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Development and accuracy of an artificial
intelligence model for predicting the
progression of hip osteoarthritis using plain
radiographs and clinical data: a retrospective
study
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Abstract

Background Predicting the progression of hip osteoarthritis (OA) remains challenging, and no reliable predictive
method has been established. This study aimed to develop an artificial intelligence (Al) model to predict hip OA
progression via plain radiographs and patient data and to determine its accuracy.

Methods This retrospective study utilized anteroposterior pelvic radiographs of consecutive patients with hip OA
who underwent primary unilateral total hip arthroplasty. Radiographs diagnosed with Kellgren—-Lawrence (KL) grade
0-2 were extracted from 361 patients and 1697 images. This Al model was developed to predict whether OA would
progress from KL grade 0-2 to KL grade >3 within n years (n=3, 4, 5). A gradient-boosting decision tree approach was
utilized according to feature extractions obtained by a convolutional neural network from radiographs and patient
data (height, body weight, sex, age, and KL grade given by an orthopedic surgeon) with five-fold cross-validation. The
model performance was assessed using accuracy, specificity, sensitivity, and the area under the receiver operating
characteristic curve (AUC).

Results The mean accuracy, specificity, sensitivity, and AUC of our prediction model were, respectively, 81.8%, 88.0%,
66.7%, and 0.836 for 3 years; 79.8%, 85.0%, 71.6%, and 0.836 for 4 years; and 78.5%, 80.4%, 76.9%, and 0.846 for 5 years.

Conclusions The proposed Al model performed adequately in predicting hip OA progression and may be clinically
applicable with additional datasets and validation.
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Background

An estimated 242 million people worldwide face daily
limitations due to symptomatic hip and/or knee osteoar-
thritis (OA) [1]. Hip OA prevalence in individuals over 45
years of age is approximately 10% [2, 3]. Conservative OA
treatment includes education, weight loss, and exercise
supplemented by non-steroidal anti-inflammatory drugs,
corticosteroid injections, and adjunctive medications. For
advanced symptomatic OA with structural damage, total
joint arthroplasty effectively alleviates pain; however, it is
costly, invasive, and affects a patient’s quality of life [4]. A
cohort study linked functional limitations due to hip and
knee OA to increased mortality and serious cardiovas-
cular events [5]. Predicting OA onset and progression is
crucial, with studies showing older age, female sex, and
overweight as risk factors for both hip and knee OA [1,
6]. Additionally, congenital and acquired anatomic hip
morphologies (e.g., hip dysplasia and femoroacetabular
impingement syndrome) are risk factors for hip OA [7,
8]. However, the overall etiology of OA remains unclear,
and knowledge regarding factors contributing to hip OA
progression is lacking.

In recent years, the use of artificial intelligence (AI)
to reduce the variability and human error in interpret-
ing complex data has become increasingly widespread.
Plain radiographs were used for the initial radiographic
evaluation to diagnose or assess hip OA severity. The
Kellgren—Lawrence (KL) grade [9] is widely used to stan-
dardize radiographic hip OA severity. However, the semi-
quantitative KL grade is highly dependent on practitioner
subjectivity, and several studies have reported that the
KL grade can be automated via deep learning in knee OA
[10-12].

Machine learning, based on radiographs, magnetic res-
onance imaging (MRI), and biomarkers, has been widely
used in early OA diagnosis [13]. A multitask deep learn-
ing model for grading radiographic hip OA features has
been reported in hip OA [14]. Their prospective obser-
vational study developed a deep learning model utilizing
standing pelvic radiographs of 4368 participants in the
Osteoarthritis Initiative to evaluate femoral osteophytes,
acetabular osteophytes, joint crevice narrowing at four
levels (normal, mild, moderate, and severe), and sub-
chondral bone sclerosis and subchondral cyst formation
at two levels (with and without).

Al models in knee OA have been reported to predict
OA progression and the risk of total knee arthroplasty
[15, 16]. The deep learning model on knee radiographs
better predicted the risk of total knee arthroplasty than
did binary outcome models using standard grading sys-
tems [15]. A multimodal machine learning model (deep
learning and a gradient boosting decision tree), based on
knee OA progression prediction from radiographs and
clinical data, showed better results than did a logistic
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regression model [16]. The AI model using machine
learning, and not deep learning, for hip OA was devel-
oped based on the original Shape-Score automatically
derived from radiographs in the Cohort Hip and Cohort
Knee (CHECK) study; the model predicts OA progres-
sion or progression to total hip arthroplasty (THA) after
8 years [17]. A deep learning algorithm predicting the
necessity for THA within 3 months has been developed
for hip OA [18]. Compared to knee OA, there are few
studies on Al and no Al model using deep learning has
been utilized to predict hip OA progression.

This study aimed to develop an Al model for predicting
hip OA progression using hip radiographs and patient
demographics and determine its accuracy.

Methods

This study was approved by the Institutional Review
Board of Teikyo University and conducted in accor-
dance with the World Medical Association Declaration
of Helsinki (IRB approval No. 19-152-5). All individu-
als included in this study provided written informed
consent.

This retrospective study enrolled 500 patients with
hip OA who underwent primary unilateral THA at our
institution between October 2011 and March 2022.
Anteroposterior (AP) pelvic radiographs in a non-
weight-bearing (supine) position obtained from the first
until the last visit were used for each patient, excluding
images of hip fractures, post-periacetabular osteotomy,
and pediatric skeletal diseases. All images were evalu-
ated by a single hip orthopedic surgeon (RH) to deter-
mine the KL grade. Images diagnosed with KL grade 0-2
were extracted from 361 patients, and 1697 images were
obtained. Among these, in 249 patients, a KL grade of 3
or higher within 3 years could be predicted, with a data-
set of 915. The number of patients for whom a KL grade
of 3 or higher within 4 years could be predicted was 223,
with a dataset of 792. The number of patients for whom a
KL grade of 3 or higher within 5 years could be predicted
was 203, with a dataset of 703. To assess the intra- and
inter-observer reliability of the KL grade, 40 hips were
randomly selected and assessed by two orthopedic sur-
geons (RH and KM). The intra- and inter-observer reli-
ability values were 0.94 (95% confidence interval [CI],
0.92-0.95) and 0.93 (95% CI, 0.91-0.95), respectively.

Demographics
Height, body weight, and sex were recorded during THA,
whereas age was obtained from Digital Imaging and
Communications in Medicine (DICOM) radiographic
image files. The KL grades were classified on a scale of
0—4. (Table 1)
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Table 1 Patient demographics

Variables Values
Height, m 1.54(0.075)
Body weight, kg 583 (11.7)
Female sex, % 89.3%

Age, years 67.3(11.1)
KL grade, n

0 880/1697

1 364/1697

2 453/1697

Values are presented as means (SD)

KL, Kellgren-Lawrence; SD, standard deviation

Algorithm design

The workflow of the algorithm is illustrated in Fig. 1.
An NVIDIA Tesla V100 GPU with CUDA 11.3 was uti-
lized to run the deep learning models. A combination
of Python [19] (version 3.8.10, http://www.python.org),
OpenCV [20] (version 4.6.0, https://opencv.org/), and
Pydicom [21] (version 2.3.1, https://pydicom.github.io)
was utilized to crop and resize the DICOM radiographic
images.

A pretrained Faster R-CNN implemented in MMDe-
tection [22] (https://github.com/open-mmlab/mmdete
ction) was trained to identify the hip regions of interest
(ROI) from hip AP radiographs. Bounding boxes were
placed at the femoral head center, around the anterior
superior iliac spine on the upper side, around the pubic
symphysis on the medial side, and distal to the lesser
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trochanter on the lower side. The ROI annotators used
these rules to annotate datasets. A total of 499 hip AP
radiographs (349 for training, 50 for validation, and 100
for testing) were used to develop the object-detection
model. The left and right hip ROIs were detected and
cropped, and incorrect ROIs were manually modified.
Afterward, the left hip ROI was flipped to the right. The
square hip ROI was resized to 224 pixels x 224 pixels.

EfficientNet-B4 [23] (version 0.7.1, https://github.co
m/lukemelas/EfficientNet-PyTorch), pretrained on the
ImageNet dataset, was used as a feature extractor of the
images. Cropped radiographs were normalized using the
mean and standard deviation of the ImageNet dataset.
The extracted features were the outputs of the Global
Average Pooling layer, resulting in 1792-dimensional
real-valued vectors.

Demographic data, which were preprocessed into a six-
dimensional (four dimensions for height, body weight,
age, and KL grade and two dimensions for sex, which is
a one-hot encoded) real vector, were finally concatenated
with the extracted image features, yielding 1798-dimen-
sional real-valued vectors and inputs. These data were
inputted into a gradient boosting decision tree, using
the GradientBoostingClassifier class in the scikit-learn
library [24], to predict OA progression to KL grade>3
within # years. (n=3,4,5). In the initial stages of the study,
the performance of four different algorithms—linear
regression, random forest, gradient boosting decision
tree, and support vector machine—was evaluated for
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Fig. 1 Schematic representation of our artificial intelligence modal pipeline, predicting the progression of hip OA. A pretrained Faster R-CNN was trained
to depict hip ROI from pelvic anteroposterior radiographs. First, input images detected the hip ROI, and the cropped the hip area as our target ROl was
resized to 224x 224 pixels. Afterwards, these cropped images were inputted into EfficientNet-B4 pretrained by ImageNet dataset. Feature extractions
obtained by EfficientNet-B4 and patient data (height, body weight, sex, age, and KL grade given by an orthopedic surgeon) were inputted into a Gradi-
ent Boosting Classifier for predicting whether OA would progress to KL grade > 3 within n years (n1=3, 4, 5). OA, osteoarthritis; ROI, regions of interest; KL,

Kellgren-Lawrence
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similar tasks. The gradient boosting decision tree was
selected for this study due to its superior performance.

A five-fold cross-validation was used to train and eval-
uate our model. To prevent patients from joining both
training and test data, the StratifiedGroupKFold class
in the scikit-learn library was utilized to split the entire
dataset and fix the random seed used for division to
ensure reproducibility. Training data were normalized
using the StandardScaler class in the scikit-learn library.
The gradient boosting decision tree was trained using
normalized training data and fixed random seeds to
reproduce the training results. Test data were normalized
using StandardScaler and fitted to the training data in the
scikit-learn library.

Performance assessment

To assess the model’s performance, the accuracy, speci-
ficity, sensitivity, and area under the receiver operating
characteristic curve (AUC) of the model were calculated.
Statistical analyses were performed using the Python
library scikit-learn. The 95% Cls in the AUC were calcu-
lated using methods outlined in a previous study [25]. We
retrieved the feature importance of the gradient boosting
decision tree to identify the factors that contribute to the
prediction of OA progression.

Results

The important demographics of patients were as fol-
lows: mean height, 1.54 m (SD 0.075); mean body weight,
58.3 kg (SD 11.7); sex, female (89.3%); and mean age, 67.3
years (SD 11.1). Of the 1697 images diagnosed as KL 0-2
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at the first visit, 880 were KL grade 0, 364 were KL grade
1, and 453 were KL grade 2. (Table 1)

The mean accuracy, specificity, sensitivity, and AUC of
our prediction model for OA progression to KL grade>3
within #n years (n=3,4,5) were, respectively, as follows:
81.8%, 88.0%, 66.7%, and 0.836 for 3 years, 79.8%, 85.0%,
71.6%, and 0.836 for 4 years, and 78.5%, 80.4%, 76.9%,
and 0.846 for 5 years. (Table 2) The receiver-operating
characteristic curves for each fold of cross-validation
in our prediction model predicting OA progression to
KL grade>3 within n years (n=3,4,5) are summarized
in Fig. 2. The analysis of feature importance showed a
strong impact of KL grade in each fold of cross-valida-
tion in our prediction model for OA progression to KL
grade >3 within n years (n=3, 4, 5).

Discussion

This study developed an AI model to predict whether
hip OA would progress from KL grade 0-2 to >3 within
n years (n=3,4,5), according to AP pelvic radiographs
and patient data (height, body weight, sex, age, and KL
grade). All prediction models for hip OA progression
within 3-5 years were highly accurate, with an AUC of
0.83 or higher.

A cohort study reported an Al prediction model for
hip OA [17]. They applied machine learning algorithms
to provide the Shape-Score, a single value describing the
risk for progression of KL grade>2 or THA at 8-year fol-
low-up based solely on joint shape from hip radiographs.
Their prediction model containing only the Shape-
Score was comparable to a model combining patient

Table 2 Overview of our prediction model for OA progression to KL grade >3 within n years (n=3,4,5), with performance results in

each Fold of cross-validation and average values

Accuracy (%) Specificity (%) Sensitivity (%) AUC 95% Cl

3 years 0 76.1 86.3 589 0.776 0.705-0.847
1 829 894 69.0 0.887 0.829-0.946
2 819 86.9 62.3 0.831 0.754-0.908
3 85.1 90.2 70.8 0.859 0.789-0.929
4 83.0 874 725 0.829 0.745-0.913
average 81.8 88.0 66.7 0.836

4 years 0 838 924 62.8 0.843 0.764-0.920
1 745 82.1 68.3 0.803 0.741-0.865
2 86.2 90.6 774 0910 0.854-0.966
3 754 84.0 644 0.787 0.716-0.859
4 79.2 759 85.1 0.837 0.759-0.914
average 79.8 85.0 71.6 0.836

5 years 0 734 784 66.7 0.815 0.737-0.893
1 79.7 884 747 0.874 0.813-0.936
2 79.7 788 80.8 0.886 0.831-0.941
3 756 714 789 0.784 0.706-0.863
4 84.2 85.1 833 0.873 0.820-0.925
average 785 80.4 76.9 0.846

OA, osteoarthritis; KL, Kellgren-Lawrence; AUC, area under the receiver operating characteristic curve; Cl, confidence interval
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Fig. 2 Receiver operating curves for each fold of cross-validation in osteoarthritis prediction (progression of KL grade > 3) models. KL, Kellgren-Lawrence;
AUC, area under the receiver operating characteristics curve. A: Prediction model to determine the progression of KL-grade > 3 within 3 years. B: Predic-
tion model to determine the progression of KL-grade > 3 within 4 years. C: Prediction model to determine the progression of KL-grade > 3 within 5 years

demographics, clinical examination, and basic radio-
graphic parameters (AUC 0.798 vs. 0.795). Adding the
Shape-Score to the latter model improved the discrimi-
native ability from an AUC of 0.795-0.863. These results
suggested the significance of developing an Al model that
includes both medical information and imaging data. The
AUC of 0.836—0.846 in our prediction model was higher
than that of the prediction model containing only the
Shape-Score and comparable to the prediction model
combining the Shape-Score and detailed patient informa-
tion. Notably, the prediction model in this study provided

sufficient model performance, according to hip radio-
graphs and brief patient data.

The Shape-Score was developed based on hip joint
shape with the risk of femoroacetabular impingement
syndrome, such as cam morphology and increased
acetabular coverage. However, the etiology of hip OA
in Japan was acetabular dysplasia in most patients [26],
and the Shape-Score may not be suitable for use in
Japan. Additionally, the etiology and prevalence of hip
OA differ among Asians, North Americans, and Euro-
peans [3]. A systematic review of prediction models to
estimate the future risk of osteoarthritis in the general
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population indicated a reliance on data from a small
pool of appropriate cohort datasets and concerns over
general population applicability [27]. The AI model in
this study was developed for patients with hip OA who
were all Japanese. Because the OA population in this
study does not necessarily reflect the epidemiology of
the Japanese OA population, future studies are war-
ranted to expand the data and validate this model in
OA populations worldwide.

Two studies in the Rotterdam cohort-1 have reported
the prediction model for the progression of KL
grade>2 or THA without using Al One study showed
that the hip geometry from baseline pelvic radiographs
has a moderate ability in predicting hip OA progres-
sion, which is largely independent of the predictive
value of clinical risk factors (AUC=0.67 [hip geom-
etry], 0.66 [sex, age, body mass index] and combining
both: AUC=0.73) [28]. Another study developed a pre-
diction model using demographics, urinary C-terminal
cross-linked telopeptide of type II collagen levels, and
radiographic parameters, including the Wiberg and
alpha angles, to quantify acetabular coverage and cam
morphology, respectively [29]. Their model showed
an AUC of 0.82 in the Rotterdam cohort-1, 0.75 when
validated in the Rotterdam cohort-2, and 0.69 when
validated in the CHECK cohort. Their risk prediction
models provided reasonable calibration in the second
cohort of the Rotterdam study; however, the calibra-
tions were poor for the CHECK cohort. The AUC of
our prediction model using AI was comparable with
that of the prediction model developed without Al
However, our model was not validated externally. In
future studies, external validation should be performed
to verify its applicability across large populations.

This study developed a prediction model to deter-
mine whether OA would progress to KL grade>3,
excluding THA. In a cohort study from Research on
Osteoarthritis/Osteoporosis Against Disability, the
percentage of participants with hip pain was less than
1% among participants with KL grade 0-2, whereas
it was more than 30% among those with KL grade=3
hip OA, with an odds ratio of approximately 80 for KL
grade>3 hip OA and hip pain [30]. Previous predic-
tive models defined OA progression as KL grade=>2
[17], whereas this study defined it as KL grade>3. An
association between radiographic and clinical OA has
been found in the knee joint, whereas an inconsistent
association exists in the hip joint [31]. Decisions for
THA may be influenced by clinical presentations such
as rest pain, range of motion, underlying conditions
[32], and economic and environmental conditions of
the patient [33]. Therefore, THA may not have been
included in the disease outcomes.
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In the treatment of patients with hip pain, orthope-
dic clinicians often encounter cases in which OA does
not progress despite anatomical abnormalities, such as
acetabular dysplasia and cam morphology on radio-
graphs, or cases in which OA progresses despite the
absence of obvious anatomical abnormalities. Hence,
predicting hip OA remains challenging. Our predic-
tion model may assist orthopedic clinicians to pro-
vide patients with optimal information regarding their
individualized future OA progression risk and select
appropriate treatments (intensity), potentially increas-
ing treatment adherence. In the future, the prediction
model could be integrated into a software package
linked to electronic medical records (including picture
archiving and communication systems), aiding clini-
cians to estimate the future progression risk of hip OA.

This study has several limitations. First, the dataset
size was limited to training the AI model. Due to the
limited dataset size, the experiments were performed
using a five-fold cross-validation. Second, this study
included only a dataset from a single center and lacked
external validation, thus making its generalizability
uncertain. Future studies are needed to evaluate the
generalizability of this method across multiple data-
sets from diverse centers and populations. External
validation with data from different populations is a
crucial step in implementing this machine-learning-
based approach in primary care. Third, the retrospec-
tive nature of this study may have introduced bias.
Additionally, our patient group had a sex bias, with a
predominance of female patients. All participants in
this study were Japanese patients with hip OA, which
aligns with previous studies indicating that most hip
OA patients in Japan were female [34]. Fourth, our
Al prediction model only utilized a single AP pelvic
radiograph for its assessment, even though in clini-
cal practice, additional views, such as detected hip
radiographs, are acquired for OA evaluation. A review
of machine learning in early OA diagnosis reported
models using MRI for knee OA [13]. Although deep
learning models using MRI have been applied to osteo-
necrosis of the femoral head [35, 36], they have not
been used for hip OA. Therefore, future studies are
needed to develop Al models for hip OA using MRL
Fifth, we could not collect clinical parameters such as
pain score and limitation of activity to train our algo-
rithm, and incorporating clinical parameters could
enhance its performance.

Conclusions

We developed an AI model to predict the progression of
OA from KL grade 0-2 to KL grade>3 within 3-5 years
based on AP pelvic radiographs, height, body weight,
sex, age, and KL grade. This model performed well and
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may be clinically applicable with additional datasets and
validation. Furthermore, it may serve as a pilot study for
research on AI models to predict hip OA progression.

Abbreviations

OA Osteoarthritis

Al Artificial intelligence

KL Kellgren-Lawrence

CHECK  Cohort Hip and Cohort Knee

THA Total hip arthroplasty

AP Anteroposterior

DICOM  Digital Imaging and Communications in Medicine
ROI Region of interest

AUC Area under the receiver operating characteristic curve
cl Confidence interval
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