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Abstract 

Background  Accurate measurement of the hip-knee-ankle (HKA) angle is essential for informed clinical decision-
making in the management of knee osteoarthritis (OA). Knee OA is commonly associated with varus deformity, 
where the alignment of the knee shifts medially, leading to increased stress and deterioration of the medial com-
partment. The HKA angle, which quantifies this alignment, is a critical indicator of the severity of varus deformity 
and helps guide treatment strategies, including corrective surgeries. Current manual methods are labor-intensive, 
time-consuming, and prone to inter-observer variability. Developing an automated model for HKA angle measure-
ment is challenging due to the elaborate process of generating handcrafted anatomical landmarks, which is more 
labor-intensive than the actual measurement. This study aims to develop a ResNet-based deep learning model 
that predicts the HKA angle without requiring explicit anatomical landmark annotations and to assess its accuracy 
and efficiency compared to conventional manual methods.

Methods  We developed a deep learning model based on the variants of the ResNet architecture to process 
lower limb radiographs and predict HKA angles without explicit landmark annotations. The classification perfor-
mance for the four stages of varus deformity (stage I: 0°–10°, stage II: 10°–20°, stage III: > 20°, others: genu valgum 
or normal alignment) was also evaluated. The model was trained and validated using a retrospective cohort of 300 
knee OA patients (Kellgren-Lawrence grade 3 or higher), with horizontal flip augmentation applied to double 
the dataset to 600 samples, followed by fivefold cross-validation. An extended temporal validation was conducted 
on a separate cohort of 50 knee OA patients. The model’s accuracy was assessed by calculating the mean absolute 
error between predicted and actual HKA angles. Additionally, the classification of varus deformity stages was con-
ducted to evaluate the model’s ability to provide clinically relevant categorizations. Time efficiency was compared 
between the automated model and manual measurements performed by an experienced orthopedic surgeon.

Results  The ResNet-50 model achieved a bias of − 0.025° with a standard deviation of 1.422° in the retrospec-
tive cohort and a bias of − 0.008° with a standard deviation of 1.677° in the temporal validation cohort. Using 
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the ResNet-152 model, it accurately classified the four stages of varus deformity with weighted F1-score of 0.878 
and 0.859 in the retrospective and temporal validation cohorts, respectively. The automated model was 126.7 
times faster than manual measurements, reducing the total time from 49.8 min to 23.6 sec for the temporal validation 
cohort.

Conclusions  The proposed ResNet-based model provides an efficient and accurate method for measuring HKA 
angles and classifying varus deformity stages without the need for extensive landmark annotations. Its high accuracy 
and significant improvement in time efficiency make it a valuable tool for clinical practice, potentially enhancing 
decision-making and workflow efficiency in the management of knee OA.

Keywords  Hip-knee-ankle angle, Deep learning, Residual network, Varus deformity, Knee osteoarthritis, Lower limb 
scanogram

Background
Knee osteoarthritis (OA) is a pervasive and debilitating 
condition that significantly impairs joint function and 
diminishes the overall quality of life [1]. Knee OA is com-
monly associated with varus deformity [2], characterized 
by medial angulation of the knee joint, which increases 
the load on the medial compartment and accelerates joint 
degeneration. This abnormal load distribution leads to 
greater stress on the cartilage, causing accelerated wear 
and tear, pain, and functional impairment [3]. The con-
tinuous stress further exacerbates OA progression, ulti-
mately altering the biomechanics of the lower limb [4]. 
The severity of varus deformity is quantified using the 
hip-knee-ankle (HKA) angle [5]. At the core of orthope-
dic assessment, the HKA angle serves as a pivotal metric, 
providing a quantitative measurement of the lower limb 
alignment by evaluating the angular relationships among 
the hip, knee, and ankle joints [6, 7]. The precise determi-
nation of the HKA angle is essential in the OA manage-
ment, aiding in the diagnosis of medical conditions such 
as Genu Varum and Valgum [3, 8], as well as in the stra-
tegic planning and evaluation of surgical intervention [9, 
10]. Accurate measurement of the HKA angle is critical 
for selecting appropriate treatment strategies, as it guides 
decisions ranging from conservative management to sur-
gical interventions, such as high tibial osteotomy or total 
knee arthroplasty [11, 12]. Therefore, precise quantifica-
tion of this angle is indispensable in managing knee OA, 
particularly in patients with varus deformity.

While the gold standard in orthopedic clinical practice 
relies on manual landmark measurements of the HKA 
angle, it proves to be labor-intensive and susceptible to 
both inter- and intra-observer variability [13, 14]. Fur-
thermore, the overwhelming influx of radiographs in 
medical facilities, particularly in resource-constrained 
settings, constrains orthopedic surgeons from striving 
for timely and precise analyses [15]. Despite the promis-
ing artificial intelligence (AI) solutions in medical imag-
ing [16], their development often mandates additional 

labor-intensive data collection beyond the HKA angle 
measurements, such as segmentation [14, 17] or ​detailed 
landmark annotation [18–22] for specific anatomical 
structures. For instance, C Jo, et  al. trained their model 
using 15 anatomical landmarks within such joint areas 
[18]. Similarly, A Tack, et al. utilized 12 anatomical land-
marks [19], and Y Pei, et al. focused on three regions of 
interest (ROI) at the femur and the tibia [14]. WP Gie-
lis, et  al. employed an extensive set of 111 anatomical 
landmarks across these regions [20], while TP Nguyen, 
et  al. targeted 5 ROIs in the joint areas for their model 
training [17]. Likewise, J Yang, et  al. proposed a frame-
work involving 10 landmarks, including key points such 
as the center of the femoral head, the knee joint center, 
and the ankle joint center [21]. I Tanner, et al. also devel-
oped a deep learning model that detected key points such 
as the femoral head, knee, and ankle joints [22]. The lat-
est current AI applications, while enhancing precision, 
have introduced time-consuming processes, limiting 
widespread adaptation within the clinical framework 
and requiring additional post-processing and interpreta-
tion efforts [23]. Models extensively trained on landmark 
annotations face challenges during continual fine-tuning, 
as updating these annotations for new data is resource-
intensive and time-consuming. This can make the models 
less adaptable in clinical practice, particularly when faced 
with new data that requires re-annotation. To address 
this issue, there is a need for methods that reduce reli-
ance on manual annotations, allowing for easier updates 
and quicker adaptability in real-world clinical workflows. 
Streamlining this process would help facilitate broader 
adoption in orthopedic settings by reducing the time and 
effort required for ongoing model maintenance.

To address these challenges, we have developed an 
approach to predict HKA angle measurements using 
the residual network (ResNet) architecture [24] with 
transfer learning. ResNet architecture have renowned 
for its capabilities in deep learning and image analysis 
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[25]. By applying transfer learning, we efficiently trained 
the model using pre-trained weights from large image 
datasets, allowing the model to fully exploit the fea-
ture extraction capabilities of the ResNet architecture. 
The aim of this study is to develop an automated, deep 
learning-based model that utilizes the ResNet architec-
ture with transfer learning to accurately predict HKA 
angles from lower limb radiographs. This approach aims 
to reduce the reliance on labor-intensive manual land-
mark annotations, improving the efficiency and accuracy 
of clinical workflows in orthopedic practice, particularly 
in resource-constrained environments, thereby alleviat-
ing the workload for orthopedic surgeons and enhancing 
patient care.

Methods
Study design and setting
This retrospective study was conducted at Seoul Medi-
cal Center, Republic of Korea. The following narrative 
provides a comprehensive overview of this study (Fig. 1). 
The HKA angle is the primary measure being predicted 

in the study. For the determination of the HKA angles, 
the initial line extends from the femoral head to the inter-
condylar notch of the femur, while the subsequent line 
connects the tibial interspinous point to the tibial mid-
plafond (Fig. 1A). This study proposes a model based on 
variants of the ResNet architecture (i.e., ResNet with 18, 
34, 50, 101 and 152 layers) [24] that individually predicts 
the HKA angles of each lower limb through a unilateral 
pathway (Fig. 1B). This study utilized data from the lower 
limbs of 300 patients diagnosed with knee OA, which 
was augmented through horizontal flipping to double 
the dataset size, to construct a model that assessed the 
HKA angle and evaluated varus deformity classifica-
tions based on fivefold cross-validation (Fig.  1C). Varus 
deformity was classified into four stages based on the 
HKA angle: stage I (0°–10°), stage II (10°–20°), stage III 
(> 20°), and others (genu valgum or normal alignment) 
[26]. Moreover, the five optimal models from each fold of 
the cross-validation were ensembled to minimize overfit-
ting and tested on an additional cohort of 50 individuals 
for extended temporal validation.
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Fig. 1  Overview of deep learning approach for HKA assessment. A depicts the anatomical landmarks vital for HKA angle calculation. Here, 
the femoral axis (indigo) and the tibial axis (blue) converge at the knee, with the load-bearing axis (illustrated by a dotted line) indicating the weight 
distribution path. B outlines the architecture of the ResNet-based predictive model. This model processes images through separate pathways 
for each limb, each utilizing a ResNet architecture. C demonstrates the integrative validation approach, combining a retrospective fivefold 
cross-validation with data augmentation, followed by temporal validation using an ensemble of the five models
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Participants
Three hundred lower limb radiographs of patients who 
had been diagnosed with knee OA and had undergone 
total knee replacement arthroplasty between January 
2012 and December 2022 at the Seoul Medical Center 
were used to develop the deep learning models. Addi-
tionally, extended temporal validation data, compris-
ing 50 patients, were acquired from January to October 
2023 at the same institution to validate the model based 
on this retrospective cohort. The inclusion criteria were 
as follows: (1) adult patients aged 18  years or older; (2) 
patients diagnosed with knee OA of Kellgren-Lawrence 
(KL) grade 3 or higher; (3) patients who underwent pri-
mary total knee arthroplasty at Seoul Medical Center 
during the study period; and (4) availability of preopera-
tive weight-bearing full-length lower limb radiographs 
taken in the standing position. The exclusion criteria 
included: (1) patients with tumors or other significant 
lesions in the lower limb; (2) patients with congenital 
deformities or neuromuscular disorders affecting lower 
limb alignment; and (3) cases where radiograph quality 
was insufficient for accurate analysis due to poor image 
resolution, improper positioning, or artifacts. All patients 
underwent bilateral leg scanning on their first admis-
sion. Ethical approval was obtained from the Institutional 
Research and Ethics Board (SEOUL-2023-12-002-001). 
The total cohort size was determined to ensure high-
quality patient data, optimizing the available resources 
within practical constraints. This allowed us to prioritize 
reliable and well-curated patient data. Patient data were 
anonymized and included demographic and clinical his-
tories (e.g., age, sex, height, weight, Body Mass Index 
(BMI), and American Society of Anesthesiologists (ASA) 
score [27]).

Measurement of HKA angle
The measurement of the HKA angle for both lower limbs 
was confirmed based on the consensus of two orthopedic 
surgeons. These measurements were performed using the 
Cobb angle measurement tool provided by the INFINITT 
PACS M6 software (Version 6.0.11.0, INFINITT Health-
care, Seoul, South Korea). The time taken for HKA angle 
measurement was measured as the interval from the ini-
tiation of the scanogram data load to the completion of 
the HKA angle measurement and was recorded concur-
rently when acquiring the HKA angle for the temporal 
validation cohort.

Data acquisition and preprocessing
Standard lower limb radiography was obtained using 
DigitalDiagnost Rel. 4.3 (Philips Medical Systems, Best, 
Netherlands) in the anterior–posterior view with patients 
in a standing, weight-bearing position. It has dimensions 

of 3040 × 7422 pixels, and a resolution of 7.35 pixels per 
mm. The window center and width were set to 2047 
and 4095 pixels, respectively, to optimize the contrast 
and brightness of the images for enhanced clarity. These 
images were preprocessed to facilitate analysis. Each 
image was divided into two sections, representing the left 
and right limbs, by bisecting the image at its midpoint, 
resulting in two images of 1520 × 7422 pixels each. These 
were then resized to 224 × 224 pixels to suit the input 
requirements of the deep learning architecture based on 
ResNet (Fig. 1B).

Model construction
ResNet architectures with configurations of 18, 34, 50, 
101 and 152 layers were analyzed to identify the most 
suitable model. ResNet features convolutional, pooling, 
and fully connected layers. This architecture is distin-
guished by its use of residual blocks with skipped connec-
tions. Each block consists of several convolutional layers, 
followed by batch normalization and rectified linear unit 
(ReLU) activation with a skip connection. To effectively 
process the grayscale knee X-ray images and utilize the 
pre-trained ResNet architecture with minimal altera-
tion, we converted the grayscale images to RGB format 
by duplicating the single channel across the three RGB 
channels. Additionally, we applied the standard normal-
ization used in ResNet models, based on the ImageNet 
dataset, by adjusting the RGB pixel values with the mean 
[0.485, 0.456, 0.406] and standard deviations [0.229, 
0.224, 0.225]. This ensures that the images are compatible 
with the ResNet model while preserving the original pixel 
intensity values and anatomical details, making them 
accurate for analysis. To address the unique anatomical 
and positional differences of each limb in the knee OA 
images, we utilized separate but identical ResNet models 
to process the images of the left and right limbs.

For training, we employed transfer learning by initial-
izing the ResNet architecture with pretrained weights to 
boost the initial feature recognition. The training pro-
cess was optimized using the Adam optimizer with an 
initial learning rate of 0.001. We utilized the L1 loss for 
the regression and monitored the mean absolute error 
(MAE) as our primary performance metric.

where n denotes the total number of observations in the 
dataset. It averages the absolute differences between the 
actual ( yi ) and predicted ( ̂yi ) values. These metrics pro-
vide a quantitative measure of the prediction error, indi-
cating the average deviation of the predicted values from 
the actual values and the variability of these errors. The 
training procedure was performed for 100 epochs.

MAE =
1

n

∑n

i=1

∣∣yi − ŷi
∣∣
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Data augmentation
To improve the robustness and generalizability of the 
model, we employed both online and offline augmenta-
tion techniques throughout the training process. Offline 
augmentation was applied before the training process 
began, where we performed horizontal flipping (mirror-
ing) of all images. This effectively doubled the size of our 
dataset, increasing the number of samples from 300 to 
600. By creating mirrored versions of the left and right 
leg images, the offline augmentation ensured that both 
lower limbs were well-represented in the training set.

During the training process, we applied online aug-
mentation, which dynamically altered the images dur-
ing each epoch. These transformations included random 
rotations within a 30-degree angle to simulate slight vari-
ations in limb positioning during radiographic imaging. 
We also applied random cropping, where between 90 and 
100% of the original image was randomly selected and 
resized back to the input size required by the model. This 
ensured that the model encountered variability in image 
composition and patient size. Additionally, slight adjust-
ments in brightness and contrast (within ± 10%) were 
applied to account for differences in exposure and imag-
ing conditions.

Since these online augmentations were applied in real-
time during training, the model encountered a varied 
set of inputs with each epoch. With 480 training sam-
ples per fold (after the offline augmentation), and train-
ing performed for 100 epochs, the model encountered a 
maximum of 48,000 augmented images during training 
for each fold (480 samples × 100 epochs). This augmenta-
tion process significantly improved the model’s ability to 
generalize to unseen data by exposing it to a wide range 
of image variations. Off-line augmentation was applied to 
the validation set during cross-validation, while no online 
augmentation was used. For the temporal validation 
dataset, no augmentation of any kind was applied.

Validation strategy
A fivefold cross-validation approach was implemented 
during the training and validation phases to ensure the 
robustness and generalizability of the model (Fig.  1C). 
In this process, the dataset was randomly divided into 
5 equal parts. In each validation fold, one part was used 
as the validation set and the remaining four parts were 
combined to form the training set. This procedure was 
repeated five times, with each part used as the validation 
set exactly once. Subsequently, the optimal models with 
the lowest error, selected from the fivefold cross-valida-
tion, were employed for a temporal validation dataset. 
These models were ensembled by averaging their out-
puts to minimize overfitting and were tested immediately 
without any additional training procedures. Furthermore, 

using gradient-weighted class activation mapping (Grad-
CAM) [28], we explored the specific image regions where 
the model focused on estimating the HKA angle. The 
Grad-CAM results were averaged across the five optimal 
models from the fivefold cross-validation.

Performance assessments
After performing a retrospective fivefold cross-valida-
tion, the best result was aggregated from each validation 
set to evaluate the accuracy of the HKA angle prediction. 
This process employed each segment of the complete 
dataset as a test set:

where the aggregated result A represents the aggrega-
tion of the actual values ( yi ) and their corresponding pre-
dicted values ( ̂yi ​) across a retrospective dataset. In this 
case, the extended temporal validation was identical to 
the operation, with i = 1. We used the mean error (bias) 
to assess the accuracy of HKA angle regression.

Bias indicates the average bias in the predictions made 
by a model. In this calculation, yi represents each actual 
value and ŷi is the corresponding predicted value, with 
the differences between these pairs being averaged over 
n and the total number of observations. Furthermore, the 
standard deviation of error (SDE) was used to assess the 
variability or error:

This involves calculating the difference between each 
actual value yi and its predicted counterpart ŷi subtract-
ing the bias from these differences and squaring the 
results. The square root of the average of these squared 
differences, taken over all n observations, yielded the 
SDE. In addition, the coefficient of determination, or 
R2, was evaluated to understand the linear relationship 
between the actual and predicted values.

This formula is used to calculate the coefficient of 
determination, or R2, where n is the total number of 
observations, yi is the actual value, ŷi denotes the value 
predicted by the model, and y ​ is the mean of the actual 
values. This metric, ranging from 0 to 1, reflects the 
proportion of variance in the dependent variable that 
is predictable from that of the independent variable. 

A =

⋃5
i=1

{(
yi , ŷi

)∣∣yi ∈ ground truthi , ŷi ∈ predictioni}

Bias =
1

n

∑n

i=1
(yi − ŷi)

SDE =

√
1

n

∑n

i=1
(
(
yi − ŷi

)
− Bias)

2

R2 = 1−

∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2
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Bland–Altman (BA) plots and scatter plots with regres-
sion lines were used.

The categorical predictions of varus deformity (no 
varus, stage I, stage II, and stage III) were presented in 
a 4 × 4 confusion matrix. Accuracy provides an overall 
indication of the performance of the model across all 
stages and is calculated as follows:

However, accuracy alone may not fully reflect the mod-
el’s performance, particularly in imbalanced dataset. To 
provide a more comprehensive evaluation, we calculated 
balanced accuracy. Balanced accuracy is the average of 
recall obtained for each class, ensuring that each class is 
equally considered, regardless of its representation in the 
dataset:

where k is the number of classes, and i represents each 
class. Additionally, we calculated the weighted F1-score 
to account for class imbalance by assigning differ-
ent weights to each class based on its support (i.e., the 
number of true instances for each class). The weighted 
F1-score is computed as:

where i represents each class and Supporti​ refers to the 
number of true instances in class i. This metric ensures 
that performance is evaluated proportionally to the num-
ber of samples in each class, providing a more balanced 
assessment in the presence of class imbalance.

The time elapsed for the HKA angle measurement using 
the model was determined from the initiation of the data 
load to the completion of the HKA angle measurement. Sta-
tistical analyses were performed using SciPy (Version 1.10.1). 
All development and evaluation procedures were executed 
using PyTorch (Version 2.0.1) and Scikit-learn (Version 1.3.1) 
in a Python (Version 3.9.0) environment. The computational 
environment used in the study included 6 NVIDIA Tesla 
V100 PCIe GPUs (32 GB each) and 2 NVIDIA GeForce RTX 
4090 GPUs (24 GB each).

Results
Demographics
The study encompassed knee OA patients undergoing 
total knee arthroplasty, revealing distinct demographic 

Accuracy =

∑
True Positives

Total Number of Samples

Balanced Accuracy =
1

k

k∑

i=1

True Positivei

True Positivei + False Negativei

Weighted F1-score =

∑k
i=1F1-scorei × Supporti∑k

i=1Supporti

and preoperative characteristics in retrospective and 
extended temporal validation cohorts (Table  1). Both 
groups demonstrated similarities in height, weight, and 
BMI. While no significant differences were observed in 
varus deformity and KL grade, a significant difference 
was noted in the HKA angle.

HKA angle prediction
The primary architectural variations of ResNet and their 
performance on the retrospective and temporal valida-
tion datasets are summarized in Table 2. Irrespective of 
the complexity of the model architecture, MAE values for 
the retrospective cohort ranged from 0.839° to 1.193° for 
the right limb and from 0.852° to 1.005° for the left limb. 
Bias values remained close to zero across both limbs, 
indicating minimal systematic error. In the temporal vali-
dation cohort, all models exhibited increased MAE com-

pared to the retrospective cohort, with values ranging 
from 0.990° to 1.476° for the right limb and from 1.351° 
to 1.725° for the left limb. Bias values were more variable 
in the temporal cohort. R2 values remained consistently 
high across both cohorts, ranging from 0.823 to 0.960, 
indicating strong correlations between predicted and 
actual HKA angles across models and limbs. Notably, the 
ResNet-50 model achieved a bias of −0.025° in the ret-
rospective cohort and −0.008° in the temporal validation 
cohort when the results from both limbs were combined. 
The BA plot of the ResNet models was used to further 
illustrate the agreement between predicted and actual 
HKA angles (Fig.  2). Detailed performance of the HKA 
angle prediction based on sex and varus deformity is pro-
vided in the Supplemental Material.

Varus deformity classification
We further analyzed how the models predict the severity 
of varus deformity, extending from the HKA angle pre-
dictions (Fig. 3). While ResNet-50 performed the best in 
predicting the HKA angle, ResNet-18 demonstrated the 
best classification performance, achieving an accuracy of 
0.917, balanced accuracy of 0.886, and weighted F1-score 
of 0.917 during cross-validation (Fig.  3A). In temporal 
validation, ResNet-18 maintained superior performances 
(Fig. 3B).

Comparison of time efficiency
For the temporal validation cohort, the elapsed time from 
data loading to HKA angle measurement in both lower 
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limbs was compared between the manual and automated 
measurements (Fig.  4). The average time required to 
manually measure the HKA angle was 59.78 s per patient, 
whereas automated measurement took 0.47 s.

Attention pattern in HKA angle prediction
The attention pattern was analyzed using an ensemble 
model from five models derived through fivefold cross-
validation. Figure 5 shows representative cases from the 
temporal validation dataset. The model exhibited atten-
tion distributed across the entire lower limb, consist-
ently focusing on both the skeletal structure and the 
surrounding spatial changes. In severe cases, the model 
emphasized the spatial regions most affected by the varus 

deformity, indicating that it considers not only the bone 
structure but also the changes in surrounding space as 
the deformity progresses.

Discussion
In this study, we developed a deep-learning model using 
lower limb radiography without relying on anatomi-
cal landmark annotations to improve HKA angle meas-
urements in knee OA patients. Our approach relies 
solely on routinely acquired data in clinical practice, 
eliminating the need for additional labor-intensive ana-
tomical annotation and preserving the current clinical 
workflow. Through retrospective analysis of lower limb 
radiography, we developed a predictive model focusing 

Table 1  Baseline characteristics

ASA: American Society of Anesthesiologists, BMI: Body Mass Index, IQR: interquartile range, KL: Kellgren-Lawrence

Retrospective cohort (N = 300) Temporal validation cohort (N = 50) p-value

Median (IQR) N (%) Median (IQR) N (%)

Age, years 72.0
(68.0 – 76.0)

76.0
(72.0 – 79.3)

0.001

Sex 0.310

 Male 32 (10.7) 3 (6.0)

 Female 268 (89.3) 47 (94.0)

Height, cm 151.0
(148.0 – 156.0)

151.0
(147.8 – 157.0)

0.650

Weight, kg 63.0
(57.0 – 71.0)

61.0
(54.0 – 67.3)

0.090

BMI 27.0
(25.0 – 30.1)

26.6
(23.8 – 29.2)

0.290

KL grade 0.288

 3 137 (45.7) 27 (54.0)

 4 163 (54.3) 23 (46.0)

ASA score  < .001

 1 7 (2.3) 0 (0)

 2 268 (89.3) 36 (72.0)

 3 23 (7.7) 14 (28.0)

 4 4 (0.7) 0 (0)

Preoperative HKA (left), ° − 9.4
(− 12.7 to − 6.5)

− 6.8
(− 11.0 to − 5.4)

0.013

Preoperative HKA (right), ° − 8.9
(− 12.3 to − 5.7)

− 7.7
(− 10.2 to − 4.1)

0.023

Varus deformity (left) 0.308

 Normal 8 (2.7) 2 (4.0)

 Stage I 154 (51.3) 32 (64.0)

 Stage II 125 (41.7) 15 (30.0)

 Stage III 13 (4.3) 1 (2.0)

Varus deformity (right) 0.312

 Normal 16 (5.3) 2 (4.0)

 Stage I 167 (55.7) 34 (68.0)

 Stage II 108 (36.0) 14 (28.0)

 Stage III 9 (3.0) 0 (0)
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on HKA angle assessments and the categorization of 
varus deformity stages. The robustness and applicability 
of the model were further evaluated through extended 
temporal validation to ensure a thorough and unbiased 
assessment [29, 30]. Notably, our framework processes 
each lower limb independently, enhancing accuracy and 
streamlining the analysis process. This method allows the 
model to focus on a single limb at a time, leading to more 
precise measurements without introducing unnecessary 
complexity.

The results showed a consistent performance across 
various ResNet architectures. Minimal biases of − 0.025 
and − 0.008° were observed in the original and extended 
temporal validation cohorts, with a MAE of 1.099° and 
1.249°, respectively. This bias does not significantly affect 
the management of patients with OA. In addition, the 
SDE was maintained within acceptable limits, at 1.422° in 
the retrospective cohort and 1.677° in the temporal vali-
dation cohort. The model also proved effective in classify-
ing varus deformity stages, achieving a weighted F1-score 
of 88%. Remarkably, our method demonstrated a nota-
ble advancement in efficiency, being 126.7 times faster 
than the traditional gold standard method employed by 
orthopedic experts for HKA angle measurements. This 
substantial increase in speed significantly enhances the 
efficiency of the clinical workflow, particularly in time-
constrained settings.

Orthopedics, with its demanding environmental 
requirements, has witnessed a revolutionary advance-
ment in the field of automation efforts in measuring 
scales for various diagnoses [31] and treatment planning 
[32]. The HKA angle, a critical measurement in patient 
diagnosis, has been the primary focus of such attempts. 
Traditionally, an accuracy level of 3° in measuring the 
HKA angle has been deemed adequate for clinical appli-
cations in orthopedic surgery, as this reflects the preci-
sion of osteotomy correction [33]. From this perspective, 
previous anatomical landmark-based studies have retro-
spectively demonstrated a viable level of precision [14, 
17–22]. Our research also showed that 99.1% (1189/1200 
lower limbs) of cases in the retrospective analysis and 
91% (91/100 lower limbs) in the temporal validation 
were within 3° of error, even without using landmarks. 
This ability to detect and interpret the intricate details 
of skeletal shapes in lower limb radiographs could have 
been a key factor in achieving a high level of accuracy 
in our measurements. The effectiveness of ResNet lies 
in its deep convolutional layers that are extremely adept 
at extracting hierarchical features from complex images 
[34]. These layers allow ResNet to progressively learn 
finer details from radiographs [35], starting from the 
basic edges and textures to more sophisticated skeletal 
patterns. In addition, ResNet’s residual connections facil-
itate the training of these deeper networks by addressing 

Table 2  HKA angle prediction performance for retrospective and temporal validation cohorts across ResNet variants

Standard deviations for MAE and bias are provided in parentheses

Model Retrospective cohort (cross-validation) Temporal validation cohort (test)

MAE, ° Bias, ° R2 MAE, ° Bias, ° R2

Left limb

 ResNet-18 0.852 (0.664) − 0.005 (1.081) 0.959 1.531 (0.933) 0.971 (1.517) 0.888

 ResNet-34 0.962 (0.751) − 0.057 (1.219) 0.948 1.633 (1.184) 1.129 (1.681) 0.859

 ResNet-50 1.005 (0.812) 0.152 (1.284) 0.941 1.508 (1.330) 0.127 (2.018) 0.860

 ResNet-101 0.992 (0.807) − 0.110 (1.275) 0.943 1.649 (1.447) − 0.033 (2.206) 0.833

 ResNet-152 0.983 (0.774) 0.135 (1.245) 0.945 1.725 (1.462) 0.143 (2.270) 0.823

Right limb

 ResNet-18 0.839 (0.666) − 0.048 (1.071) 0.960 1.351 (0.826) 1.157 (1.086) 0.860

 ResNet-34 0.850 (0.698) 0.066 (1.099) 0.957 1.476 (0.987) 1.281 (1.233) 0.824

 ResNet-50 1.193 (0.977) − 0.201 (1.529) 0.917 0.990 (0.771) − 0.143 (1.255) 0.912

 ResNet-101 1.115 (0.877) − 0.592 (1.289) 0.929 1.242 (0.988) − 0.292 (1.569) 0.860

 ResNet-152 1.030 (0.845) − 0.325 (1.293) 0.938 1.369 (1.116) 0.476 (1.711) 0.826

Both limbs merged

 ResNet-18 0.845 (0.665) − 0.027 (1.075) 0.959 1.441 (0.882) 1.064 (1.316) 0.878

 ResNet-34 0.906 (0.727) 0.004 (1.162) 0.953 1.554 (1.087) 1.205 (1.469) 0.846

 ResNet-50 1.099 (0.903) − 0.025 (1.422) 0.929 1.249 (1.112) − 0.008 (1.677) 0.880

 ResNet-101 1.053 (0.845) − 0.351 (1.304) 0.936 1.445 (1.249) − 0.162 (1.909) 0.844

 ResNet-152 1.006 (0.810) − 0.095 (1.289) 0.941 1.547 (1.306) 0.309 (2.007) 0.825



Page 9 of 14Kim et al. Journal of Orthopaedic Surgery and Research          (2024) 19:777 	

the vanishing gradient problem [24] ensuring that even 
subtle features are not lost during the learning process.

Beyond accuracy, a crucial aspect of clinical tools 
is their effect on workflow efficiency, particularly in 
real-world practice [36]. In developing and fine-tun-
ing models, utilizing routine clinical data is one of the 
most critical factors for successful AI deployment [37]. 
Relying on specialized data that requires extra effort, 
such as segmentation [14, 17] or ​detailed annotation 
[18–22], becomes highly impractical in busy orthope-
dic settings where time and resources are already lim-
ited. Models that demand additional manual inputs 
are unlikely to be adopted in environments where effi-
ciency is paramount. The direct use of HKA angle data 

for model training integrates smoothly with current 
orthopedic practices, eliminating the need for addi-
tional time-consuming measurement or analysis steps 
in model development. Accordingly, a crucial aspect of 
our study lies in the direct use of HKA angle data for 
model training, seamlessly aligning with existing ortho-
pedic workflows and eliminating the need for deviation 
from current standard procedures.

The repetitive nature of tasks in Picture Archiving 
and Communication Systems (PACS) environments can 
lead to reduced efficiency and an increased likelihood of 
errors [38, 39]. This issue may be further exacerbated in 
the demanding context of orthopedic departments [40]. 
Accordingly, there is a clear demand for technologies 
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Fig. 2  Bland–Altman and scatter plot evaluations for HKA angle predictions, comparing the agreement and correlation between predicted 
and actual angles across five ResNet variants. A Cross-validation performance. B Temporal validation performance
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that support routine repetitive tasks in orthopedics. AI 
may serve as a strategic tool for addressing the under-
lying contributors to surgeon fatigue and mitigate the 
incidence of clinical errors [41]. Although previous stud-
ies have introduced models for automating HKA angle 
measurement, they have not demonstrated the extent of 
time efficiency improvements in actual clinical applica-
tions [14, 17–22]. The proposed model demonstrated its 
efficiency by processing the HKA angle measurement of 
100 lower limbs, saving approximately 46 min compared 
to the time taken by an experienced orthopedic surgeon 
(Fig.  4). This signifies a shift towards more automated 
and less labor-intensive methods in orthopedics. Fur-
thermore, the potential for seamless integration into clin-
ical data systems by automated measurement of the HKA 
angle through AI during imaging transactions in PACS 
holds promise for optimized orthopedic practices.

The interpretative capability of our model offers insight 
into how AI can augment traditional clinical measure-
ments. In standard practice, the HKA angle is measured 
by drawing a line from the head of the femur to the inter-
condylar notch and another from the tibia’s interspinous 
point to the center of the ankle joint [42]. However, our 
bilateral model was trained to predict the HKA angle 
directly, resulting in a broader, more dynamic attention 

mechanism. Rather than focusing solely on specific bone 
landmarks, the model demonstrated an ability to distrib-
ute attention across the entire lower limb. This was par-
ticularly evident in more severe cases of varus deformity, 
where the model expanded its focus to include spatial 
changes around the bones, not just the skeletal structure 
itself. Such attention patterns indicate that the model 
is capturing a more holistic view of the limb’s anatomi-
cal changes, suggesting an alternative approach to inter-
preting HKA angles that extends beyond traditional 
methods focused on fixed landmarks. By considering 
both the bones and their surrounding environment, the 
model may provide deeper insights into the progres-
sion of deformities like Genu Varum, offering a more 
comprehensive assessment of the lower limb’s overall 
architecture.

Despite the promising outcomes, our study has limita-
tions. The relatively limited sample size of the extended 
temporal validation cohort constrains the generalizability 
of our findings. In particular, the study population con-
sisted predominantly of female patients, with the major-
ity of varus deformity cases falling into Stage I and Stage 
II categories. Larger, multi-center and prospective studies 
involving diverse populations are imperative to validate 
and extend our conclusions. Future research warrants 

Fig. 3  Confusion matrices and performance metrics for varus deformity classification across both limbs using five ResNet variants. A 
Cross-validation results. B Temporal validation results. Performance metrics include accuracy (ACC), balanced accuracy (BACC) and weighted 
F1-score (WF1)
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further expansion of the model’s scope with various eti-
ologies and enhances its adaptability to diverse radio-
graphic methods and resolutions. However, we did not 
directly assess whether the ResNet-based model could 
improve the accuracy of manual measurements due to 
the lack of a standard ground-truth dataset. Investigating 
inter-rater agreement in future studies could help deter-
mine whether the model reduces subjective bias among 
orthopedic surgeons, offering additional evidence of 
its reliability. Furthermore, longitudinal assessments of 

patient outcomes post-intervention, particularly evaluat-
ing the practical efficiency and reliability of AI-assisted 
clinical decision-support systems, constitute the basis for 
future investigation.

Conclusions
In conclusion, our study marks a notable advancement 
in merging AI with orthopedic practice, specifically in 
the accurate assessment of the HKA angle in knee OA 
patients. By employing the ResNet architecture coupled 
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Fig. 4  Comparison of the time required for manual and automated measurements of the HKA angle. Procedure of manual HKA angle assessment 
(A), AI model-based assessment of HKA angle (B), and comparison of elapsed time between the manual and automated measurements (C)
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with our innovative approach, we achieved clinically rel-
evant accuracy without the burden of extensive landmark 
annotation. This approach holds the potential to substan-
tially enhance patient care, particularly in resource-con-
strained environments.
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