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Abstract

Objective: This study aimed to examine the performance of machine learning models in predicting the progression of knee
pain, functional decline, and incidence of knee osteoarthritis (OA) in high-risk individuals, with automated machine learning
(AutoML) being used to automate the prediction process.

Design: There were four stages in the process of our AutoML-integrated prediction. Stage 1—Data preparation: The data of
3200 eligible individuals in the Osteoarthritis Initiative (OAI) study who were considered at high risk of knee OA at the base-
line visit were extracted and used. Specifically, 1094 variables from the OAI study were used to predict the changes in knee
pain, physical function, and incidence of knee OA (i.e. the first occurrence of frequent knee symptoms and definite tibial
osteophytes (Kellgren and Lawrence grade ≥2)) over a 9-year period. Stage 2—Model training: The AutoML approach
was used to automatically train nine widely used machine learning (ML) models. Stage 3—Model testing: The AutoML
approach was used to automatically test the performance of the ML models. Stage 4—Selection of important input variables:
The AutoML approach automated the process of computing the importance scores of all input variables and identifying the
most important ones, using the technique of permutation feature importance.

Results: Using the AutoML approach, the weighted ensemble model and the CatBoost model showed the best performance
among all nine ML models. For the prediction of each outcome in each year, the five most important input variables were
identified, most of which were obtained from self-reported questionnaire surveys and radiographic imaging reports.

Conclusion: The AutoML approach has shown potential in automating the process of using ML models to predict long-term
changes in knee OA-related outcomes. Its use could support the deployment of ML solutions, facilitating the provision of
personalized interventions to prevent the deterioration of knee health and incident knee OA.
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Introduction
Knee osteoarthritis (OA) is a leading cause of knee pain,
immobility, and poor quality of life, which affects more
than 20% of middle-aged and older adults worldwide.1–5

Many more people will be at risk of knee OA in future
because of aging and obesity,6 so it is critical for OA to
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be prevented or to be detected early. Typically, diagnosis of
knee OA relies on patient-reported symptoms and evidence
from X-radiographic images, but individuals may not notice
subtle changes in their knee health, and X-radiography has
limitations in detecting early disease.7–9 As a result, clini-
cians may fail to ensure that their patients take necessary
precautions to prevent the progression of knee pain, func-
tional decline, and the occurrence of knee OA.

Artificial intelligence-based prognostic models can be
developed and may enable the prediction of incident knee
OA, for which, machine learning (ML) algorithms such as
logistic regression10 and k-nearest neighbors (k-NN)11 have
been used. However, there are limitations to such approaches.
First, the deployment of high-performance models demands
manual preprocessing of data, feature engineering, model
selection, hyperparameter tuning, and model testing, all of
which can be complex and time-consuming.12 As such, clini-
cians who lack knowledge and experience in programming
may struggle to use predictive models. Second, the risk
factors that were used as the input variables in previously
developed predictive models may not be the most important
variables to use for accurate prediction.13 Identifying the
most important factors for precise prediction is an ongoing
challenge in this field.

Automated machine learning (AutoML) can be used to
automatically execute the processes of implementing ML
models to generate predictions (e.g. selecting and combining
ML models, optimizing hyperparameter settings, and achiev-
ing optimal performance) in a more flexible, robust, and effi-
cient manner than by using traditional ML techniques.14–16

With the assistance of AutoML, clinicians would be able to
devise and deploy ML solutions without the need to expend
extensive time and effort in model training, testing, and iden-
tification of important input variables.14 Despite these benefits,
little research has been conducted on the use of AutoML to
assist in the process of implementing ML models to predict
knee health conditions in individuals at high risk of knee OA.

Therefore, the aim of the present study was to apply an
AutoML approach to automatically manage the processes of
implementing ML models and to examine the performance
of these models in predicting the progression of knee pain,
functional decline, and incidence of knee OA in individuals
at high risk of knee OA. Data from the Osteoarthritis
Initiative (OAI) study, which comprise over 3000 eligible par-
ticipants and over 1000 input variables (i.e. clinical and
imaging data collected from the OAI clinical visits), were
used to train and test the ML models, and the most important
variables for the predictions were identified.

Methods

Study sample

The OAI (https://nda.nih.gov/oai) is a longitudinal study of
the natural progression of knee OA in 4796 individuals

aged 45 to 79 years from four clinical centers in the
United States. These individuals are examined annually,
and the OAI clinical data collected at the baseline visit
and nine follow-up visits have been made public. Ethical
approval was obtained from the Institutional Review
Boards of four OAI clinical sites, located at Baltimore,
Maryland; Columbus, Ohio; Pittsburgh, Pennsylvania;
and Pawtucket, Rhode Island. All participants included in
the OAI study provided written informed consent.

In the current study, we used the OAI study’s eligibility
criteria to include individuals at high risk of knee OA. The
OAI study defines individuals at high risk of knee OA (i.e.
the incidence cohort) as those who had risk factors at baseline
but were not diagnosed with symptomatic tibial-femoral OA,
that is, those who did not have frequent knee symptoms
(pain, soreness, or stiffness in or around the knee on most
days for at least 1 month in the past 12 months) and definite
tibial osteophytes (Kellgren and Lawrence imaging grade
≥2) in the same knee.17 The risk factors used by the OAI
study to identify the individuals at high risk of knee OA
(n= 3284) from all of the participants include age above
70, overweight, presence of knee symptoms during the
past 12 months, previous knee injury, previous knee
surgery, family history of total knee replacement for knee
OA, and Heberden’s node in the hand.17

Knee OA-related outcomes

Three knee OA-related outcomes were used in our predic-
tions: progression of knee pain, functional decline, and inci-
dence of knee OA. We used the participants’ scores on the
pain subscale and the physical function subscale of the
Western Ontario and McMaster Universities Osteoarthritis
Index (WOMAC)18 to predict the progression of knee
pain and functional decline over nine years. The pain sub-
scale contains five items on knee pain: knee pain during
walking, while using stairs, while in bed, while sitting or
lying, and while standing upright. The physical function
subscale of the WOMAC comprises 17 items measuring
the difficulty of performing daily activities, such as using
stairs, rising from sitting, bending, shopping, and perform-
ing domestic duties. The items are scored on a 5-point
Likert scale ranging from 0 (none) to 4 (extreme), with a
maximum score of 20 for the pain subscale and 68 for
the physical function subscale. A high score indicates
worse knee health. With respect to the prediction of incident
knee OA, the participants included in this study had no knee
OA at baseline, and we predicted whether they exhibited
knee OA at the follow-up visits each year. According to
the OAI study, the incidence of knee OA is defined as the
first occurrence of frequent knee symptoms (pain, soreness,
or stiffness in or around the knee on most days for at least
1 month in the past 12 months) and definite tibial osteophytes
(Kellgren and Lawrence imaging grade ≥2) in the same
knee.17

2 DIGITAL HEALTH

https://nda.nih.gov/oai
https://nda.nih.gov/oai


Input variables used in our predictions

We first excluded the administrative variables from the
OAI study data, such as data collection date and staff iden-
tifications, and finally extracted 1094 variables, which we
subsequently used in our prediction of the progression of
knee pain, functional decline, and incidence of knee OA
in the participants over nine years. The input variables
we used to generate our predictions comprised demo-
graphic information, joint symptoms and functions,
quality of life, medical history, surgery history, perform-
ance of physical examinations, physical activity, dietary
nutrition intake, knee examination, and assessments of
knee X-ray images.

AutoML-based prediction

For each of the three outcomes, we used the baseline data of
both knees as input variables and predicted the conditions
of the right and left knees separately for each follow-up
visit. This approach would enable individuals to have a
better understanding of their knee health, such as which
knee may experience deterioration in specific years in the
future, allowing for the provision of more personalized
interventions. Figure 1 presents the four stages in the ML
pipeline of AutoML applied in our prediction task. We
applied AutoGluon15 (an open source AutoML platform)
to execute the processes of model training and testing in
an automatic manner, which was shown to be faster, more
robust, and much more accurate than many other
AutoML platforms.15 The details of the four stages are
described below.

Stage 1—Data preparation. The data records of the OAI’s
participants who were considered at high risk of knee OA
at the baseline visit were located, and input variables and
their outcome data were extracted. The outcome data of
individuals that were acquired after knee replacement
surgery or the outcome data of those who had died were
not extracted and used. After excluding the participants
with no outcome data, the remaining sample was used for
the training and testing of the predictive models. Their
data were randomly divided into a training set (90% of
the data) to fit the parameters of the predictive models,
and a testing set (10% of the data) to examine the perform-
ance of the models by comparing the predicted values with
the true values of the outcomes. The procedure of data split-
ting was performed 10 times, along with the following pro-
cesses of model training and testing, to alleviate the
problem of overfitting or selection bias.19 The mean value
of the performances of each model across these 10 runs
were reported.

Stage 2—Model training. We applied a random forest algo-
rithm, an extra-trees algorithm, a gradient-boosting algo-
rithm (using five implementations), a k-NN algorithm,
and a weighted ensemble approach15 to develop regression
models to predict the progression of knee pain and func-
tional decline, and applied classification models to predict
the incidence of knee OA. We used AutoML to automatic-
ally search for hyperparameters to optimize the perform-
ance of each model in the training set.

Stage 3—Model testing. We calculated the root-mean-square
errors (RMSEs) to evaluate the performance of the models

Figure 1. Pipeline of automated machine learning used to predict the progression of knee pain, functional decline, and incidence of knee
osteoarthritis in the participants.
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in predicting knee pain and functional decline, with a small
RMSE indicating high accuracy, that is, a small difference
between the predicted and actual WOMAC scores. To
determine the incidence of knee OA, we calculated the
area under the receiver operating characteristic curve
(AUC) to test the accuracy of binary classification, with a
large AUC suggesting that a model exhibited good per-
formance in distinguishing between the knee OA and no
knee OA conditions. In theory, the weighted ensemble
model should perform as good as the best individual
models in the training set; however, because of the overfit-
ting issue, it can produce less accurate predictions in the
testing set. Thus, we compared the performance of all
models to identify any potential differences.

Stage 4—Selection of important input variables. After we had
predicted the outcomes using all 1,094 input variables, we
employed the technique of permutation feature import-
ance20,21 to calculate the importance score of each variable
and thus identify the most important variables. The higher
the score of a variable, the more important it was to the pre-
dictive accuracy. To be specific, the value of each variable
was permuted individually, and the predictive accuracy was
assessed after each permutation; the decrease in the accur-
acy indicated how much the predictive performance relied
on the variable.21 This study focused on the importance
of features in determining the predictive performance of
ML models, regardless of the direction of the feature
effect. In this study, we identified the five most important
variables for the prediction of each outcome in each year.

Results

Study sample

After removing the 84 individuals who had been enrolled in
the OAI study but later found to have no outcome data due
to knee replacement surgery or confirmed death, a total of
3,200 individuals who were considered at high risk of
knee OA at baseline were included as participants in the
current study to generate predictive models. Table 1 sum-
marizes the baseline characteristics of the participants.

Prediction results

Figure 2 presents the performances of the ML models for
each outcome, and Appendix A shows their detailed per-
formance data. With increasing years, the models’ RMSEs
increased and their AUCs slightly decreased, indicating
that their performances were worsening over time.

Specifically, the results indicated that the weighted
ensemble model, category gradient-boosting (CatBoost)
model, and extra-trees modelexhibited the best performance
in predicting pain around the right knee, as these models each
had mean RMSEs over nine years of 2.27 (SD= 0.16) on the

0–20WOMAC scale. In contrast, we found that the weighted
ensemble model showed the best performance for predicting
pain around the left knee (mean RMSE= 2.30, SD= 0.13).
However, the k-nearest neighbors (k-NN) model performed
the worst in predicting the progression of knee pain over
nine years in both knees (right knee: mean RMSE= 2.83,
SD= 0.16; left knee: mean RMSE= 2.88, SD= 0.14).

With respect to functional decline over nine years, for the
right knee, the weighted ensemble model (mean RMSE=
7.01, SD= 0.65) and CatBoost model (mean RMSE=7.01,
SD=0.66) showed the best predictive performance, and for
the left knee, the weighted ensemble model showed the best
predictive performance (mean RMSE=7.33, SD=0.59). In
contrast, the k-NN model showed the worst predictive per-
formance for both knees (right knee: mean RMSE=9.05,
SD=0.47; left knee: mean RMSE= 9.46, SD=0.61).

Most of the models exhibited high performance in pre-
dicting the incidence of OA in both the right and left
knees, with the mean AUC over nine years ranging from

Table 1. Baseline characteristics of the 3200 participants in this
study.

Characteristics Mean± SD or %

Age, years 61.29± 9.19

Female 58.97

Body mass index (BMI), kg/m2 28.10± 4.65

Obesity, defined as BMI≥ 30 kg/m2 32.81

Presence of knee symptoms 25.72

Previous knee injury 40.22

Previous knee surgery 18.38

Family history of total knee replacement 15.56

Heberden’s node in the hand 32.59

Repetitive knee-bending activities 73.06

WOMAC pain (0–20)

Right knee 1.76± 2.58

Left knee 1.65± 2.76

WOMAC physical function (0–68)

Right knee 5.58± 8.31

Left knee 5.71± 9.25

WOMAC=Western Ontario and McMaster Universities Osteoarthritis Index.
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0.78 to 0.81. The best-performing models were the weighted
ensemble model, CatBoost model, and extra-trees model
(right knee: mean AUC= 0.81, SD=0.01; left knee: mean
AUC= 0.81, SD=0.02). In contrast, the worst-performing
model was the k-NN model, with a mean AUC less than 0.5
for both knees (right knee: mean AUC= 0.47, SD=0.07;
left knee: mean AUC=0.48, SD= 0.02).

Important input variables for prediction

From all the input variables collected at the OAI baseline
visit, we identified the five most important ones for the pre-
diction of each outcome in each year (see Appendix B for
the priorities and importance scores of each important vari-
able). The important variables identified for the prediction
of all three outcomes over nine years are summarized in
Table 2 and were found by analyzing self-reported ques-
tionnaire surveys, performance measures, clinical examin-
ation reports, and radiographic imaging reports. Some
questionnaire-based variables were found to be important

for predicting the progression of knee pain and functional
decline, such as the WOMAC score, Knee injury and
Osteoarthritis Outcome Score (KOOS), severity of knee
pain, and Medical Outcomes Study 12-item Short-Form
Health Survey score. With respect to the incidence of
knee OA, we found that the radiographic data (including
data on the composite OA grade, osteophytes, and joint
space narrowing) showed the greatest impacts on prediction
results, and other important variables included BMI, knee
examination results, dietary nutrition intake, etc.

Discussion
In this study, we applied AutoML to automate the process
of using ML models to predict the progression of knee
pain, functional decline, and incidence of knee OA in indi-
viduals at high risk of such outcomes, and determine the
predictive performance of the models. Out of the nine pre-
dictive models we used, the weighted ensemble model and
the CatBoost model performed the best. This may be

Figure 2. Predictive performances of the models over nine years.
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Table 2. Summary of the most important input variables for the prediction of progression of knee pain, functional decline, and incidence of
knee OA over nine years.

Progression of
knee pain

Functional
decline

Incidence of knee
OA

Important input variables Right Left Right Left Right Left

Age √

Body mass index √ √ √

Year of age at first knee injury (left knee) √

Knee symptoms and knee-related physical function

WOMAC score (right knee) √ √ √ √

WOMAC score (left knee) √ √ √

KOOS (right knee) √ √ √

KOOS (left knee) √ √ √

Severity of knee pain on 11-point scale (right knee) √ √

Severity of knee pain on 11-point scale (left knee) √

Pain: started about how many years ago (left knee) √

Other joint symptoms

Bony enlargement (right hand) √

Presence of back pain √

Presence of left ankle pain √

General health

SF-12 score √ √ √ √

Physical activity

Frequent knee-bending activities: climbing up stairs √

Dietary nutrition intake

Block Brief 2000 Food Frequency Questionnaire √ √ √ √

Performance measures

400-meter walk √

Knee extension (left knee) √

Knee flexion (left knee) √

(continued)
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attributable to the fact that the weighted ensemble model
uses a multi-layer strategy that integrates multiple ML
models; as a result, it has demonstrated superior perform-
ance in model training and achieved one of the best perfor-
mances in model testing.15 It may also be attributable to
the fact that compared with traditional gradient-boosting
models, the CatBoost model deals better with categorical
variables and overcoming the overfitting problem.22

In contrast, we found that the k-NN model exhibited
worse predictive performance than the other models.
This may be attributable to the k-NN model having limita-
tions in dealing with a large number of input variables, as
it is ineffective at determining the most important
variables.23

Future studies can adopt our prediction and AutoML
approach to automate the process of model training and
testing, and then obtain prediction results for clinical use
in various contexts. For instance, our approach can be
used to predict various outcomes, such as lower limb
muscle strength, joint space width, and the probability of
total knee replacement. It can also be applied to predictions
that use different input variables, including a set of vari-
ables predetermined by clinicians and variables collected
over multiple years. Furthermore, it can also be used to
conduct predictions on different datasets, such as data

collected from different patient populations or specific
subgroups.

From all input variables collected at baseline, we exam-
ined their importance and identified the most important
ones for the predictive accuracy of ML models. The identi-
fication of the most important variables can help simplify
the process of prediction, allowing clinicians to make pre-
dictions using a smaller set of important input variables.
For the three outcomes investigated in our study, the most
important variables varied. It was not surprising to find
that the most important variables for predicting the progres-
sion of knee pain and functional decline included the sub-
scale and total scores of questionnaire-based measures
(e.g. WOMAC and KOOS) collected at baseline, as in
our predictions these two outcomes were determined by
examining the changes in WOMAC scores.24 Regarding
the prediction of the incidence of knee OA, radiographic
data collected at baseline were found to have greater
importance than other variables. One reason for this could
be that radiographic evidence is considered a mainstay in
the diagnosis of knee OA.25 Another reason could be that
the individuals with radiographic evidence of knee OA at
baseline were likely to develop knee symptoms,26,27 which
would result in a diagnosis of knee OAwith both radiographic
evidence and knee symptoms in the follow-up visits.

Table 2. Continued.

Progression of
knee pain

Functional
decline

Incidence of knee
OA

Important input variables Right Left Right Left Right Left

Isometric strength (right leg) √

Knee examination

Flexion contracture/hyperextension (right knee) √ √

Flexion contracture/hyperextension (left knee) √

Medial tibiofemoral pain (left knee) √

Patellofemoral crepitus (right knee) √

Radiographic imaging

Composite OA grade (right knee) √ √

Composite OA grade (left knee) √

Osteophytes and JSN (right knee) √

Osteophytes and JSN (left knee) √ √ √ √

OA= osteoarthritis, WOMAC=Western Ontario and McMaster Universities Osteoarthritis Index, KOOS= Knee injury and Osteoarthritis Outcome Score, SF-12=
Medical Outcomes Study (MOS) 12-item short-form health survey, JSN= joint space narrowing.
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Moreover, there were differences in important variables for
predicting the outcomes in left and right knees. Specifically,
when predicting outcomes for the left knees, we found that
a majority of important input variables were associated with
the left knees; and the same findings were observed for the
predictions on right knees. This could be because the data of
input variables of one side of the knee can provide a more
accurate reflection of the health condition of that particular
side, thereby being more influential in predicting outcomes
for that corresponding side.

Our findings have several implications for research. First,
there was a decreasing trend in the predictive accuracy of
our models over time, indicating that short-term prediction
was more accurate than long-term prediction. Thus, it is neces-
sary to develop models that can achieve higher accuracy for
long-term prediction than the models used in our study.
Alternatively, to improve the accuracy, it may be beneficial
to use the data from multiple visits as input variables,
instead of solely from the baseline visit, as research has
shown that using data from longer periods can obtain more
robust results compared to using short-term data when predict-
ing the cartilage loss trajectory among OAI participants.28,29

Second, out of over 1,000 variables, we determined only the
five most important input variables for prediction. In future
research, it would be useful to allow clinicians to determine
the appropriate number of input variables for prediction and
select the variables based on clinical need. Third, future
studies could use more datasets than we used in this study,
as this would enable the validation of AutoML’s predictive
performance in more healthcare settings, such as predicting
the progression of other chronic diseases.

In practical settings, accurate prediction results can enable
both clinicians and individuals at high risk to have a clear
prospective understanding of the potential progression of
knee OA-related symptoms, allowing them to take action
to manage knee health in a timely manner before their con-
dition worsens. For example, we performed predictions for
both left and right knees to provide more personalized
results. This would allow individuals to be aware of the
knee that is more vulnerable and take appropriate precau-
tions, such as avoiding injury and minimizing excessive
usage of that knee. Moreover, based on personalized predic-
tion results, interventions can be customized to meet the
demand for individualized healthcare. For example, indivi-
duals at high risk of knee OA who experience a significant
decline in physical function could be encouraged to take
immediate actions, such as having regular check-ups, imple-
menting body weight control, or taking exercise.30,31 It is
also essential to deliver personalized education to individuals
at high risk on the process of OA, its pain mechanisms, and
preventive strategies.32 Further, new interventions can be
developed and implemented to improve knee health.
Similar to the implementation of other healthcare technolo-
gies, their usability, acceptance, and effects on knee health
are worth further investigation among the end users.33–39

Conclusions
The use of AutoML was found to have the ability to auto-
mate the process of using ML models to predict the progres-
sion of knee pain, functional decline, and incidence of knee
OA in individuals at high risk of these outcomes. Also, the
weighted ensemble model and the CatBoost modelshowed
the best performance among all nine ML models examined.
Among all the input variables, the questionnaire-based out-
comes and radiographic data were found to be more import-
ant than others in prediction. For future practice, with the
use of AutoML, clinicians would be able to generate predic-
tions without the need for extensive knowledge of and
experience in ML. This would allow the development of
personalized interventions for the prevention of health
issues. Moreover, the use of this predictive approach for
assessing individuals at high risk of knee OA would help
them to be made sufficiently aware of their knee problems
that they would take immediate action to improve their knee
health.
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