, the squats achieved a higher score on average com-

pared to FEs. In subjects with JIA, the scores of squats were higher than the scores of
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FEs, revealing that these two exercises contain different, possibly clinically relevant, infor-
mation that could be used to further improve this novel assessment modality in JIA. This
work was presented at American Society of Biomechanics Annual Meeting, 2020 [1], and
published in IEEE Journal of Biomedical and Health Informatics, 2021 [2]. Two extended
studies from this work were also presented in Annual Pediatric Research Meeting, 2021
[3], and American Collage of Rheumatology (ACR Convergence Meeting), 2022 [4], and
published in Pediatric Rheumatology, 2023 [5].
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CHAPTER 4
TRIBOLOGICAL ORIGINS OF KNEE JAES

In Chapter 3, we learned that loaded exercises are more effective at detecting subtle differ-
ences in JAEs compared to unloaded exercises. To further analyze the impact of loading,
this work focuses on exploring the relationship between JAEs and knee tribology at differ-
ent angles and loading conditions. As introduced in subsection 2.1.1, while knee articu-
lating surfaces move and generate JAES, they experience different lubrications such as BL
mode with solid-on-solid contact of articulating surfaces or HL mode with a lubrication
Im formed between them.

From a tribological perspective, the relationship between lubrication and friction coef-
cient can be visualized on a Stribeck curve (as shown in Figure 2.1) [41]. The Stribeck
curve'sx-axis Sommerfeld parameteés directly proportional to sliding velocity and lubri-
cant viscosity, and inversely proportional to joint load; hence a low Sommerfeld parameter
corresponds to a high friction coef cieny{axis) and vice versa. As rheological properties
of synovial uid were unavailable and lubricant viscosity undergoes only minor changes
in healthy joints [42, 38], a modi ed version of the Sommerfeld parameter was used in
this study. This parameter is call&gbrication coef cient and it is equal to the knee an-
gular velocity divided by the knee joint load. The force experienced at knee articulating
surfaces, known as joint load or joint contact force (JCF), cannot be measured directly
through non-invasive methods. The current standard method for estimating JCF is through
musculoskeletal modeling [43, 44].

In this chapter, we established a quanti ed correlation between knee JAEs and lubrica-
tion coef cient for the rst time, and that is evaluated for a routine clinical exercise such
as squats. Demonstrating a high correlation between them shows that JAEs can include

important information on knee tribology, which may help to establish a causal relationship
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between JAEs and degenerative diseases in vibroarthrography. This study helps to improve

the mechanistic understanding of the tribological origins of JAEs.

4.1 Materials and Methods

4.1.1 DemographicsSetupDescriptionandDataCollection

Ten healthy able-bodied subjects (10 male, age: 23 + 2.9 years, height: 174.6 £+ 4.9 cm,
weight: 70.8 £ 10.4 kg) participated in this study under the approval from the Georgia
Institute of Technology Institutional Review Board. Subjects with no history of major knee
injury or surgery were able to participate in the study.

Each subject was instrumented with 20 re ective body motion capture markers to pro-
vide full 3D kinematics of the subject's lower limbs based on the Plug-In Gait lower body
model [95]. Motion capture system at a sampling rate of 200 Hz (Vicon Motion Systems,
Denver, CO, USA) was used to capture the motion trajectory. The ground reaction forces
(GRF) and center of pressure on each leg were captured using a force plate (Bertec, Colum-
bus, OH, USA) with a sampling rate of 1 kHz. Seven electromyography (EMG) sensors
(Trigno Wireless EMG, Delsys, Natick, MA) were placed on key muscles targeted dur-
ing squat exercises on the non-dominant leg (often left leg). These include rectus femoris,
vastus lateralis, vastus medialis, biceps femoris, semitendinosus, and medial and lateral
gastrocnemius [96]. The placement of these sensors is shown in Figure 4.1.

Two of the same contact microphones or accelerometers were attached to the left knee
of the subjects as described in subsection 3.1.1 as these locations have been favored in
previous studies for optimal contact area and mitigating the effect of soft tissue, muscle,
and fat [46]. The same DAQ system mentioned in subsection 3.1.1 was used to capture
these acoustic signals with a sampling rate of 25 kHz, and those were processed through
MATLAB. The study subjects were asked to perform 10 cycles of squats for two different
conditions. The normal condition was de ned as a two-leg squat with the foot stance of

shoulder width, and the loaded condition was de ned as a one-leg squat. The pace of the

35



Figure 4.1: Location of sensors in the experience setup.

squat was controlled to be 4 seconds per cycle with a metronome to reduce the effect of

speed on acoustic emissions.

4.1.2 InverseDynamicAnalysis

The motion capture trajectory data, GRF, and EMG signals were Itered and processed
with the MATLAB MotoNMS toolbox [97]. OpenSim software was used to perform the
standard inverse kinematics and inverse dynamics analyses and calculate JCF [98, 99]. A
custom musculoskeletal model (MSKM) designed by Catelli et. al. was used as this model
allowed a larger lower-limb range of motion for deep exion exercises such as squats.
[100]. The musculoskeletal model was scaled to each subject's anthropometry based on
the static trial. Muscle forces were computed using the Calibrated EMG-Informed Nuero-
musculoskeletal Modelling Toolbox (CEINMS) [101] which employs EMG-assisted algo-
rithms to adjust excitation from the experimental EMG signals and synthesize rest that were
not experimentally collected. JCF was then estimated using the muscle forces along with
joint moments calculated from the joint reaction analysis. The resultant forces were seg-

mented for each squat cycle and normalized to each subject's body weight (BW). The axial
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knee JCF and knee angular velocity were then used to compute the lubrication coef cient.

4.1.3 PreprocessingointSoundsandFeatureExtraction

The recorded JAE signals from the contact microphones were divided into movement cy-
cles (4 seconds each) based on the kinematic markers. The high-frequency noise was re-
duced by wavelet denoising with four levels of decomposition. The wavelet lter type was
determined based on the minimum description length (MDL) criterion explained in [102].
Based on the MDL criterion, we found that the biorthogonal 6.8 (bior 6.8) wavelet lIter
requires the least number of coef cients to describe the JAE signals, which means that it
best matches the signals of this dataset. A Kaiser-window bandpass Iter (250 Hz — 10 kHz)
was used to further limit and reduce the unwanted noise and interference, as described in
subsection 3.1.2. Then, the recorded signals of each movement was divided into short-time,
50 ms, windows with an overlap of 80% between the successive windows. These heuristi-
cally chosen 50 ms JAE frames can be assumed as stationary signals [35] with only a few
JAE signatures in them.

From these preprocessed windows, 64 audio features including temporal, spectral, Gam-
matone cepstral coef cients (GTCC) features were extracted. Temporal features consist
of all the previously mentioned features from the rst category (Table 3.2), plus max-to-
min amplitude, and ve custom-designed distribution featufgs- 10). Distribution fea-
tures were de ned based on the number of samples binned into the normalized ranges of
[0-0.25 ],[0-0.5 ],[0-1 ],[1 -2 ],and[2 -3 ]. Finally, Spectral features in-
clude spectral centroid, spectral crest, spectral decrease, spectral entropy, spectral atness,
spectral kurtosis, spectral roll-off, spectral skewness, spectral slope, spectral spread, har-
monic ratios, fundamental frequency, mean frequency, 15 band power features (log-scaled
frequency range between 250 Hz—-10kHz), and 12 chroma featuresf¢,). The 13
GTCC features, modi ed from MFCC features, use Gammatone (GT) lIters in computing

the spectral envelope shape which are adapted for non-speech audio classi cation purposes
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(fso—fe4) [103]. All of these audio features except GTCCs and distribution have been used

in previous works describing JAE signals [2, 46, 74, 33, 82].

4.1.4 MachinelLearning

The goal of this step was to train a classi er that predicts the lubrication modes of knee fric-
tions. Figure 4.2 shows the signal processing and machine learning pipeline implemented
in this study. After preprocessing and feature extraction of JAE signals, the feature matrix
along with the synchronous lubrication coef cients were used to determine ground-truth
labels of all joint sound events (1 for BL and O for HL). Then, a soft classi er was trained
on two-leg squat events to estimate the probability of being attributed to the BL lubrication
mode. A leave-one-subject-out cross-validation (LOSO-CV) loop was used for hyperpa-
rameter tuning and performance validation. Then, this trained classi er was used to predict
the lubrication mode of one-leg squat events. The classi er performance can be evaluated
by comparing the true labels and predicted labels of one-leg squat events (points B and C
on the pipeline in Figure 4.2).

Note that the biomechanics data of only two-leg squats were used in the BL/HL label
assignment, and the true labels of one-leg squat events were determined based on their
similarity to two-leg squat events (i.e. the squared Euclidean distance in the feature space).
To evaluate whether JAE events are attributed to the tribological origins, the lubrication
coef cients of one-leg squats can be directly compared against the predicted joint sound
labels/scores (points A and C on the pipeline in Figure 4.2). Note that the lubrication co-
ef cients of one-leg squats were not used in the label assignment process and the classi er
has never seen them. The results of this comparison are presented in subsection 4.2.4.

As a side note, we chose to use the two-leg squats data for classi er training because
the total knee load in this case was determined based on body weight; whereas in one-leg
squats, the subjects were asked to lean on the non-dominant leg while keeping the other

leg on oor for balancing purposes. However, in practice, subjects tend to partially lean
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Figure 4.2: Signal processing and machine learning pipeline. Kinematics, GRF, and EMG
signals were processed with standard inverse dynamic analysis and lubrication coef cient
was calculated separately for two-leg and one-leg squats. Besides, JAEs were preprocessed,
and windowed and features were extracted. The lubrication coef cients and JAE features of
two-leg squats were used to assign BL/HL labels for both two-leg and one-leg windows and
then train a classi er that discriminates the knee lubrication modes only based on JAE fea-
tures. Then, the classi er was used to predict the label of one-leg squat JAE windows. The
classi er performance was evaluated by comparing the true and predicted labels (points B
and C). Also, the lubrication coef cients of one-leg squats were directly compared against
the predicted joint sound scores (points A and C).
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on both legs, which introduced uncertainties in the body weight distribution. For instance,
some subjects had doubled the JCF in one-leg (compared to two-leg squats) by completely

leaning on one leg, while others had the JCF increased by only 20%.

4.1.5 BL/HL LabelAssignment

The lubrication modes of a knee were introduced in section 2.1. In this study, the syn-
chronously recorded biomechanical data was used to determine the lubrication modes
(BL/HL) of knee frictions. Based on the Stibeck curve shown on Figure 2.1, ideally, all
events occurring at low lubrication coef cients should be labeled as BL, and those occur-
ring at high values should be labeled as HL. In this ideal case, articulating surfaces would
completely rub against each other during the BL phase and glide easily with no direct sur-
face contact at the HL phase. If the knee had a simple structure, the BL and HL events
would have happened in distinct phases of the squat movement cycle. Thus, a simple
threshold on the lubrication coef cient could potentially differentiate BL and HL events.
However, the knee has a complex structure, and parts of articulating surfaces can be in close
contact even at the hydrodynamic lubrication phase [37]. In addition, the transition from
one phase to the other one is gradual and continuous; Thus, BL and HL events may hap-
pen simultaneously at different parts of the knee in all the phases but with various density
distributions. As a result, a simple threshold may poorly classify the BL and HL events.

We hypothesize that events with very similar audio signatures are likely to be generated
from the same friction source, and the label assignment algorithm can be improved by
accounting for the similarities between JAE events. So, instead of evaluating the label
of each JAE event individually, we group JAE events with similar features and determine
the label of each group separately. Intuitively speaking, we would like to cluster the data,
calculate the median lubrication coef cient for each cluster, and then label them based on a
threshold. Figure 4.3 illustrated this label assignment process where labels were determined

based on both JAE features and associated lubrication coef cients.
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Unsupervised clustering of JAE events

The JAE feature tables of one-leg and two-leg squats were combined, having a total of
about 85,000 JAE windows with 64 features. This combined dataset was divided into
smaller groups of JAEs by over-clustering so that each cluster could be assigned with the
same BL/HL label. Since the recordings were windowed with a high overlap ratio of 80%,

it is not expected to observe distinct clusters. Nevertheless, we would like to increase the
number of clusters to make sure the events of each cluster include very similar signatures.
Therefore, the number of clusters was set to be higher than the optimal number of clusters
determined by a density-based clustering algorithm. At the same time, if we divide the
dataset into an unreasonably large number of clusters, the size of each cluster shrinks, and
the output labels would approach those of the individual event labeling output. This issue

is further investigated in subsection 4.2.5.

Assigning labels to each cluster

The label of each cluster was determined by comparing the lubrication coef cient distribu-
tion of JAE events in each cluster against a threshold. For instance, if most of the events
in a cluster were happening at a low lubrication coef cient, the events of that cluster were
all labeled as BL. This threshold can be set on the median (or a certain percentile) of the
lubrication coef cients in each cluster.

Note that the JAE events of both one-leg and two-leg squats were divided into smaller
clusters. However, only the lubrication coef cients of two-leg squats were used to calculate
the median value and compare that against a threshold. The JAE events of one-leg squats
in each cluster were assigned with the same label as two-leg squat events of that cluster,

which had similar feature values.
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4.2 Results and Discussion

4.2.1 InverseDynamicAnalysisandEstimateKinetics

Knee angle (Q °) and velocity (U °/s) were calculated through the synchronous knee kine-
matics captured from the motion markers. The knee exion angle for the squat exercise
has some inter-subject variability ranging from 0° in standing mode to up to about 140° in
deep squat and back to 0° after a full squat cycle. Figure 4.4 (a) shows knee angle in a
sample squat cycle. The knee angular velocity is the rst derivation of the knee angle, in-
creasing halfway in the eccentric contraction and decreasing to 0 (°/s) at full exion. After
a natural pause at deep squat, the angular velocity increases in the opposite direction and
then decreases in absolute value till reaching zero again at full extension or standing mode.
Although metronome was used to control the speed of the squatting, some subjects per-
formed the exercise at slightly higher speeds. The angular velocity for all subjects were in
a similar range and it varied between -200 °/s to +200 °/s. A sample knee angular velocity
is shown in Figure 4.4 (b). JCF was estimated based on the standard inverse dynamic anal-
ysis and processing kinematics, GRF, and EMG signals. An estimated sample axial JCF
(in N) is shown on Figure 4.4 (c). Note that although the average pace for each movement
cycle is 4 seconds, the associated velocities with each 50ms JAE are not the same (see
Figure 4.4 (b)). As a result, two JAE windows with a similar joint loading but different
velocities may belong to different lubrication modes (e.g., t = 2 sec and t= 3.2 sec in Fig-
ure 4.4 (c)) and the classi er should differentiate them. If this exercise is performed at a
lower average speed, it will contribute to a lower Sommerfeld parameter, and it is expected
to result in a wider BL phase.

The lubrication coef cient is computed by dividing the synchronous knee angular ve-
locity to the estimated JCF, and the result is shown in Figure 4.4 (d). Since the JCF has a
higher value around full exion, the lubrication coef cient has a lower value in this phase.

Similarly, the velocity was around zero at the start and end of the movement cycle as well
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Figure 4.4. Biomechanical parameters for a sample movement cycle. a) Knee angle (Q)
and b) angular velocity (U) were collected based on the motion capture system. c) Joint
contact force (JCF) was estimated based on the inverse dynamic models. d) Lubrication
coef cient was calculated as the absolute ratio of angular velocity over JCF. Note that JCF

maximized at full exion (halfway in the cycle).
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as full exion. Therefore, the lubrication coef cient is also very small at these phases.
A threshold of 0.03 is set on the lubrication coef cient in Figure 4.4, and in an ideal
case with distinct BL and HL lubrication phases, this threshold can separate the lubrication
modes, presented with orange (BL) and blue (HL) shades. In reality, the density distribu-
tions of BL and HL modes overlap, but we expect to observe a similar trend with a higher
density of BL events around the full exion and a higher density of HL events around the
full extension.

To the best of our knowledge, the results from the CEINMS can be validated by com-
paring experimental muscle excitations from EMG and muscle excitations calculated using
the CEINMS and static optimization modes, and they indicate that output from CEINMS

had both higher R2 and lower RMSE for each muscle.

4.2.2 Distributionof BL/HL EventsacrosBiomechanics

JAE events of two-leg and one-leg squats were over-clustered into 100 clusters with a k-
means algorithm and based on the squared Euclidean distance in the feature space. The
number of clusters was set to be greater than the optimal number (42 clusters) determined
by the DBSCAN clustering algorithm. The distribution of lubrication coef cients in each
cluster was compared against a threshold to determine the label of that cluster. In this case,
we labeled a cluster as BL mode when the median of the lubrication coef cients associated
with two-leg squats were lower than a threshold of 0.03. This threshold value was set to
maximize the separation of BL and HL lubrication coef cients.

In this label assignment algorithm, we hypothesized that events with very similar JAE
features are likely to be generated from the same source of friction. Thus, the similarity
of JAE events was considered in addition to the biomechanical data. Now, it would be
interesting to investigate how the BL/HL event distributions deviate from an ideal case
with distinct lubrication phases. Figure 4.5 (a, b) shows the distribution of all the BL (in

orange) and HL (in blue) events across the knee angle for two-leg and one-leg squats. The
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BL events were more frequent at full exion, about 110° and 100° for two-leg and one-leg
squats, respectively. This result was expected since in one-leg squats the non-dominant leg
was bearing a higher body weight and thus the compressed articulating surfaces, under this
extra loading condition, would reach to boundary lubrication at lower exion angles.

Density distributions of BL/HL events across angular velocity were demonstrated in
Figure 4.5 (c, d) for two-leg and one-leg squats. The BL events were dominantly occurring
around the zero angular velocity, whereas the HL events have a bimodal distribution. Hav-
ing two peaks for HL events was expected because of the symmetric motion in the eccen-
tric and concentric contractions. The peak in positive velocities is associated with eccentric
contraction and the negative peak represents the concentric contraction. It's noteworthy that
both BL and HL events have higher densities (higher peak) at eccentric contraction. This
might be because the subjects tend to perform eccentric contraction slower than concentric
contraction [104], and therefore in eccentric contraction joint sound events had a higher
density. The BL and HL event distributions were signi cantly distinck(®:001) in both
two-leg squats and in one-leg squats. BL events have two peaks ardbdfds, and HL
events had peaks aroundl0®=s, which also supports the distinct lubrication modes.

Density distributions across JCF in two-leg and one-leg squats were shown in Fig-
ure 4.5 (e, f). In two-leg squats, BL events occur more frequently at higher joint contact
forces, while HL events occur at lower forces. However, in one-leg squats, those events are
distributed over a wider range. This can be due to the high variability in one-leg loading
conditions. The lubrication coef cient was calculated by dividing the angular velocity by
the JCF, and it is demonstrated in Figure 4.5 (g, h). It can be seen that JCF was increased
in one-leg compared to two-leg squats, and consequently, the distribution of lubrication
coef cients was shifted toward lower values. The lubrication coef cient threshold (the
crossover point of BL and HL distributions) of one-leg squats was half of this parameter
for two-leg squats. This change in the lubrication coef cient threshold is consistent with

our expectation since the median of JCF in one-leg squats is approximately twice that of
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two-leg squats.

4.2.3 Classi cationPerformance

JAE events with similar features fell into the same clusters and got the same labels. To
verify this, a classi er was trained with two-leg squat events and tested on one-leg squat
events. With a basic classi er, logistic regression, a high CV accuracy of 86% and a test ac-
curacy of 84% were achieved. Similarly, with a more advanced ensemble learning method,
random forest, a CV accuracy of 89% and a test accuracy of 84% were achieved. The high
test accuracy of both models con rms that a machine learning model could learn and dis-
tinguish BL vs. HL events properly. In other words, a classi er is also able to distinguish
the JAEs based on their similarities and differences (the same way that clustering does).
The kernel density distributions of some of the top features — namely GTCC, band
power, MFCC, ZCR, harmonic ratio, and spectral centroid — are illustrated in Figure 4.6.
The distinct distribution of BL and HL events across the spectral centroid shows that most
of the BL events have higher frequency content compared to HL events. This result is con-
sistent with the studies conducted on friction-induced vibrations in lubricating mechanical
components [105], reporting that the frequency of vibrations generated during boundary

friction is higher than the frequency of vibrations generated in hydrodynamic mode.

4.2.4 CorrelationbetweenlointSoundsandTribology

To investigate the relationship between joint sounds and knee tribology, the distribution of
BL and HL lubrication coef cients at two loading conditions were compared. For two-leg
squats, the BL and HL labels were predicted during the cross-validation process, and for
one-leg squats, the BL and HL labels were predicted by the trained classi er.

The density of lubrication coef cient for BL and HL events were plotted in Figure 4.7 (a)
and (b) for two-leg and one-leg squat exercises, respectively. It can be seen that, at low lu-

brication coef cients € 0.01), the density of BL events was almost three times higher than
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Figure 4.6: Distinction of density distributions for BL and HL events in some of the top
features.

Figure 4.7: Lubrication coef cient threshold shift from two-leg to one-leg: a) kernel density
distribution of two-leg squat events, b) kernel density of one-leg squat events, c) boxplots
of lubrication coef cients median for each subject.
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