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Modeling and predicting osteoarthritis progression: data from the
osteoarthritis initiative
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Objective: The goal of this study was to model the longitudinal progression of knee osteoarthritis (OA)
and build a prognostic tool that uses data collected in 1 year to predict disease progression over 8 years.
Design: To model OA progression, we used a mixed-effects mixture model and 8-year data from the
Osteoarthritis Initiative (OAI)dspecifically, joint space width measurements from X-rays and pain scores
from the Western Ontario and McMaster Universities Osteoarthritis Index (WOMAC) questionnaire. We
included 1243 subjects who at enrollment were classified as being at high risk of developing OA based on
age, body mass index (BMI), and medical and occupational histories. After clustering subjects based on
radiographic and pain progression, we used clinical variables collected within the first year to build least
absolute shrinkage and selection (LASSO) regression models for predicting the probabilities of belonging
to each cluster. Areas under the receiver operating characteristic curve (AUC) represent predictive per-
formance on held-out data.
Results: Based on joint space narrowing, subjects clustered as progressing or non-progressing. Based on
pain scores, they clustered as stable, improving, or worsening. Radiographic progression could be pre-
dicted with high accuracy (AUC ¼ .86) using data from two visits spanning 1 year, whereas pain pro-
gression could be predicted with high accuracy (AUC ¼ .95) using data from a single visit. Joint space
narrowing and pain progression were not associated.
Conclusion: Statistical models for characterizing and predicting OA progression promise to improve
clinical trial design and OA prevention efforts in the future.

© 2018 Osteoarthritis Research Society International. Published by Elsevier Ltd. All rights reserved.
Introduction

The current standard of care for knee osteoarthritis (OA) is to
manage symptoms with non-steroidal anti-inflammatory drugs,
steroidal injections, and physical therapy until these options fail to
provide comfort, at which point joint replacement surgery is rec-
ommended. The development of robust preventative measures and
disease-modifying treatments is partly limited by the current
inability to accurately predict OA progression. Although OA is
classically described as slowly progressing, recent evidence in-
dicates that in addition to its diverse andmultifactorial etiology, the
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disease is also heterogeneous in how it progresses across the
affected population1. This heterogeneity presents a challenge in the
design of clinical trials due to the likely inclusion of patients with
different disease progression trajectories in the treatment and
control groups. The ability to characterize and predict OA pro-
gression could improve the design and efficacy of studies investi-
gating treatment and prevention strategies. Further, it could
facilitate the development of novel treatments, which may be
effective for fast, but not slow progressors, or vice versa.

Data from population-based studies such as the Osteoarthritis
Initiative (OAI) and the Multicenter Osteoarthritis Study (MOST)
suggest that pain trajectories span a spectrum of progression rates,
instead of forming clusters. In this context, model-based clustering
approaches, which formally model the data as a mixture of distri-
butions, are more appropriate than non-parametric or heuristic
approaches, which assume that the data come from distinct sub-
populations. Latent Class Growth Analysis (LCGA) has emerged as
td. All rights reserved.
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the method of choice for clustering pain trajectories associated
with OA2e9. LCGA is a simplified mixture model that represents
each cluster by the mean trajectory, modeling fixed effects (i.e.,
growth), but not random effects (i.e., inter-subject variability
within clusters). The assumption that the variance and covariance
of trajectories within a cluster are zero results in advantages such as
fast convergence, but also several shortcomings, with the most
notable one being the inability to overcome the challenge of
missing data. A mixed-effects approach, on the other hand, works
particularly well with missing data because instead of making as-
sumptions of independence across different time points within a
curve, it exploits patient similarity to overcome the challenge of
missing data10e13. In large-scale studies, missing data is a common
problem that affects the reliability of identified clusters.

Rigorously validated models that follow recommended practices
in statistical learning14, however, have not been commonly reported
in the OA literature. It remains to be determined if knee and hip pain
progression clusters identified by previous studies generalize well to
new data. One study that compared findings from two different
cohorts found that not all the clusters identified in one cohort could
be reproduced in the other3. Similarly, validated prognostic tools for
predicting disease progression early have not been commonly re-
ported. While odds ratios associated with specific subject charac-
teristics advance our general understanding of risk factors and
inform prevention efforts, they carry little prognostic utility. One of
the challenges of developing predictive models is overfitting them to
the available data. Ideally, the data must be split into training and
validation sets to select the best model and a test set to evaluate its
performance14. Given a large set of candidate predictive variables, for
example, selection of variables to include in the predictive model
must be carried out using training and validation data, while model
performance must be evaluated using test data. In the case of k-fold
cross-validation, two nested rounds of cross-validation would be
necessary. Such practices have not been followed by previous studies
aiming to build prognostic tools for OA incidence.

The purpose of this study was to identify different clusters of
knee OA progression using a mixed-effects mixture model.
To characterize OA progression, we used 8-year data from the
OAIdspecifically, self-reported knee pain and radiographic
assessments of joint space narrowing. Additionally, we sought to
build cross-validated models that use short-term data to predict
long-term disease progression. These tools have been made
available in the open-source statistical programing language, R.

Methods

Subjects

The OAI is a longitudinal observational study on the natural
progression of knee OA. Men and women between the ages of 45
and 79 were enrolled at four centers across the United States (Co-
lumbus, OH; Baltimore, MD; Pawtucket, RI; Pittsburg, PA) and
assessed annually. The collected information includes clinical
evaluations, radiological images, nutritional information, physical
activity monitoring, and biospecimen samples. Subjects were
enrolled as part of a progression (n ¼ 1389), incidence (n ¼ 3285),
or control subcohort (n ¼ 122). In this study we included only
subjects from the incidence cohort, defined as individuals who at
the baseline visit were at high risk of developing OA over the course
of the study. The definition of high risk was determined by OAI
investigators and included histories of knee pain, aching, or stiff-
ness in a native knee, knee replacement in an ipsilateral knee,
family history of OA, high body mass index (BMI), previous knee
injury, Herberden's nodes in the hands, history of frequent knee
bending, and agedsubjects above 70 years were included even in
the absence of concomitant risk factors. Subjects with both symp-
toms and radiographic OA (Kellgren Lawrence grade > 1) were
ineligible for enrollment in the incidence subcohort. For subjects
who had a knee replacement surgery during the course of the
study, we excluded data after the date of the surgery.

Outcomes

To model OA progression, we used joint space width measure-
ments from X-rays and pain scores from the Western Ontario and
McMaster Universities Osteoarthritis Index (WOMAC) questionnaire,
since they are relevant outcomes with respect to structural and
symptomatic disease status. OAI participants completed WOMAC
questionnaires yearly and X-rays at the baseline and year 1, 2 3, 4,
and 6 follow-up visits. We included both the right and left knees in
the analysis since OA progression is likely driven by systemic factors
that may affect both knees in a similar manner, except in the case of
post-traumatic OA or a unilateral deformity. We excluded subjects
with less than three data points and focused on the medial
compartment because it is the most common site of knee OA initi-
ation and progression. Theminimum joint spacewidth in themedial
compartment of the knee had been extracted semi-automatically
from standardized fixed-flexion X-rays15,16 and made available by
OAI investigators. Briefly, the automated software delineates the
edges of the femoral condyle and the tibial plateau, allowingmanual
correction from the user. The bone-to-bone distance is then deter-
mined at fixed intervals across the joint space, and the minimum
distance in the medial compartment is used to represent the medial
joint space width. The WOMAC questionnaire is the most widely
used instrument for assessing knee and hip OA-related symptoms
and disability. The pain subscale is based on pain levels during
walking, stair-climbing, lying in bed, and standingdeach ranging
from 0 to 4, for a maximum score of 20. We removed observations
that were more than three standard deviations away from the mean
for both the pain and joint space data. To ensure that the clustering
procedure was representative of disease evolution and independent
of baseline status, we expressed joint space narrowing and pain
progression as the change from the baseline visit. Given the inherent
noise in the data, we estimated pain and joint space width in the
baseline visit by fitting linear regression models to the longitudinal
data and using the intercept, rather than the observed value
(Supplemental Material 1).

Characterizing disease progression

To characterize OA progression, we used a mixed-effects
mixture model approach that is designed to work well for
sparsely sampled functional data. Thorough descriptions of the
clustering methodology10e12, as well as relevant applications (e.g.,
clustering of spinal bone mineral density increase in teenagers13),
have been published earlier and are summarized in the supple-
mentary section (Supplemental Material 2). In addition to model
parameters, a final output is the set of posterior probabilities that a
subject belongs to any given cluster. To determine the optimal
number of clusters, we used the Silhouette approach17, which is
based on intra-cluster cohesion (i.e., how similar curves within a
cluster are to each other) and inter-cluster separability (i.e., how
different curves within a cluster are from curves in other clusters).
The ideal number of clusters is one that maximizes both of these
measures, yielding the highest Silhouette.

Predicting disease progression

After characterizing clusters of joint space narrowing and pain
progression, we developed models to predict the probability of
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belonging to a cluster using patient characteristics collected at the
baseline visit, including knee symptoms, medication usage, family
history of OA, general health status and comorbidities, nutritional
and mental health information, walking ability, upper leg strength
test results, X-ray assessments of knee alignment and evidence of
OA (Supplemental Material 3). Given the large number of pre-
dictors, we used least absolute shrinkage and selection (LASSO)
regression18. The LASSO is a shrinkage and variable selection
method that mitigates over-fitting when the feature space is large,
producing more compact, interpretable, and accurate models than
regular regression. We trained predictive models using (1) baseline
variables, (2) baseline and year 1 follow-up variables, and (3)
baseline, year 1, and year 2 follow-up variables. The rationale for
building these three types of models was to determine the time
that is necessary to monitor patients before being able to predict
long-term disease progression. All the predictive variables were
scaled to have zero mean and unit variance.

Validation and testing

To ensure that the identified disease progression clusters and
predictive models are generalizable to new data, we used k-fold
cross-validation both for model selection and performance evalu-
ation, splitting the data into training, validation, and test sets. First,
using 10-fold cross-validation, we left aside 10% of the data for
model evaluation and used 90% of the data to select the
modelsdthis included selecting both the disease progression and
predictive models. We repeated this procedure 10 times, each time
leaving aside one fold of the data for testing. Given that both the
clustering of disease progression and predictive modeling proced-
ures involve hyper-parameters (i.e., number of clusters and the
shrinkage parameter for LASSO), we included a nested 10-fold
cross-validation step for hyper-parameter tuning, further splitting
the data that were allocated for model selection into training and
validation sets. For the test data, the true posterior probabilities of
belonging to each cluster were estimated using the Bayes rule and
cluster parameters from the trained models. We then compared
these true posterior probabilities to probabilities predicted by
LASSO regression. Here we report areas under the receiving oper-
ating characteristic curves (AUC).

Results

Subjects

The number of subjects who satisfied our inclusion criteria was
1243. The mean (±SD) joint space width at the baseline visit was
4.3 ± 1.1 mm, which is lower than that of the normal subcohort
(4.8 ± 0.7 mm) and higher than that of the progression subcohort
(4.0 ± 1.5 mm) of the OAI, but not different from the excluded
sample of the incidence subcohort (Table I). Average pain on both
knees was low (<1.7 ± 2.5), but significantly higher than zero and
Table I
Subject characteristics at the enrollment visit for the included subjects, left out ones, an

Characteristic Included (n ¼ 1243) Left

Age (years) 62.1 ± 8.8 60.8
Sex (% women) 62.8% 56.6
BMI (kg/m2) 29.0 ± 4.8 27.6

Right Knee Left Knee Rig

WOMAC Pain (0e20) 1.7 ± 2.5 1.6 ± 2.7 1.9
WOMAC Function (0e68) 5.4 ± 7.9 5.7 ± 8.8 5.9
Joint Space Width (mm) 4.3 ± 1.1 4.3 ± 1.1 4.1
not significantly different from the excluded sample of the inci-
dence subcohort (Table I).
Characterizing disease progression

Analysis of the X-ray data revealed that there are two major
clusters of joint space narrowing: a non-progressing and a fast-
progressing group (Fig. 1). Patterns were similar in the right and
left knees. When modeling measurements from both of the knees
simultaneously, 71% of the subjects clustered into the non-
progressing and 29% clustered into the fast-progressing cluster.
On average, over the course of this 8-year study, fast progressors
lost nearly 60% of their baseline joint space width. The model
estimated cluster membership in new subjects with high confi-
dence. The mean posterior probabilities for the test data, not used
to build the model, were .91 and .84 for the slow and fast pro-
gressing clusters respectively. Baseline age, BMI, joint space widths,
and WOMAC scores were not significantly different between the
two groups, but the non-progressing group had a higher fraction of
women (Table II). Both clusters had a similar proportion of missing
data. In the fast-progressing cluster, 32.4% data were missing,
whereas in the slow-progressing cluster, 33.2% of the data were
missing.

Analysis of theWOMAC pain scores revealed that there are three
major clusters of pain progression: 80% of the subjects had stable
levels of pain, 14% had worsening pain, and 6% had improving pain.
These patterns were similar in the right and left knees. The mean
posterior probabilities for the test data were .94, .88, and .88 for the
stable, worsening, and improving clusters, respectively. The
improving group scored higher on the WOMAC pain and functional
limitation scales at baseline, which is indicative of higher levels of
pain and disability, whereas the worsening group had a narrower
joint space width in the right knee (Table III). The proportions of
missing data were 4.5%, 5.4%, and 7.6% for the stable, worsening,
and improving clusters, respectively. Agreement between pain
progression and joint space narrowing was low (Fig. 2).
Predicting disease progression

Joint space narrowing could not be predicted with high accuracy
using baseline data alone (AUC < .6), but adding measurements
from the year one and two follow-up visits increased the accuracy
of these models (Fig. 3). Models built separately for the right and
left knee were moderately accurate (AUC < .75), whereas those
built to predict progression in both knees simultaneously using
joint space width measurements from baseline and year-one
follow-up visits were highly accurate (AUC > .86; Fig. 4(A)). Joint
space width measurements at baseline and follow-up visits were
the only variables selected consistently by LASSO. Other variables
fell in the “nuanced features” category (i.e., they are selected by
LASSO, but did not significantly affect predictive performance).
d whole Osteoarthritis Initiative (OAI) incidence subcohort

Out (n ¼ 2041) Incidence Cohort (n ¼ 3284)

± 9.4 61.3 ± 9.2
% 59.0%
± 4.5 28.1 ± 4.6

ht Knee Left Knee Right Knee Left Knee

± 2.7 1.7 ± 2.8 1.8 ± 2.6 1.7 ± 2.9
± 8.8 6.0 ± 9.7 5.7 ± 8.5 5.9 ± 9.3
± 1.3 4.2 ± 1.2 4.3 ± 1.2 4.2 ± 1.1



Fig. 1. Functional Clustering of Osteoarthritis Progression. Top: X-ray data revealed two major profiles of joint space narrowingdnon-progressing and progressing. Bottom: WOMAC
pain scores revealed three profiles of pain progression: stable levels of pain, worsening, and improving pain.

Table II
Subject characteristics at the enrollment visit for each joint space narrowing profile

Characteristic Nonprogressors (n ¼ 880) Progressors (n ¼ 363)

Age (years) 62.1 ± 9.0 62.3 ± 8.2
Sex (% women) 66.7 % 53.2 %
BMI (kg/m2) 29.0 ± 4.8 29.1 ± 4.6

Right Knee Left Knee Right Knee Left Knee

WOMAC Pain (0e20) 1.6 ± 2.4 1.5 ± 2.6 1.8 ± 2.7 1.7 ± 2.9
WOMAC Function (0e68) 5.3 ± 7.7 5.5 ± 8.6 5.8 ± 8.3 6.3 ± 9.4
Joint Space Width (mm) 4.3 ± 1.1 4.2 ± 1.0 4.4 ± 1.3 4.2 ± 1.0
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Pain progression could be predicted with high accuracy using
data from the baseline visit alone [Fig. 4(B)]. Given that the clus-
tering procedure identified three clusters, we used a multinomial
LASSO model to predict the posterior probabilities associated with
each of the three clusters. Both the right and left knee models
differentiated worsening from stable subjects with moderate ac-
curacy (AUC > .76) and worsening from improving subjects with
high accuracy (AUC > .92). Modeling both knees simultaneously or
adding predictive variables from follow-up visits did not increase
the accuracy of these models significantly. Important predictive
variables selected by LASSO included assessments of pain and
function from the KOOS and WOMAC questionnaires, qualitative
assessments of X-rays, and assessments of depression and nutrition
from the Center for Epidemiologic Studies Depression Scale (CES-D)
Table III
Subject characteristics at the enrollment visit for each pain progression profile

Characteristic Worsening (n ¼ 176) S

Age (years) 63.1 ± 8.7 6
Sex (% women) 69.3 % 6
BMI (kg/m2) 29.8 ± 5.0 2

Right Knee Left Knee R

WOMAC Pain (0e20) 2.0 ± 2.6 1.9 ± 2.7 1
WOMAC Function (0e68) 7.4 ± 9.6 7.5 ± 9.5 4
Joint Space Width (mm) 4.0 ± 1.3 4.3 ± 1.1 4
and Block Brief 2000 questionnaires (Table IV). Generally, worse
baseline pain and functional limitation scores were predictive of
improvement in the 8-year period. Moderate pain and functional
limitation scores were predictive of worsening, whereas good
scores were predictive of stability. Evidence of joint space nar-
rowing, difficulty sleeping, and frequency of certain foods,
including dairy and meat, were predictive of worsening pain over
time.
Discussion

The goal of this studywas to characterize different clusters of OA
progression and build models to predict these clusters early. We
focused on joint space narrowing and pain progression because
they are the most widely used surrogates of structural and symp-
tomatic disease status. Our findings, using data from 1243 subjects,
indicate that joint space width measurements follow two clus-
tersdprogressing and non-progressingdwhereas pain scores
follow three clustersdstable, improving, and worsening. Eight-
year pain progression could be predicted with high accuracy
based on data collected in one visit, whereas joint space narrowing
could be predicted with high accuracy using data collected in two
visits spanning 1 year.

Our finding that pain progression follows several clusters, or
trajectories, is consistent with previous findings; however, the
number and shape of these trajectories are different3,4. These
table (n ¼ 992) Improving (n ¼ 75)

2.1 ± 8.8 61.2 ± 9.0
1.1 % 69.3 %
8.7 ± 4.6 30.9 ± 5.5

ight Knee Left Knee Right Knee Left Knee

.3 ± 2.0 1.2 ± 2.1 6.4 ± 3.6 6.4 ± 4.6

.3 ± 6.5 4.5 ± 7.4 16.3 ± 10.4 18.2 ± 13.4

.3 ± 1.1 4.3 ± 1.1 4.4 ± 1.0 4.3 ± 1.1



Fig. 2. Overlap Between Joint Space Narrowing and Pain Progression. Joint space narrowing over the course of 8 years was not accompanied by worsening of paindthe majority of
radiographic progressors had stable levels of pain (4.3% < 23.4%). Similarly, worsening pain not associated with radiographic progression (4.3% < 9.9%).

Fig. 3. Predicting Longitudinal Joint Space Narrowing Using One- and Two-Year Data. True posterior probabilities of being a progressor compared against probabilities computed
using the least absolute shrinkage and selection (LASSO) predictive model (test data). One-year follow-up data explain 46% of the variance, whereas 2-year follow-up data explain
71% of the variance.
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disparities may stem from the following differences in our
approach. First, we modeled change in pain from the baseline visit,
rather than absolute pain scores over time because we were
interested in clustering subjects based on how they progress, rather
than their status at baseline. When modeling the evolution of ab-
solute scores, baseline values can bias clustering, especially in a
dataset where inter-subject variability at baseline is, on average,
much larger than intra-subject change over time. Second, we
allowed each cluster to flexibly and independently model the shape
of the underlying data, instead of constraining all the clusters a
priori to assume one shape. Third, we used a formal approach, the
Silhouette, cross-validated on held-out data, to select the number
of clusters. Last, another source of incongruity may be the clus-
tering method itself. We chose a mixed-effects mixture model
because it is particularly advantageous for sparsely sampled data,
using the covariance structure to ensure that curves with missing
portions use information from similar curves. Here, we reported
mean posterior probabilities associated with test data, not used in
the model construction, because they are a better presentation of
how well the model can generalize to new data.

Ultimately, the clinical utility of predictive models hinges on
their ability to make predictions on new data. Thus, we attempted
to develop cross-validated predictive models that can make accu-
rate predictions on held-out data. Previous studies have reported
several risk factors associated with OA incidence and progression,
including occupational knee bending, BMI, and history of smoking,
among others19. Although we included these as candidate vari-
ables, we did not find them to be strongly predictive of pain pro-
gression or joint space narrowing. This, however, does not indicate
that factors such as smoking do not elevate the risk of OA, but other
variables may be necessary to model the complexity of interacting
or confounding factors. For example, individuals who do not have
knee malalignment, may never develop OA even if they smoke,
while others with high knee malalignmentmay develop OA despite
never having smoked. Our models utilized data from question-
naires and functional tests. Radiologic image assessments and data
from biospecimen assays should improve their performance in the
future.

The asynchronous progression of pain and joint space narrow-
ing is supported by previous findings that have related pain to
structural changes in bone and other soft tissue within the joint
capsule, but not cartilage20e24. While some studies report that pain
and radiographic severity are generally associated25,26, others have
found that nearly 50% of individuals with moderate to severe

mailto:Image of Fig. 2|tif
mailto:Image of Fig. 3|tif


Fig. 4. Model Performance Evaluation. A. Joint space narrowing could not be predicted with high accuracy using baseline clinical variables. Data from follow-up visits improved
predictive performance. Models built to predict progression in both knees simultaneously were more accurate than those built for the right and left knees separately. B. Pain
progression could be predicted with high accuracy using data from a single visit. Models to distinguish worsening or improving subjects from stable ones were moderately accurate,
whereas those distinguishing worsening from improving ones were highly accurate.

Table IV
Variables included in at least 9 of the 10 cross-validated models for predicting pain progression in both knees

Stable vs Improving Worsening vs Stable Improving vs Worsening

KOOS: Left knee pain while bending knee fully 20-m Walk Test: Number of steps (longer time) KOOS: Left knee pain while walking
KOOS: Either knee difficulty while kneeling Right Knee X-ray: Evidence of knee medial joint space narrowing WOMAC: Right knee aggregate pain score
Block Brief 2000: frequency of dairy (cheese) Block Brief 2000: Frequency of beef

steaks/roasts/pot roast/frozen dinners/sandwiches
KOOS: Left knee pain while in bed, last 7 days

CES-D: How often sleep was restless
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radiographic evidence of OA are asymptomatic and 10% of in-
dividuals with moderate to severe knee pain have normal radio-
graphs27e29. It has been suggested that due to the aneural nature of
cartilage, pain is mostly related to structural changes in bone and
other soft tissue within the joint capsule30. Cartilage can produce
pro-inflammatory cytokines, but it is likely not the tissue that
generates pain. Magnetic resonance imaging (MRI) studies have
demonstrated that synovitis, synovial hypertrophy and large sy-
novial effusions, bone marrow edema, subchondral bone sclerosis,
and meniscal tears are associated with pain20e23. Similarly, early
pre-radiographic changes in cartilage microstructure can be
captured with T2-weighted MRI, data that are available for this
population, but have not yet been processed. Thus, imaging
biomarkers have the potential to improve predictive models both
for pain and radiographic progression.

A few characteristics and limitations of this study must be
considered when interpreting the findings presented here and
placing them in context with the current and future literature. First,
this study is based on a US population, which although diverse, may
not encompass all the varying combinations of genetic, de-
mographic, and mechanical factors that increase predisposition to
OA and accelerate its rate of progression thereafter. Validating the
identified disease progression clusters in a different population,
such as the Cohort Hip and Cohort Knee (CHECK) study carried out
in the Netherlands31, is a desirable next step for testing their
generalizability to different populations. Second, we found that 8-

mailto:Image of Fig. 4|tif
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year joint space narrowing cannot be accurately predicted using
data from a single visit, and follow-up data from at least one visit
improvesmodel performance by 28%. Data from a second follow-up
visit increases predictive performance by an additional 7%, but this
incremental improvement should be weighted against longer
monitoring time, which may be infeasible for clinical trials. Ulti-
mately, predictive accuracy is a function of effort, increasing with
higher quality data collected in the baseline visit or longer-term
monitoring. Once processed data from biospecimen assays and
MRI scans become available for this population, regularized models
(e.g., LASSO models) have the potential to identify new biomarkers
of disease progression from a large pool of candidate variables and,
subsequently, improve the predictive performance of these models.
In the absence of these high quality data from the baseline visit,
monitoring subjects for at least 1 year may be needed to make
accurate predictions. Third, given two highly correlated predictors,
LASSO may select only one of them. Although this is accomplished
at no expense on the predictive performance of a model, the vari-
ables selected by LASSO should not be interpreted as the only ones
that are associated with the outcomes. Our goal was to develop the
most accurate predictive model, rather than identify risk factors.

Studies investigating the effect of disease modifying treatments
for osteoarthritis are currently limited since they combine subjects
with different disease progression profiles into one group. The
heterogeneity of OA progression is a confounding factor that may
obscure the positive effect of a treatment, especially if the treated
group contains a higher number of fast progressors compared to
the untreated group. To make these studies more efficient and
informative, predictive models of disease progression are needed.
Our work contributes toward achieving this goal in several ways.
First, while most previous studies have modeled progression of
symptoms, here we also modeled structural disease progression
measured through joint space narrowing, which is the only clinical
endpoint recognized by the Food and Drug Administration. Second,
we presented a novel statistical modeling approach that utilizes
subject similarity to overcome the challenge of missing data. Unlike
previous approaches, our approach does not constrain all the
clusters to take one shape (e.g., be linear, but have different slopes)
and inter-subject variability within clusters to be zero. Fewer as-
sumptions about the underlying structure of the data allow us to
model disease progression more accurately. Third, we built prog-
nostic models to predict disease progression earlyda necessary
step for improving the design of future clinical trials. A common
practice in the field is to report odds ratios as a measure of the
association between a subject characteristic and an outcome.While
useful in understanding risk factors, odds ratios are not well-suited
for prediction, as is evidenced by the data presented here. Subjects
in the incidence subcohort of the OAI were all selected using a set of
risk factors indicating they were at high risk of developing OA.
However, as shown here, the majority of them do not progress.
Fourth, to ensure that both the disease progression and predictive
models are generalizable, we used thorough cross-validation. This
is not common practice in the field, but it is a necessary step for
building models that translate well to new data. Additionally, we
have provided a set of open-source tools in the statistical package R
to encourage the refinement of these models as more sensitive
biomarkers become available to the community through the OAI
repository. Ultimately, identification and early prediction of OA
progression trajectories could boost OA prevention efforts by
improving the efficacy of clinical trials and accelerating the dis-
covery of new treatments.
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