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Osteoarthritis (OA) is a degenerative joint disease, with the knee the most frequently affected joint. Fifty
percent of knee OA patients eventually undergo surgical procedures such as knee replacement to address pain
and functional limitations. A significant number of these surgeries may be unnecessary, with intra-articular
injections of hyaluronic acid (HA) serving as a non-invasive, cost-effective alternative. Although research
studies have clearly demonstrated that HA improves knee function, the efficacy of this treatment remains
controversial. Many physicians have observed that effects depend on several patient characteristics such as
age, weight, gender, severity of the OA, and technical issues such as injection site and placement. In this study,
a multi-stage, multi-group machine learning model is utilized to uncover discriminatory features that can
predict the response status of knee OA patients to different types of HA treatment. The algorithm can identify
certain subgroups of knee OA patients who respond well to HA therapy. The baseline results, based on factors
such as patients’ weight, smoking status and frequency, identifies the patients most suitable for HA injection.
The model can achieve more than 89% blind prediction accuracy. The data derived from this study allows
physicians to administer HA products more selectively, resulting in a higher therapy success rate. Information
on the predicted responses could also be shared with patients beforehand to incorporate their values and
preferences into treatment selection. The model’s decision support tools also allow physicians to quickly
determine whether a patient is exhibiting at least the expected treatment response, and if not, to potentially
take corrective action. To the best of our knowledge, this work represents the first machine learning approach
that predicts patient responses to HA injections for knee osteoarthritis. The model is generalizable and can be
used to predict patient responses to other treatments and conditions.

Arthritis increasingly is reported as the main
cause of disability among U.S. adults (Theis, K.A. et
al., 2019). Annual direct medical care expenditures

Osteoarthritis (OA) is a degenerative joint disease
that can affect the many tissues of the joint. It is one
of the most prevalent and costly chronic medical
conditions. affecting more than 32.5 million adults in
the United States (United States Bone and Joint
Initiative 2018). During 2019-2021, 21.2% of U.S.
adults (53.2 million) reported an arthritis diagnosis.
(Elgaddal, et al., 2022; Fallon, et. al., 2023) and by
2040, it is projected to increase to 78.4 million
Americans.
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for osteoarthritis in the U.S. is estimated to exceed
$495.5 billion (United States Bone and Joint Initiative,
2019; Lo, et al., 2020). Worldwide, about 528 million
people were living with osteoarthritis in 2019 (WHO
2023, GBD 2019). It is estimated that those with OA
pain lost 31% of productive time at work due to
presenteeism and 8% due to absenteeism, compared
to 16% and 4%, respectively, for those who did not
report OA pain (Leifer et al., 2022).
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There is no known cure for OA. Instead,
treatments aim to reduce pain, maintain or improve
joint mobility, and limit functional impairment.
Treatments are usually non-operative, such as
physical therapy, rest, modification of daily activities,
analgesics, and anti-inflammatory medication. For
individuals who desire or require a high level of
physical activity, rest and activity reduction are not
viable treatment options. Oral non-steroidal anti-
inflammatory  drugs (NSAIDs) are often
recommended, although frequent and serious adverse
effects of NSAIDs have been reported (Zhang et al.,
2010, Salis and Sainsbury, 2024). Over the past 25
years, intra-articular injection of hyaluronic acid (and
similar hyaluronan preparations) has emerged as an
additional tool for managing the symptoms of OA for
patients who fail to respond to other conservative
treatments. However, controversies exist regarding
its safety and efficacy, the number of injections and
courses, type of preparation, duration of its effects,
and combining it with other drugs or molecules
(Chavda et al., 2022). Other factors include patient
characteristics such as age, weight, gender, and
severity of the OA.

Knee OA happens when the cartilage in the knee
joint breaks down, enabling the bones to rub together.
The friction makes the knees hurt, become stiff, and
sometimes swell. Knee OA is a leading cause of
arthritis disability (Cui et al., 2020). Of significance
for sport medicine, heavy physical activity,
participation in high intensity contact sports,
participation in certain elite level sports, and knee
injury have all been linked to the development of knee
OA (Chan, et al.,, 2020; Driban, et al., 2017;
Lohmander, et al.,, 2007; McAlindon et al., 1999;
Sharma, 2001; Spector et al., 1996; Turner, et al.,
2000). Although it cannot be cured, treatments are
available to slow its progression and ease the
symptoms. Knee OA alone results in the loss of an
average of 13 days of work per year (versus 3 days
for those without Knee OA (Ayis & Dieppe, 2009).

Knee osteoarthritis affects more than 14 million
Americans, and its symptoms often lead to physical
inabilities, disabilities, and all sorts of inconveniences
for patients. It is estimated that knee osteoarthritis is
associated with approximately $27 billion in total
healthcare costs every year, with about 800,000 knee
surgeries performed annually. Specifically, 99% of
these knee replacements are done to address pain and
functional limitations (Barbour et al., 2017). In a
multicenter longitudinal cohort study, it was reported
that about one-third of knee replacements may be
unnecessary (Riddle et al., 2014).
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The management of knee pain depends on the
diagnosis, inciting activity, underlying medical
conditions, body mass, and chronicity. In general,
non-operative management is the mainstay of initial
treatment and includes rehabilitation, activity
modification, weight loss when indicated, shoe
orthoses, local modalities, and medication. The oral
medication often prescribed is an analgesic, usually
with anti-inflammatory properties. Supplements,
such as chondroitin sulfate and glucosamine, have
been shown to have a role. Since 1997, the regimen
has expanded to include viscosupplementation.
These agents are preparations of hyaluronic acid or
their derivatives (HA) which are sterilely injected into
the knee. Although research studies have clearly
demonstrated that HA improves knee function, the
efficacy of this treatment remains controversial.
Many physicians have observed that effects seem to
depend on several patient characteristics, such as age,
weight, gender, severity of the OA and technical
issues such as injection site and placement (Mora et
al., 2018).

This study aims to answer an important question:
whether different types of patients may respond
differently to HA treatment. Is it possible to identify
certain subgroups of knee OA patients who respond
well (or those who don’t) to HA therapy? Further, we
question whether it is possible prior to treatment to
predict a patient’s response to HA injections based on
patient and treatment characteristics. Physicians
could then make empirically informed decisions
about whether to treat a particular patient with HA
and perhaps which type of HA preparation is most
likely to produce the best treatment response for that
individual patient.

The goal of this study is to evaluate which patient
population, or patient characteristics, would benefit
most from HA injection. Since at least 18% of out-
patient visits to military treatment facilities by active-
duty personnel are attributed to painful knee disorders,
our study focuses on these patients. The study uses a
prospective, double-blinded clinical trial. A multi-
stage, multi-group machine learning model (Lee et al.,
2016b; Lee, 2017; Lee & Egan, 2022; Lee et al., 2021,
2023a, 2023b) described in Section 2.3 is used to
uncover discriminatory patterns that can predict
suitability of treatment and outcomes. The resulting
predictive rule can be implemented as part of a
clinical practice guideline for evidence-based
intervention. The model enables physicians to
administer HA products more selectively and
effectively to the targeted population to maximize
cost effectiveness and the percentage of patients who
experience a successful HA injection.
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2 METHODS AND STUDY
DESIGN

2.1 Patient Cohort, Treatment, and
Outcome Measures

2.1.1 Patient Data

Three group of patients (active-duty military
personnel, military retirees, and their families)
through the Department of Orthopaedics at the Naval
Medical Center Portsmouth were included. The
cohort includes those between 18 and 65 who sought
treatment for symptomatic osteoarthritis of the knee.
All patients were evaluated by a board-certified
orthopaedic surgeon. Each patient has had
radiographic evidence of knee OA with a minimum
Kellgren-Lawrence score of 1, has experienced
symptoms for more than three months, has failed a
minimum of three months of non-operative treatment,
including, but not limited to, analgesic and anti-
inflammatory medication, cortisone injection,
physical therapy, bracing, and/or heel wedge. The
cohort excludes patients with precautions or
contraindications for viscosupplementation, those
who had a cortisone injection within the past three
months, those who had prior HA injections at any
point, those with a history of deep knee infection,
those currently experiencing peripheral neuropathy,
chondrocalcinosis, or knee ligament instability, and
those who were candidates for knee surgery.

Patients were randomly assigned to receive either
Hylan G-F 20 (Synvisc®) [Sanofi Biosurgery,
Cambridge, MA, USA], a high molecular weight
(MW = 6000 kDa) cross-linked HA product derived
from an avian source, or EUFLEXXA®
[bioengineered 1% sodium hyaluronate (IA-BioHA);
Ferring Pharmaceuticals, Inc., Parsippany, NJ], a
medium weight (MW = 2400 - 2600 kDa) HA product
derived from bacterial fermentation.

Treatment allocations were randomly assigned by
the study pharmacist using the
RANDBETWEEN(0,1) function in Microsoft Excel.
Physicians, physicians performing the injections,
patients, and research personnel were blinded to
treatment assignment. To maintain blinding, the
pharmacy removed the original manufacturer's label
prior to dispensing and relabelled with the protocol
title, subject identifier and expiration date. The two
HA products had the same volume and color, so there
was no ability to discern one from the other at the time
of injection.

During a baseline evaluation before the first
injection, the following data were collected:

= patient demographic data: age, sex, height,
weight, BMI (as calculated from height and
weight), and smoking history.

= the Western Ontario and McMaster
Universities Osteoarthritis Index (WOMAC;
Bellamy, 2002) as a measure of knee OA
symptoms and functioning.

= the RAND-36 (Hays et al., 1993) as a measure
of general health status.

= the MARX Knee Activity Rating Scale (Marx
et al., 2001) to assess activity level (running,
deceleration, cutting (changing directions
while running) and pivoting.

= patient-rated health conditions (a) using a
comorbidity questionnaire (Sangha et al.,
2003) and (b) quality of life as measured by the
EuroQOL EQ-5D (Brooks, 1996).

= a patient-completed Arthritis Self-Efficacy
Scale (Lorig et al, 1989), an eight-item
instrument that assesses patient’s perceived
ability to manage arthritis symptoms.

Specific patient treatment expectations (e.g.,
“Improve ability to go up and down stairs”) and the
importance of these expectations were evaluated with
the scale developed by Mancuso (Mancuso et al.,
2001). Patients were also asked to rate their global
expectation for their response to the HA injections on
a seven-point scale ranging from “No improvement. |
don’t have much hope that this treatment will help my
symptoms at all” to “Excellent improvement. I expect
complete or nearly complete relief from knee
symptoms.”  Patients with bilateral OA were
instructed to rate only the knee they perceived to be
more severe in terms of pain and functional
impairment on all instruments and to rate the same
knee at baseline and follow-ups.

Prior to the first injection, a physician assessed
quadriceps atrophy, presence of antalgic gait, knee
effusion, pain on palpation of the knee, range of
motion and alignment, and use of medication.
Patients also received four baseline radiographs.
These included (a) a standing anteroposterior (AP) of
the knee weight-bearing view; (b) weight-bearing
flexed view 400 posterior-anterior (PA) Rosenberg
view; (c) a lateral x-ray at 300; and (d) a Merchant
view. Digitized radiographs were evaluated for
osteoarthritis severity and for alignment by a board-
certified musculoskeletal radiologist and an
orthopaedic surgeon blinded to assigned treatment or
other patient characteristics. OA severity was rated
using the Kellgren-Lawrence Grading System which
incorporates joint space narrowing, osteophyte
formation, sclerosis and bony deformation observed
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on x-rays. Scores range from 0 (no radiographic
features of OA) to 4 (large osteophytes, marked joint
space narrowing, severe sclerosis, and definite bony
deformity). Alignment was determined by measuring
the following angles from x-rays: (a) condylar-hip
angle of the femoral condylar tangent with respect to
the mechanical axis of the femur expressed as degrees
of deviation from 90°, negative for varus and positive
for valgus; (b) plateau-ankle angle between the tibial
margin tangent and the mechanical axis of the tibia
expressed as degrees of deviation from 90°, negative
for varus and positive for valgus; (¢) condylar-plateau
angle between the femoral and tibial joint surface
tangents; and (d) hip-knee-ankle angle between a line
drawn from the center of the femoral head to the
midpoint of the tibial eminential spine and another
line from this midpoint to the center of the talus
surface of the ankle joint. The medial angle between
the lines is the HKA angle (varus < 180°).

2.1.2 HA Treatments

Patients received injections every seven days for a
total of three injections. Physicians received specific
instructions to standardize injection technique. All
injections were performed using an anteromedial
approach with a 21-gauge 1%2” needle. Physicians
aspirated the knee joint prior to injection of the HA
product to ensure needle placement. Patients were
asked to flex and extend their knee a few times
following injection to maximize dispersal into the
joint. Patients were provided with written post
injection and standardized physical therapy
instructions. Patients were allowed full weight
bearing and full range of motion (active and passive)
after injections but were advised to avoid strenuous
activity (such as jogging, tennis, etc.) or prolonged
weight bearing for the first 48 hours after injection.
Patients were also instructed to use ice 30 minutes on
and 30 minutes off for 48 hours and take up to 4 gram
of acetaminophen per day as need for knee pain, but
not to take any 24 hours prior to each visit.

Patients were not offered a second course of HA
treatment within the first six months following the
final injection. Following the standard clinical
practice, those who received a second series of
injections after the first six months were not
considered treatment failures. Patients who had
surgery on the target knee to relieve arthritis
symptoms within the first six months following the
last HA injection were considered treatment failures.

The protocol was approved by the Institutional
Review Board at the data collection site and was
registered with  ClinicalTrials.gov  (identifier:
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NCT01557868). A physician at the site served as the
medical monitor and an independent data and safety
board monitored the study.

2.1.3 Primary and Secondary Outcomes

The primary outcome was treatment responder status
defined a priori by improvement in the Western
Ontario and McMaster Universities Osteoarthritis
Index (WOMAC) Pain Scale (Hochberg et al., 1997;
Riddle & Perera, 2020) between baseline and 3-
month assessments. The WOMAC Pain Scale is
comprised of 5 items and the response format used in
this study was the 5-point rating scale. Scores were
calculated to range from 0 (worst) to 100 (best). The
reliability, wvalidity and responsiveness of the
WOMAC Pain Scale have been supported in
numerous studies (Bellamy, et al., 2011; Burgers, et
al. 2015) and the WOMAC is one of the most widely
used outcome instruments in arthritis research.
Patients whose pain scores decreased by 20% or more
compared with their baseline scores were classified as
treatment responders and those whose scores did not
meet this criterion were classified as non-responders.

2.2 Machine Learning Predictive
Analysis

We apply a multi-stage machine learning approach to
analyze how different types of patients may respond
differently to HA treatment. The system will uncover
discriminatory features in the HA data that will reveal
patient and treatment characteristics that predict
optimal response to intra-articular injections of
hyaluronic acid for knee osteoarthritis. The model
determines which patient variables lead to the best
outcomes of HA.

Detail of the multi-stage multi-group discriminant
analysis via mixed-integer program (DAMIP) model
and computational framework is reported in Lee et al.
(Lee, 2017; Lee & Egan, 2022; Lee, Wang, et al.,
2016; Lee et al., 2021, 2023a, 2023b). Briefly we
include the DAMIP formulation below.

Let upg represent the binary variable that
indicates whether observation i in group g is
classified to group A, h € {0} U G. Thus, uzg =1
denotes a correct classification for observation i in
group g. The multi-group model with a reserved
judgement region is formulated as:

W

g€ jeo,

(DAMIP)

subject to
Lngj = Mefy(%;) = Zhegneg Angfu(%;), Vh g €G,j €0, (1)
Ygj — Lngj SM(l—uhgj). Vhgeg, jE(?g (2)
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vgeg jeo, (3)
Vhgeg jeo, (4)
vhgeg jeo, (5)

VgeG jeo, (6)

Vhgegg+h (7)

Ygj = M(1- ”091')'

Yoi = Lngj = €(1 = tngy),
Ygj Z € Ungj,

Yhetoyug Ungj = 1,

2jeoy Ungj < |angng|.

upg; € {0,1} vhe{0}ugG geg,jeo, ®)
Yy 20, Vhgeg jeO, 9)
Ang =0 Vhgegg+h (10)

Here, m is the prior probability of group g and
fg(x) is the conditional probability density function
of group g, g € G for the data point x € R™. O,
denote the set of observations in group g, and ng
denote the number of observations in group g € G.
apg€(0,1), h, ge€G, h# g represents the
predetermined  limit on  the  inter-group
misclassification rate where the observations of group
g are misclassified to group 4. The group assignment
decisions of observations that are classified into a
reserved judgment region are denoted by group g = 0.

Constraints (1) define the loss functions;
constraints (2)-(6) guarantee an observation is
uniquely assigned to the group with the maximum
value of Ly (x) among all group, and constraints (7)
set the misclassification limits. With the reserved
judgment region in place, the mathematical system
ensures that a solution that satisfies the pre-set
misclassification rate always exists.

Theorem 1. Given prior probabilities 7, and
conditional group density functions f, (x), allocation
according to modified posterior probabilities defined
by the solution to (DAMIP) is a universally strongly
consistent method for classification.

Theorem 2. The DAMIP optimization problem is
NP — Complete when the number of groups is
greater than 2. The theoretical result holds for
DAMIP variants: (a) maximize the minimum value of
correct classification rates among all groups; (b)
maximize the minimum difference between correct
classification and misclassification; and (c) maximize
correct classification while constraining the
percentage of reserved judgment for each group.

The multi-stage classification approach utilizes
the reserved judgment region in DAMIP to improve
the classification performance, especially among
highly inseparable data. At each stage, DAMIP
partitions the observations into an ‘easy—to-classify’
subset that is classified to specific groups, and a
‘difficult-to-classify’ subset that is classified to a
reserved judgment region. The group assignment of
the difficult-to-classify observations are delayed, thus

allowing the DAMIP classifier to maintain a low
misclassification error. The observations in the
reserved judgment region are moved to the next stage
where a new feature set is selected and a new DAMIP
classifier is developed. In this way, the multi-stage
framework constructs a chain of successive classifiers
using different subsets of features. The classifier at
the ith stage, denoted by f;, can be represented by a
discriminant function f (x;, 4;), which is determined
by the feature subset x;, and the decision variables 4;
in DAMIP.

At each stage, two models are performed: a
single-stage model that solves a DAMIP model
without a reserved judgment region and a multi-stage
model that solves a DAMIP model with a reserved
judgment region. The computational framework
selects the better of the two results. The algorithm
naturally terminates when there are no observations
in the reserved judgment region. To avoid overfitting
using too few observations for training, two
additional stopping criteria are used to terminate the
process: (a) the number of observations is less than a
preset minimum value, #n, and (b) the maximum
allowed depth, d, is reached. The parameters » and d
are predetermined according to the number of
observations and the number of input features in the
given data.

Computationally, DAMIP classifier has some
distinct characteristics: (a) it is applicable for
classification of any number of groups; (b) there is
always a feasible solution to the model; (c) the
reserved judgement region facilitates successive
stage of classification to be performed; (d) DAMIP is
able to establish classification rules with good
predictive accuracy even when the training set is
relatively small; (¢) DAMIP classifier can handle
imbalanced data; and (f) DAMIP classifier is totally
universally consistent.

Figure 1 shows the machine learning framework
where features are first selected via an exact branch-
and-bound algorithm (BB) and a fast heuristic particle
swarm optimization (PSO) (Lee et al., 2023a). The
resulting  classification rule is subsequently
established via the DAMIP classifier. To quantify the
accuracy, ten-fold cross validation evaluation is
performed. If the results satisfy some pre-set accuracy
level, the classification rule is reported. Blind
prediction using this rule is then performed. We
contrast the BB-PSO/DAMIP results with eight
commonly used classifiers: Bernoulli Naive Bayes,
Decision Tree, Gradient Boosting, K-nearest
neighbors, Logistic Regression, Neural Network,
Random Forest, and Support Vector Machine (SVM).
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Figure 1: Multi-stage machine learning framework for HA
predictive analytics.

In 10-fold cross validation, the training set is
partitioned into 10 roughly equal subsets. In each run,
9-fold are selected to train and establish the rule, and
the remaining 1-fold is then tested, counting how
many of them are classified into which group.
Through 10 folds procedure (where each fold is being
validated exactly once), we obtain an unbiased
estimate of the classification accuracy.

Blind prediction is performed on patients that are
independent of the training set to gauge the predictive
power of the established rule. These patients have
never been used in the feature selection and the
machine learning analysis. We run each patient in the
blind set through the rule, which returns a group
status of the patient. The status is then checked
against the clinical status to confirm the accuracy.

The classifier response and outcome prediction
rules will culminate in a clinical decision algorithm
for the use of viscosupplementation in the treatment
of knee OA. For example, a physician determines that
HA is indicated for a particular patient. The physician
would then enter specific variables (those
discriminatory features identified by the classifier)
into a clinical computer program and a response set
would be generated for the potential outcome after
using hyaluronic acid injections. The optimal HA
agent(s) would be ranked. The physician would then
take this information into account as part of the
clinical decision process to select the HA agent for
the individual patient.

3 RESULTS

3.1 Patient Characteristics

Of the 273 patients assessed for eligibility, 45 did not
meet study criteria, 13 eligible patients declined to
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participate, and 12 eligible patients could not
complete study participation due to anticipated
deployment or relocation. The other 203 eligible
patients were randomized to treatment: 107 assigned
to the Synvisc group and 96 to the Euflexxa group.
After randomization, 6 patients were non-compliant
with the study protocol, 9 received an excluded
intervention, 6 were reassigned, 10 were lost to
follow-up and 6 missed the follow-up appointment.
Consequently, these patients were not included in the
analyses, leaving a total of 166 (87 in the Synvisc
group and 79 in the Euflexxa group).

Table 1 summarizes the baseline characteristics of
the study participants. The Synvisc and the Euflexxa
groups did not differ on demographic or
anthropometric variables. The groups also did not
differ on co-morbid conditions with the exception that
a greater proportion of patients in the Euflexxa group
reported depression (21% vs. 10%, p = 0.02). The
baseline scores from the patient report measures did

Table 1: Baseline Characteristics of the Study Participants.

. Combined
e Synvisc Euflexxa
Characteristic Sample
(N=107) | (N=96)
(N =203)
Age —year 46+10 43+10 45+10
Female sex — no. (%) 44 (41) 36 (38) 80 (39)
Body mass index 3045 2945 30+5
Race
Asian 1(1) 5 (5) 6 (3)
Black/African- 36 (34) 21 (22) 57 (28)
American
Hispanic 5(5) 6 (6) 11 (5)
White 63 (59) 63 (66) 126 (62)
Other 2(2) 1(1) 3(2)
Married — no. (%) 86 (80) 79 (82) 165 (81)

Current smoker — no. (%) 16 (15) 11(12) 27 (13)
Kellgren-Lawrence Score

Grade | —no. (%) 28 (26) 37 (39) 65 (32)
Grade Il - no. (%) 44 (41) 33(34) | 77(38)
Grade Il — no. (%) 29 (27) 18 (19) | 47(23)
Grade IV—no. (%) 6 (6) 8 (8) 14 (7)
WOMAC Pain Scale 59+17 61+19 60+18
SF-36

Physical functioning 51+23 54+24 53+23
Mental health 79+15 74+18 77+17
Marx Activity Scale 5+5 5+5 5+5
EuroQOL EQ-5D Health 71+16 70+20 70+19
Rating

Arthritis Self-Efficacy Scale 6+2 6+2 6+2
Treatment response 5+1 5+1 5+1

expectation
Bilateral HA injections — 54 (51) 45 (47) 99 (49)
no. (%)
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not significantly differ between the two treatment
groups either.

3.2 Primary End Points

Of the 166 patients who completed the 3-month
assessment, 84 (50.6%) were classified as treatment
responders. Within the Synvisc group, 57.5% were
responders compared to 43% of the Euflexxa group
(p = 0.04). This outcome, as well as those at the 2-
week and 6-month follow-ups, is shown in Table 2.
Table 3 displays the percentage of patients who were
classified as “recovered” based on both statistically
reliable improvement in WOMAC Pain Scale scores
and a follow-up score that fell within the range of age-
and sex-matched patients who reported having no
knee problems or any history of knee surgery (see
Mann, et al., 2012).

Table 2: Treatment Responders (20% Reduction in
WOMAC Pain) by Treatment Group.

Follow-Up Synvisc | Euflexxa P Value
2 weeks 56.3% 56.3% 0.55
3 months 57.5% 43.0% 0.04
6 months 51.3% 41.5% 0.31

or not for this field. The number of attributes at three
time-points: (a) baseline screening before first
injection; (b) prior to second injection (prefix: TO);
and (c) six months after final injection (prefix: T5) are
27, 483, and 1215 respectively. Table 5 shows the
training set and blind prediction statistics used for
predicting treatment responder status and recovery
status.

Table 4: Training set and blind prediction set characteristics
for predicting reinjection status.

Training set Blind Prediction Set
Total . !\‘O . Reinjection Total X _No . Reinjection
reinjection reinjection
150 111 39 53 40 13

Table 5: Training set and blind prediction set characteristics
for predicting treatment responder status and recovery
status.

Training set Blind Prediction Set
Total Res,\:)oo:der Responder Total Res’:‘;’r‘]’der Respronde
71 34 37 70 41 29
Synvisc
40 | 18 | 22 [3 | 19 | 17
Euflexxa
35 | u | 14 [ 30 ] 17 [ 13

Table 3: Return to Normal on WOMAC Pain Scale by
Treatment Group.

Follow-Up Synvisc | Euflexxa P Value
2 weeks 36.5% 25.4% 0.20
3 months 38.0% 22.6% 0.06
6 months 33.9% 30.0% 0.31

3.3 Response and Outcome Prediction

We analyze the HA data to uncover patient and
treatment factors that predict optimal response to
intra-articular injections of hyaluronic acid for knee
osteoarthritis. The treatment responder status six
months after final injection is measured by
‘WOMACP20,” Treatment Responder Status Using
20% Reduction in WOMAC Pain Scale. Recovery
status is assessed via the KOOS Scale. The machine
learning model determines which patient variables
lead to the best outcomes of HA. We also perform the
prediction for each of the two HA products to gauge
their similarities and differences in treatment
outcome characteristics.

Table 4 shows the number of patients in the
training set and the blind prediction set for predicting
reinjection status. In this analysis, for every attribute
in which there is missing data, an associated binary
attribute is created to capture whether data is missing

We summarize herein the best predictive rules for
each of the analyses. Table 6 shows the prediction
accuracy for no-reinjection versus re-injection using
attributes collected up to the three stated time-points.

For the baseline results, factors that appear to be
critical includes “Weight,” “Currently Smoke
Cigarettes,” and “Smoking: Number per day.”
Baseline prediction results are comparable to Pap
Smear test accuracy (~70%).

We can observe high accuracy in predicting
success for patients using screening and TO attributes
alone (86% blind predictive accuracy). This is very
promising for identifying patients early (just after the
first injection) who should be targeted for HA
intervention (with an expected success outcome). The
discriminatory features selected includes the Marx
Activity  Scale  “TOMarxCuttingSymptomFree”,
“TOMarxCutting”,  effectiveness of  exercise
“TOExerciseEffective”, confidence in the injector
“TOConfidencelnjector”, and other medications
“TOMedicationXEffective.”

Including attributes until T5 significantly
increases the accuracy for predicting the reinjection
group (from 71% to 89%). Early attributes include
“TOPhysical TherapyEffective”,
“TOMedicationXEffective,” and overall health
“TOEQRateHealth” continue to appear among the
selected features.
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Table 6: Best predictive rule for re-injection status when
using attributes (a) baseline screening before first injection,
(b) prior to second injection, and (c) 6 months after final
injection.

Input 10-fold cross blind prediction
attributes validation
No- Re- No- Re-
reinjecti | injection | reinjection | injection
on
Baseline 71% 71% 72% 71%
screening
Prior to 2" 89% 74% 86% 71%
injection
Input 84% 83% 81% 89%
attributes

Figure 2 show the 10-fold cross validation and
blind prediction accuracies for predicting treatment
responder status and recovery status for patients
injected with Synvisc and Euflexxa, respectively. For
each HA injection, four measurement frameworks are
graphed: PSO/DAMIP results for predicting
treatment responder and recovery respectively versus
the best results from the eight commonly used
classifiers, Random Forest. Our PSO/DAMIP
framework selected 3-8 discriminatory features
whereas Random Forest uses over 40 features with
poor results. Although the size of the two groups is
rather balanced, the challenge here is due to the
highly inseparable data that makes it difficult to
classify using traditional approaches. A multi-stage
approach allows the partitioning of patients from the
same group via different rules (associated with
different features).

10-fold cross validation (solid) and Blind
prediction (dotted) results for Synvisc
W 10-fold, Non-Responder
W 10-fold, Responder
Z-Blind prediction, Non-Responder

100%
80%
L. Blind prediction, Responder

60%

40%

Percentage of accuracy

20%

ANNNRANANR NN
..

N

.

0% oL
DAMIP / DAMIP / RandomForest / RandomForest /

WOMACP20 KOOSRecovery WOMACP20 KOOSRecovery
Name of classifier
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10-fold cross validation (solid) and Blind
prediction (dotted) results for Euflexxa

W 10-fold, Non-Responder

W 10-fold, Responder

=+ Blind prediction, Non-Responder
#.Blind prediction, Responder

100%

1

80%

60%

40%

Percentage of accuracy

20%

.
Y
ANNMNNN

DAMIP / DAMIP / RandomForest / RandomForest /
WOMACP20 KOOSRecovery WOMACP20 KOOSRecovery
Name of classifier
Figure 2: Comparison of the best DAMIP classification
rules for predicting treatment responder status and recovery
status using Synvisc(top) and Euflexxa (bottom) against the
Random Forest approach.

Our study shows that early predictors can be used
to determine the group of patients who benefit the
most from HA injection. It also allows evidence-
based correction to be made during the course of
treatment. For example, after TO, the physician can
quit treatment based on results from the predictive
rule.

4 CONCLUSIONS

In 2019, about 528 million people worldwide were
living with osteoarthritis, an increase of 113% since
1990. For 365 million, the knee was the most
frequently affected joint. On average, the total cost of
knee replacement surgery ranges from $30,000 to
$50,000. This includes the cost of the surgery itself,
the hospital stays, anesthesia and other associated
medical expenses. HA treatment, on the other hand,
costs about $900 to $3,000 for a full course (three to
five injections administered over several weeks). The
range reflects the variations due to the type of HA
product and the physician's fees. Although 50% of
knee osteoarthritis patients eventually receive
surgical procedures, almost one third of these
surgeries are unnecessary. Hence intra-articular
injections of hyaluronic acid can serve as a non-
invasive cost-effective alternative to surgery for knee
osteoarthritis.

Unlike surgical options, HA injections do not
require incisions or extensive recovery periods. HA is
a substance that naturally occurs in the synovial fluid
of the joints, which helps lubricate and cushion them.
In osteoarthritis, this fluid becomes less effective,
leading to pain and reduced mobility. Thus, HA
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injected directly into the knee joint helps restore the
lubricating properties of the synovial fluid and reduce
inflammation. By restoring lubrication, HA injections
can help improve joint mobility and reduce stiffness.
The procedure is relatively low risk, with mild
potential side effects, such as temporary swelling or
discomfort.

However, the benefits of HA injections are not
permanent; they typically last for several months.
Repeated injections may be needed for ongoing relief.
More importantly, controversies exist regarding its
safety and efficacy, the number of injections and
courses, type of preparation, duration of its effects,
and combining it with other drugs or molecules. Other
factors include patient characteristics such as age,
weight, gender, and severity of the OA. The study
uses a prospective, double-blinded clinical trial. A
multi-stage, multi-group DAMIP-based machine
learning model is utilized to uncover discriminatory
features that can predict the response status of knee
OA patients to different types of HA treatment. The
algorithm can identify certain subgroups of knee OA
patients who respond well (or those who don’t) to HA
therapy. The study’s baseline result, including factors
such as patients’ weight, smoking status and smoking
frequency, gives physicians insight for patient
treatment recommendations by identifying those
most suitable for HA injection.

To the best of our knowledge, this work presents
the first machine learning approach that predicts
patient responses to HA injections for knee
osteoarthritis. Another uniqueness of this study is that
this is the first prospective clinical trial designed such
that in addition to clinical data, patient self-reporting
data is also carefully collected. The latter is
challenging since patients often refuse or bypass
questionnaires or miss filling in forms. Self-reported
answers may be exaggerated; respondents may be too
embarrassed to reveal private details; various biases
may affect the results, like social desirability bias.
However, knee pains, whether patients can move or
do certain activities are standard questions used by
physicians and are rather routine evaluation for
active-duty personnel and athletes, and hence their
self-reporting are rather reliable. Further, there has
been no study indicating that patients would
exaggerate their pain to receive treatment to their
knee pain.

Traditional data collection methods, primarily
focusing on clinical settings, limits our understanding
of drug efficacy and patient wellbeing. Patient self-
reporting data is crucial for machine learning in
healthcare because it provides a unique, subjective
perspective on a patient's health experience, including
their symptoms, quality of life, and perception of

treatment effectiveness, which can be vital for
accurate diagnosis, treatment planning, and overall
patient care, often not captured by solely objective
medical data like lab results or imaging scans. There
is growing interest and support for the utility and
importance of patient-reported outcome measures
(PROMs) (Kingsley & Patel, 2017; Verma, et al.,
2021). This is one of the strengths of our study since
it includes a broad spectrum of patient wellbeing data.

DAMIP classifier was chosen partly due to earlier
DAMIP models have produced good  predictive
accuracy on blind data for numerous clinical studies
where the training patient size is relatively small (e.g.,
in early cancer detection to uncover genomic
signatures that predict CpG islands methylation
(Feltus, et al., 2003), vaccine immunogenicity
prediction that accelerates vaccine design and target
delivery (Lee, Nakaya, et al., 2016a; Nakaya, et al,
2011, 2015; Querec, et al., 2009;) in which DAMIP
results were instrumental in the eventual world-wide
clinical trial of the Malaria vaccines (Kazmin, et al.,
2017; Lee, Nakaya et al., 2016a)). DAMIP has also
been used for studies involving very large number
patient sets with equally consistent predictive
accuracy (Lee, Wang, et al., 2016b). Multi-stage is
performed herein to manage the highly inseparable
data.

With the established predictive rule, prior to
treatment physicians can predict a patient’s response
to HA injections based on patient and treatment
characteristics. Physicians can then make empirically
informed decisions about whether to treat a particular
patient with HA and perhaps which type of HA
preparation is most likely to produce the best
treatment response for that individual patient.

Predicting treatment response based on clinically
measured variables and patient-centered well-being
data will empower physicians with an evidence-based
decision-making tool to administer the most cost-
effective intervention for the patients.

The study's follow-up period is focused on six
months after the final injection. Since knee
osteoarthritis is incurable, treatment for patients
includes rehabilitation, activity modification, weight
loss when indicated, shoe orthoses, local modalities,
and medication. For more severe cases, either HA
injections or knee surgery is selected. And HA
injections are typically given as a series of 3-5
injections, spaced one week apart, with repeat
courses usually needed every six months, depending
on the individual's pain relief duration and the
severity of their arthritis; most people experience pain
relief for several months after a full course of
injections.
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The data and model derived from this study
allows physicians to administer HA products more
selectively and effectively, which will increase the
percentage of patients who experience a successful
HA therapy. Information about predicted responses
could easily be shared with patients to incorporate
their values and preferences into treatment selection.
Specifically, the classification rule can be
implemented within the electronic health record
system as an Application Programming Interface
(API). In addition, this decision support tool would
allow physicians to quickly determine whether a
patient is exhibiting at least an expected treatment
response and if not, to potentially take corrective
action. Of note, this model can also be used to predict
patient responses to other forms of treatment and
conditions.

There is a clear demand for evidence-based
medical decision-making in addition to expert
opinion, clinical experience and case reports.
Additionally, there is an increased demand for
clinical studies of prospective, rather than
retrospective, treatment assessment options. While
each of these study types has a role, the value of
evidence-based, single studies or meta-analyses of
published reports is that clinical criterion or criteria
are analyzed globally with respect to outcome.
Quantified variables that are uncovered by predictive
models are evaluated and analyzed and can serve as
important decision variables to help physicians select
the best course of treatment for patients. Evidence-
based decision-making increases outcome success.
Trends, impressions and opinions are minimized and
objective, evidence-based, outcome-driven targeted
delivery is maximized.
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