
The wrist is one of the most complex joints in the human 
body. The wrist coordinates the synchronous movements 
of independent bones, allowing rotational and gliding 
motions in the coronal and sagittal planes. Although ad-
junctive modalities such as computed tomography (CT) 
and magnetic resonance imaging are helpful in providing 
detailed information about the morphology of the distal 
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Background: The use of deep learning algorithms in medical imaging has increased rapidly. This study aimed to develop an au-
tomated, hybrid approach combining a deep learning architecture and a conventional computer-aided diagnostic method to detect 
anatomical landmarks and measure radiological parameters in wrist radiography. 
Methods: Overall, 487 wrist radiographs were randomly sampled for training and validation, and 100 radiographs collected from 2 
institutions were used as the test set. Anatomical landmarks for 4 commonly used parameters, namely, radial inclination (RI), radial 
length (RL), volar tilt (VT), and ulnar variance (UV), were identified and labeled. A 2-step hybrid method combining a deep learning 
model with conventional computer-aided diagnosis was developed to measure radiological parameters using these anatomical 
landmarks. Measurements were obtained from the test set. The mean value of each parameter determined by 2 hand surgeons 
served as the reference standard. The performance of the deep learning algorithm was evaluated using the successful detection 
rate (SDR), mean absolute error (MAE), intraclass correlation coefficient (ICC), and Pearson correlation coefficient (r).
Results: The SDR of the model ranged from 97% to 98% at the 1 mm threshold and 99% at the 2 mm threshold. The RI, RL, VT, and 
UV generated by the model were 26.41° ± 4.01°, 12.63 ± 2.72 mm, 14.01° ± 8.02°, and 2.09 ± 2.76 mm, respectively. The overall MAEs 
for RI, RL, VT, and UV between the manually and automatically measured parameter values were 1.62° ± 1.26°, 1.56 ± 1.23 mm, 1.88° 
± 1.68°, and 0.43 ± 0.41 mm, respectively. In the correlation analysis, good or high reliability was observed for RI, VT, and UV (ICC: 0.86, 
0.95, and 0.98; r = 0.86, r = 0.95, and r = 0.98, respectively), and moderate reliability was observed for RL (ICC: 0.75, r = 0.78).
Conclusions: This novel automated hybrid method can accurately identify landmarks on wrist radiographs and automatically 
generate the radiological parameters of the distal radius. This method saves time and reduces human labor in creating datasets for 
training segmentation models and developing image processing algorithms.
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radius, plain radiographic studies are essential for the 
evaluation of wrist injuries, especially at the initial presen-
tation, during operative treatment, and during routine as-
sessments necessary for follow-up care.1)

Radiographic parameters that characterize the mor-
phology of the distal radius can be used to assess fracture dis-
placement and have predictive value for fracture prognosis. 
Therefore, surgeons use these parameters in conjunction with 
patient factors as tools to determine treatment.2-4) Various 
radiological parameters have been proposed for assessing the 
morphology of the distal radius based on wrist radiographs, 
including radial inclination (RI), radial length (RL), volar tilt 
(VT), and ulnar variance (UV). The measurement of these 
radiological parameters mainly involves manual labeling, 
which is time-consuming for orthopedic surgeons. Manual 
measurements, relying on clinician experience, may be im-
precise and vary significantly among clinicians.5)

The use of deep learning algorithms in medical 
imaging has rapidly increased. These algorithms can pro-
vide diagnostic information by detecting landmarks using 
cephalograms and CT scans of the craniomaxillofacial 
area.6,7) With respect to the distal radius, deep learning has 
been applied to estimate bone age and detect and localize 
distal radius fractures.8,9) However, few studies have exam-
ined the automatic measurement of radiological parame-
ters of the distal radius using deep learning algorithms.10,11) 
In addition, since a deep learning algorithm alone is an 
incomplete method for measuring radiological parameters 
for diagnosis, a hybrid method has been proposed that ap-
plies an image processing algorithm to the outputs of the 
deep learning algorithm.12) Based on experience from clin-
ical practice, the key to precisely measuring radiological 
parameters is the correct identification and localization of 
the landmarks. This study aimed to develop an automated 

hybrid approach using a deep learning architecture and a 
conventional computer-aided diagnostic (CAD) approach 
to detect anatomical landmarks and measure radiological 
parameters on wrist radiography. We also validated the 
fully automated measurement of radiological parameters 
by comparing them with the measurements made by 2 
hand surgeons (HSJ and JSL).

METHODS
This retrospective study was approved by the Institutional 
Review Board of Chung-Ang University Hospital (IRB No. 
2201-005-19400). The requirement for informed consent 
was waived because of the retrospective nature of the study.

Acquisition of Radiographs and Dataset Preparation 
Between January 2022 and December 2023, 1,864 patients 
who underwent wrist radiography in anteroposterior (AP) 
and lateral (LAT) views were included in our study. All pa-
tients were aged 18 years or older to ensure inclusion of only 
skeletally mature individuals. The premise of manual label-
ing of the wrist is that orthopedic surgeons can accurately 
identify landmarks. To ensure confidence in manual label-
ing, cases with unrecognizable wrist landmarks were ex-
cluded. The following exclusion criteria were used to ensure 
that only radiographs with clear landmarks of the wrists 
were considered: distal radius or ulnar fractures (n = 388), 
history of distal radius fractures (n = 51), wrist osteoarthri-
tis (Kellgren-Lawrence grade > 2, n = 156), and radiographs 
with other detected abnormalities (n = 782). Finally, 487 
sets of wrist radiographs were included in the internal da-
taset. Fifty sets of AP and LAT radiographs were randomly 
selected as the test set, and the remaining 437 sets were used 
for training and validation (Fig. 1). To assess the generaliz-

1,864 Patients 18 years who underwent AP and LAT
wrist radiography between Jan 2022 and Dec 2023

1,425 Remaining

487 Remaining

50 Test set

388 Distal radius or ulnar fractures
51 History of distal radius fractures

156 Wrist OA (K-L grade > 2)
782 Radiographs with other abnormality

387 Training set 50 Validation set

Randomly sampled Fig. 1. Flowchart of the patient selection 
process for this study. AP: anteroposterior, 
LAT: lateral, OA: osteoarthritis, K-L grade: 
Kellgren-Lawrence grade.
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ability of the proposed method, we performed external 
validation using an independent dataset collected from a 
different institution and device. A total of 100 sets of wrist 
radiographs were obtained from a second institution and 
served as the external dataset. Among these, 50 sets were 
randomly selected and added to the training and valida-
tion sets of the original dataset, and the remaining 50 sets 
were added to the original test set. A total of 587 sets of 
wrist radiographs were collected across the 2 institutions 
after applying the inclusion and exclusion criteria. From 
this combined dataset, 487 sets were randomly sampled 
for training and validation, and the remaining 100 radio-
graphs, consisting of 50 internal and 50 external test cases, 
were used for testing.

Annotation of Anatomical Landmarks and 
Measurement of Radiological Parameters
Four commonly used and widely accepted radiological 
parameters based on AP and LAT wrist radiography were 
selected to evaluate the model: RI, RL, UV, and VT.3-5,13-16) A 
free, open-source software, 3-dimensional (3D) Slicer,17) was 
used to annotate the landmarks. The radial styloid process 
(RSP), medial corner of the articular surface of the distal ra-
dius (MCDR), and most distal point of the articular surface 
of the ulnar head (DPUH) were identified on AP radio-
graphs. The distal radial shaft center (DRSC-AP) and proxi-
mal radial shaft center (PRSC-AP) on AP radiographs were 
defined as the position at 3 and 5 cm below the proximal 
lunate articular surface, respectively. On LAT radiographs, 
the most distal point of the volar radius (DPVR), most distal 
point of the dorsal radius (DPDR), distal radial shaft center 
on the LAT view (DRSC-LAT), and proximal radial shaft 
center on the LAT view (PRSC-LAT) were identified using 
the same method. The longitudinal axis of the radius was 
determined by the line between the DRSC-AP and PRSC-
AP on AP radiographs and between the DRSC-LAT and 
PRSC-LAT on LAT radiographs. 

The RI was measured as the angle between 2 lines. 
The first line was perpendicular to the longitudinal axis of 
the radius. The other line was between the RSP and MCDR. 
The RL was defined as the distance between the line per-
pendicular to the longitudinal axis of the radius passing 
through the RSP and the line perpendicular to the longitu-
dinal axis of the radius passing through the MCDR. The UV 
was defined as the distance between the line perpendicular 
to the longitudinal axis of the radius passing through the 
MCDR and the line perpendicular to the longitudinal axis 
of the radius passing through the DPUH. The VT was mea-
sured on LAT radiographs and defined as the angle between 
the line perpendicular to the longitudinal axis of the radius 

and the line between the DPVR and DPDR (Fig. 2).
A wrist radiograph labeled by a hand surgeon (S1; 

HSJ), with 10 years of clinical experience, was used to 
train and validate the deep learning algorithm. Following 
training, the model predicted the location of a set of land-
marks without annotation. To evaluate performance, S1 
and another hand surgeon (S2; JSL), with 20 years of clini-
cal experience, labeled the remaining images as the test 
set. The mean of the measurement parameters obtained by 
the 2 hand surgeons served as the reference standard.18) All 
manual annotations were performed using 3D Slicer. 

Automatic Measurement of Parameters with the Deep 
Learning Hybrid Method
We developed a 2-step hybrid method to measure radio-
logical parameters using anatomical landmarks by com-
bining a deep learning model with a conventional CAD 
approach (Fig. 3). To detect anatomical landmarks on 
AP and LAT radiographs using the deep learning model, 
we used ResNet-50 with a convolutional block attention 
module as a feature extractor and adopted an attentive 
feature pyramid fusion (AFPF) module and a regression 
voting method to predict landmark locations. The model 
predicted landmark coordinates by voting for the high-
est probabilities in the heat map, which was regressed 
using the AFPF module. Unlike U-Net,19) optimized for 

A B

Fig. 2. Definitions of landmarks and parameters. Each landmark is assigned 
to a specific name. (A) 1: radial styloid process, 2: medial corner of the 
articular surface of the distal radius, 3: most distal point of the articular 
surface of the ulnar head, 4: distal radial shaft center on the anteroposterior 
view, and 5: proximal radial shaft center on the anteroposterior view. (B) 
6: most distal point of the volar radius, 7: most distal point of the dorsal 
radius, 8: distal radial shaft center on the lateral view, and 9: proximal 
radial shaft center on the lateral view.
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dense segmentation, our method focuses on sparse key 
point regression, benefiting from the multi-scale seman-
tic attention and reduced spatial redundancy of ResNet-
based backbones. To mitigate the risk of overfitting, we 
implemented a 5-fold cross-validation approach in which 
the dataset was randomly split into 5 subsets. Each fold 
was trained independently for 100 epochs to ensure a reli-
able performance assessment across the entire dataset. 
Hyperparameters were optimized using a validation split 
within each fold. In addition, early stopping was employed 
based on the validation loss with a patience of 5 epochs to 
prevent overfitting. The model was trained using a work-
station equipped with an NVIDIA RTX A6000 GPU (48 
GB VRAM), an AMD EPYC 7413 24-Core Processor, and 
755 GB of RAM. In the second step, a CAD algorithm was 
developed to measure radiological parameters using the 
predicted landmarks according to the method described in 
the previous section. We then connected the output of the 
deep learning model to the input of the CAD algorithm to 
automatically measure radiological parameters. The model 
and CAD algorithm were implemented in Python using 
the PyTorch deep learning framework (version 2.0.0). 

Reliability Evaluation of Manual Annotations
To evaluate the interobserver reliability of the measure-
ment of radiological parameters, 2 hand surgeons (HSJ 
and JSL) independently evaluated the wrist radiographs. 
The percentages within the 1-, 2-, 3-, and 4-mm discrep-
ancies between landmark thresholds and the mean radial 
error (MRE) were evaluated to determine the reliability of 
the annotations. 

Evaluation of Landmark Detection Performance
We evaluated the developed model using a test set of 50 
AP and LAT radiographs. The performance in detecting 
the 5 AP and 4 LAT anatomical landmarks was evaluated 
using the MRE and successful detection rate (SDR).20) The 
MRE was calculated as the mean of the absolute differences 
between the centers of the predicted landmarks and the ref-
erence standard. The SDR indicates the percentage of suc-
cessfully detected landmarks in the ranges of 1-, 2-, 3-, and 
4-mm differences with respect to the reference standard. S1 
manually measured the reference standard coordinates.

Evaluation of Automatic Measurements of Radiological 
Parameters 
To evaluate the radiological parameters, the automatically 
measured parameter values were compared with those 

128 256 512

Feature extractor (ResNet50 + CBAM)
DI module

L

AFPF module

CAD
method

512

L

L

Conv block

Concatenate

Up sampling

Regression-voting

Dilated conv block Average pooling
Fig. 3. Workflow of the model implementa
tion. CBAM: convolutional block attention 
module, DI: dilated convolutional block, 
CAD: computer-aided diagnostic, AFPF: 
attentive feature pyramid fusion.
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measured by the 2 surgeons. We used the mean values of 
each radiological parameter, as manually measured by the 
2 hand surgeons, as reference standards. The paired t-test 
was used to compare the algorithm-measured parameters 
with those obtained manually. We compared the mean 
absolute errors (MAEs) between the parameter values 
obtained using the automatic method and the reference 
standards. We also calculated the intraclass correlation 
coefficient (ICC) and Pearson correlation coefficient (r) 
between parameter values. The ICC was used to evaluate 
consistency; ICC values less than 0.5 indicated poor reli-

ability, values between 0.5 and 0.75 indicated moderate 
reliability, and values greater than 0.75 indicated good 
reliability.21) For the Pearson correlation coefficient, 0.6 ≤ 
|r| ≤ 0.79 indicated a moderate correlation and |r| ≥ 0.8 
indicated a high correlation.22) Additionally, Bland-Altman 
plots were created to show the mean difference, standard 
deviation, and 95% limit of agreement between the values.

RESULTS 
Reliability of the Manual Measurement of Landmarks 
by 2 Surgeons
The percentages of interobserver landmark discrepancies 
within 4 mm for the AP and LAT radiographs were 81.6% 
and 86.5 %, respectively (Table 1). 

Model Generalization via 5-Fold Cross-Validation
To evaluate the generalization performance of the model, 
we performed 5-fold cross-validation, training each fold 
for 100 epochs (a total of 500 epochs). The learning curves 
for the AP and LAT models were plotted using training 
and validation losses, as illustrated in Fig. 4. For the AP 
model, the validation loss decreased sharply in the early 

0.40

0.35

0.30

0.25

0.20

0.15

0.10

0.05

100 200 300 400 500

L
o
s
s

Epoch

0

Train loss
Val loss
Early stopping (fold 4, epoch 10)

0.4

0.3

0.2

0.1

100 200 300 400 500

L
o
s
s

Epoch

0

Train loss
Val loss
Early stopping (fold 4, epoch 10)

A

B

Fig. 4. Training and validation loss curves 
for the anteroposterior (A) and lateral (B) 
models over 500 epochs (5-fold cross-
validation). The red dotted vertical lines 
indicate the early stopping points.

Table 1. Interobserver Reliabilities and MREs of Landmark Annota
tions on AP and LAT Radiographs

Image MRE (mm),  
mean ± SD

Interobserver reliability (%)

1 mm 2 mm 3 mm 4 mm

AP 4.97 ± 19.41 22 57 73 82

LAT 2.8 ± 2.02 11 36 66 87

MRE: mean radial error, AP: anteroposterior, LAT: lateral, SD: standard devia
tion.
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epochs and reached its lowest point at the fifth fold (epoch 
5). Subsequent epochs often led to marginal or negative 
gains in the validation performance, highlighting early 
convergence and potential overfitting risks (Fig. 4A). 
For the LAT model, the training loss steadily decreased 
across all folds. However, the validation loss reached its 
minimum during the fifth fold at epoch 10, after which 
it exhibited notable fluctuations indicative of overfitting. 
To mitigate overfitting, we applied early stopping based 
on the validation MRE. These early stopping points were 
also marked on the learning curves (Fig. 4B). Notably, the 
AP model converged significantly faster across all folds, 
whereas the LAT model demonstrated more gradual im-

provements over the extended training, particularly in the 
first and second folds.

Performance of the Deep Learning Model for Landmark 
Detection
We evaluated the landmark detection performance of the 
developed model by comparing the predicted positions with 
the reference standard positions manually annotated by the 
surgeon. Table 2 shows the performance of the developed 
deep learning model in detecting anatomical landmarks in 
the test set. We achieved 98%, 99%, 100%, and 100% SDRs 
for measurements of 1, 2, 3, and 4 mm, respectively, on 
AP radiographs, and 97%, 99%, 100%, and 100% SDRs for 
measurements of 1, 2, 3, and 4 mm, respectively, on LAT 
radiographs.

Automatic Parameter Measurement Performance of 
Computer-Aided Diagnosis 
The measured values from the 2 hand surgeons were 
compared with the model estimates for the 4 parameters 
(Table 3). In the correlation analysis, RI, VT, and UV 
demonstrated good or high reliability (ICC: 0.86, 0.95, and 
0.98; r = 0.86, r = 0.95, and r = 0.98, respectively), while 
RL exhibited moderate reliability (ICC: 0.75, r = 0.78, re-
spectively). In the subgroup analysis, the internal group 

Table 2. MREs and SDRs of Landmark Annotations on AP and LAT 
Radiographs

Image MRE (mm), 
mean ± SD

SDR (%)

1 mm 2 mm 3 mm 4 mm

AP 0.19 ± 0.21 98 99 100 100

LAT 0.27 ± 0.30 97 99 100 100

MRE: mean radial error, SDR: successful detection rate, SD: standard de
viation, AP: anteroposterior, LAT: lateral. 

Table 3. Comparison of Radiological Parameters Measured Manually and Automatically Using Deep Learning 

Institution Variable Manual 
method

Automatic 
method p-value ICC r Mean 

difference 95% CI MAE

Whole RI (°) 26.68 ± 3.58 26.41 ± 4.01 0.188 0.86 0.86 0.27 –0.13 to 0.68 1.62 ± 1.26

RL (mm) 13.64 ± 2.09 12.63 ± 2.72 0.000  0.75**  0.78** 1.01 0.67 to 1.35 1.56 ± 1.23

VT (°) 14.56 ± 7.72 14.01 ± 8.02 0.029 0.95*  0.95* 0.55 0.06 to 1.04 1.88 ± 1.68

UV (mm)  2.18 ± 2.88  2.09 ± 2.76 0.144 0.98 0.98 0.09 –0.03 to 0.20 0.43 ± 0.41

Internal RI (°) 25.67 ± 4.30 25.35 ± 4.73 0.321 0.88 0.88 0.32 –0.32 to 0.96 1.76 ± 1.42

RL (mm) 12.91 ± 2.29 11.39 ± 2.55 0.000  0.78**  0.79** 1.52 1.07 to 1.97 1.67 ± 1.43

VT (°) 11.32 ± 9.13 10.94 ± 9.30 0.285 0.96 0.96 0.38 –0.33 to 1.09 2.02 ± 1.47

UV (mm) 3.43 ± 3.18  3.27 ± 2.98 0.117 0.97 0.98 0.16 –0.04 to 0.35 0.55 ± 0.44

External RI (°) 27.69 ± 2.32 27.46 ± 2.78 0.395 0.74 0.76 0.23 –0.30 to 0.74 1.48 ± 1.08

RL (mm) 14.37 ± 1.60 13.86 ± 2.32 0.042  0.64* 0.68* 0.51 0.02 to 0.99 1.45 ± 1.00

VT (°) 17.79 ± 3.95 17.08 ± 4.91 0.045  0.85* 0.87* 0.71 0.02 to 1.41 1.73 ± 1.86

UV (mm)  0.92 ± 1.85  0.91 ± 1.91 0.790 0.97 0.97 0.02 –0.11 to 0.15 0.31 ± 0.34

Values are presented as mean ± standard deviation.
ICC: intraclass correlation coefficient, r: Pearson correlation coefficient, MAE: mean absolute error, RI: radial inclination, RL: radial length, VT: volar tilt, 
UV: ulnar variance.
*p < 0.05, **p < 0.001.
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demonstrated excellent agreement for UV (ICC: 0.97, r = 
0.98) and VT (ICC: 0.96, r = 0.96). The RL showed consis-
tent underestimation, with a statistically significant mean 
difference of 1.52 (95% CI, 1.07–1.97, p < 0.001). The VT, 
although highly correlated, exhibited greater variability 
across measurements, as reflected in the Bland-Altman 
plots (Fig. 5). In the external group, the automatic method 
maintained high performance for UV (ICC = 0.97, r = 
0.97) and showed significant agreement for VT (ICC: 0.85, 
r = 0.87). Statistically significant but smaller biases were 

observed for RL (mean difference: 0.51, p = 0.042) and VT 
(mean difference: 0.71, p = 0 .045). Agreement for RI was 
high, and the differences were not statistically significant 
in either group (p < 0.3). To evaluate the measurement of 
radiological parameters, we calculated the MAE between 
the parameter values measured manually and automatical-
ly. In the subgroup analysis, the MAE remained the lowest 
for UV in both the internal (0.55 ± 0.44 mm) and external 
(0.31 ± 0.34 mm) groups, indicating consistent assessment 
accuracy for this parameter. 
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Computational Efficiency 
Training and inference were performed using an NVIDIA 
RTX A6000 GPU. The system required 17 seconds to pro-
cess 100 wrist radiographs with an average inference time 
of approximately 0.17 seconds per image. This speed dem-
onstrates the feasibility of near real-time integration into 
clinical workflows.

DISCUSSION
Wrist radiographs and a deep learning algorithm were 
used in this study to develop an automatic measurement 
model. Compared with the reference standard, the results 
highlighted that (1) the developed method achieved 94% 
and 96% SDRs within the clinically acceptable range of 2.0 
mm and (2) the model showed good reliability for RI, VT, 
and UV, and moderate reliability for RL. Radiographic pa-
rameters play an important role in evaluating wrist pathol-
ogies. However, measuring these radiological parameters 
obtained by manually annotating AP and LAT radiographs 
is time-consuming and subject to observer variability. A 
previous study reported interobserver ICCs of 0.74 for VT, 
0.38 for RI, and 0.44 for RL. Based on manual measure-
ments of healed distal radius fractures, intraobserver ICCs 
were 0.71 for VT, 0.39 for RI, and 0.49 for RL.23) Another 
recent study reported that interobserver ICC values for 
radiographic measurements of the normal distal radius in-
dicated good reliability for UV (> 0.8) and poor reliability 
for RI and VT (< 0.5).24) The ICC for RI measured by the 
algorithm and manual method was 0.86, with 0.95 for VT, 
0.75 for RL, and 0.98 for UV. These results indicate that 
our deep learning model performed comparably to manu-
al measurements performed by an experienced orthopedic 
surgeon. 

Parameters dependent on distance, such as RL, 
showed ICCs of 0.75, which were lower than those of the 
angular parameters. The main reason for this finding was 
the difficulty in detecting landmarks located in the central 
area of the shaft, such as the DRSC and PRSC. For the 
DRSC and PRSC, unlike other landmarks, the central shaft 
area lacks anatomical features to accurately identify their 
locations, resulting in insufficient detection accuracy for 
correctly determining the longitudinal axis in terms of the 
angle for some patient radiographs. Approximately 95% 
of the landmarks in the test sets showed errors of less than 
2 mm, indicating that only small angular errors occurred, 
which did not cause a significant problem in determining 
the lines that were nearly parallel to the longitudinal axis 
of the radius. Therefore, for the angular parameters, no 
significant differences were observed, and good reliability 

was noted between the algorithm and manual method. In 
contrast, when calculating RL, a small angular error could 
lead to larger differences in the coordinates of the feet 
perpendicular to the longitudinal axis of the radius; conse-
quently, the distance error between the perpendicular lines 
also increased. For patient images with high landmark de-
tection errors of the DRSC and PRSC, the RL differences 
between the algorithm and manual methods were calcu-
lated as 7.76 mm and 5.88 mm for 2 cases, respectively. 
The occurrence of this outlier explains why the ICC of this 
parameter was lower than that of the angular parameters, 
although no significant differences were observed in the 
ICCs of the angular parameter between the algorithm and 
manual method. Although these 2 outlier cases occurred, 
they were not removed from the calculations as they were 
within the clinically acceptable RL range.

The clinical acceptability of measurement errors was 
also considered. Previous studies suggested that thresholds 
of < 2 mm for RL and < 5° for VT are clinically acceptable. 
Our MAE values of 1.56 mm (RL) and 1.88° (VT) were 
within this range, supporting their relevance in clinical 
practice. For example, Watson et al. reported that interob-
server differences for RL and VT measurements of distal 
radius fractures commonly exceeded 2 mm and 5°, respec-
tively, highlighting that errors within these ranges are ac-
ceptable for clinical purposes.5) Similarly, Suojärvi et al.24) 
demonstrated considerable variability among physicians 
interpreting VT and UV on 2-dimensional (2D) radio-
graphs, reinforcing the practical adequacy of our model’s 
precision. 

Subgroup analysis showed that the automated meth-
od performed reliably across institutions, but agreement 
varied by parameter and institution. The consistent un-
derestimation of RL in the internal group raises concerns 
regarding the calibration or true variability across institu-
tions. This discrepancy, although statistically significant, 
may reflect differences in image acquisition or labeling 
methods, highlighting the importance of local valida-
tion. In contrast, the external group had lower bias for 
RL and VT, suggesting greater generalizability or model 
compatibility with external data. Despite statistical signifi-
cance, the small size of these differences may limit clinical 
impact. Overall, UV was calculated as the most robust 
parameter with excellent agreement across all subgroups 
and minimal bias. The MAE analysis further supports 
the robust performance of the model for UV, consistently 
showing the smallest absolute error across institutions. 
These results reinforce the potential utility of the automat-
ic method for quantifying UV, while minimizing deviation 
from expert-derived measurements. The relatively high 
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MAE in VT, especially in the internal dataset, may be due 
to the inherent variability of the parameters or sensitiv-
ity to image artifacts such as motion. Similarly, the high 
MAE in RL shows that although correlations may remain 
high, absolute agreement is more variable, which is clini-
cally significant when precision is important. The slightly 
improved MAE values ​​in the external group indicated 
better model generalization or more homogeneous image 
features, highlighting the importance of multicenter vali-
dation in assessing model generalizability.

The key challenge in measuring the distal radius is 
determining the location of landmarks. In this study, most 
of the interobserver distances fell within 4 mm (82%–87%), 
demonstrating that the 2 hand surgeons were relatively 
reliable. However, the interobserver distances were within 
1 mm, indicating poor performance (8%–28%). As men-
tioned above, manual labeling is subjective even for expe-
rienced surgeons, and the accuracy and consistency of la-
beling between surgeons can differ significantly, especially 
for high-accuracy requirements. Although intraobserver 
reliability was not quantified in this study, we acknowledge 
this as a limitation and plan to incorporate test-retest anal-
ysis in future work. In terms of landmark prediction, our 
deep learning model showed good performance, and the 
SDR at the 2–4 mm threshold ranged from 99% to 100%. 
However, some errors remain in the results. In particular, 
as previously mentioned, the center of the shaft could not 
be easily detected because of the normal bowing of the 
radius on AP radiographs and overlap with the ulnar shaft 
on LAT radiographs.25) 

Previous studies have adopted a method of calculat-
ing radiological parameters by initially extracting bone 
images, which are the subject of fracture diagnosis, us-
ing segmentation models, and then sequentially applying 
image processing and mathematical calculations to the 
extracted bone images.10,11) Although this method dem-
onstrates high accuracy for standardized data, it can show 
deviations in the image processing results for images with 
between-subject variations, such as patient data (e.g., bone 
shape and length). Typically, image processing and rule-
based algorithms output results based on the rules set by 
the user. However, not all patient images satisfy these rules, 
which can potentially lead to significant measurement er-
rors in radiological parameters. Moreover, the possibility 
of error accumulation exists during the implementation 
of these 3 steps, which means that segmentation models 
required a large number of samples to enhance reliabil-
ity. Typically, a landmark detection model can directly 
identify anatomical landmarks from images without any 
segmentation or image processing steps.26) In this study, 

we propose a novel automated method for the assessment 
of radiological parameters of the distal radius using a hy-
brid approach combining deep learning-based landmark 
detection and a CAD algorithm with mathematical calcu-
lations. We developed a deep learning model to identify 
anatomical landmarks to derive radiological parameters 
that can be used to assess fracture displacement by ap-
plying a CAD algorithm. Our method directly identified 
anatomical bone landmarks from patient radiographs us-
ing a landmark detection model and immediately applied 
the extracted landmark coordinates to derive radiological 
parameters, thereby eliminating potential errors that may 
occur in image processing. In addition, our deep learning 
model exhibited good performance in landmark detection. 
Even with a relatively small number of samples, this per-
formance by our deep learning model led to satisfactory 
reliability of the values of radiologic parameters by sim-
plifying the problem of calculating radiologic parameters 
compared to that in previous studies.

However, this study had several limitations. First, 
our automated assessment method for the distal radius 
requires further development to enhance its accuracy by 
increasing the amount of patient data required to train the 
model and reducing landmark detection errors. However, 
the advantage of our assessment is that it exhibits good 
performance with a small number of samples. Second, to 
correct the landmark detection, the training set involved a 
large group of normal wrist radiographs consisting mainly 
of clear landmarks. However, patients with distal radius 
measurements frequently present with displaced fractures 
or significant arthritis. The premise of manual labeling of 
the wrist is that hand surgeons can accurately identify the 
landmarks. To ensure confidence in manual labeling, cases 
with unrecognizable wrist landmarks, such as fractures, 
surgical history, and arthritic changes, were excluded. 
Despite adopting standardized manual measurement tech-
niques, intraobserver and interobserver consistency in dis-
tal radius fractures was varied in previous studies.4,5) Thus, 
to apply our algorithm to pathologic cases, a larger sample 
size is required; however, this is an extremely difficult 
task. We intend to include pathological cases in the future 
and believe that the effective method established in this 
study will be gradually applied in the clinic after the inclu-
sion of cases with more lesion types. When developing 
an enhanced model for future studies, this study will be a 
useful guide to help reduce the sample size in the training 
set to meet clinically acceptable accuracy by simplifying 
the process for calculating radiologic parameters. Finally, 
our study did not consider measuring radiological param-
eters using 3D CT analysis. Although simple radiography 
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remains the primary imaging modality for measuring 
radiological parameters in clinical practice, a recent study 
reported that CT analysis is reliable for determining radio-
graphic parameters of the normal distal radius, whereas 
physicians demonstrated considerable variability in inter-
preting radiographs.24) Previous studies have demonstrated 
that 3D CT provides higher precision in anatomical 
landmark detection than traditional 2D imaging modali-
ties.27,28) In particular, a recent review showed that deep 
learning methods can reliably automate 3D cephalometric 
landmarking using CT data, achieving accuracy superior to 
manual reference standards.29) Thus, future research using 
CT images is necessary to enable a more comprehensive 
analysis of the distal radius morphology.

In conclusion, a novel automated hybrid method 
can accurately identify landmarks on wrist radiographs 
and automatically generate radiological parameters of the 
distal radius. This saves time and human labor when cre-
ating datasets for training segmentation models and devel-
oping image processing algorithms, even with a relatively 
small number of samples. 
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