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Abstract
Background  The application of deep learning techniques in cephalometric analysis has become increasingly 
prominent. Although automatic landmarking models for cephalometric analysis have been developed, their accuracy 
still requires validation and relies heavily on clinicians to resolve discrepancies between results. To address these 
limitations, automatic diagnostic models have gained attention. However, there is no direct evidence establishing the 
superiority of one model over the other, especially the generalization and transferability.

Methods  Based on the same northern Chinese population external test dataset data and the data of the IEEE 
(Institute of Electrical and Electronics Engineers) 2015 ISBI (International Symposium on Biomedical Imaging) Grand 
Challenge dataset, we compared the performance, generalization ability, and transfer ability of the proposed two 
models, respectively.

Results  Our findings suggest that the automatic landmarking model outperforms the automatic diagnostic model in 
both external test dataset, with an accuracy of 90.80% on the IEEE dataset.

Conclusions  In this study, the comparison was indirect, with each model having its strengths: the automatic 
landmarking model offers precise measurements, while the automatic diagnostic model provides quicker results. 
The choice between them depends on clinical needs, and future work should explore hybrid models to combine the 
advantages of both.

Keywords  Deep learning, Convolutional neural networks, Artificial intelligence, Diagnostic systems, Digital imaging, 
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Introduction
The cephalometric analysis is regarded as the most 
important tool used by orthodontists and maxillofacial 
surgeons to study malocclusion and maxillofacial bone 
differences [1, 2]. Manual tracing is the primary method 
used in traditional cephalometric analyses. However, this 
method has the drawbacks of low efficiency, low preci-
sion, high time consumption, and being laborious [3].

Deep learning is a key branch of machine learning, 
utilizing multi-layer neural networks to extract features 
from complex data. It has shown great potential in medi-
cal image analysis, especially for automatic landmark 
detection and diagnostic tasks. With the rapid develop-
ment of deep learning, artificial intelligence (AI) has 
gradually penetrated the medical field, which not only 
improves the visual recognition ability of radiology, but 
also greatly reduces the probability of observer error 
[4, 5]. Owing to the advantages of such methods, deep 
learning-related methods have been widely applied in 
medical imaging tasks, such as disease classification 
[6–9], ROI (region of interest) segmentation [10–12], 
medical detection [13–16], image registration [17–19], 
and achieved satisfactory results. Convolutional neural 
networks (CNN) are a type of deep learning algorithm 
that is highly effective in image processing and recogni-
tion tasks, including the automatic landmarking of lateral 
cephalograms [20]. Kim et al. [21] used a cascade CNN 
to identify lateral cephalometric landmarks across mul-
tiple centers in South Korea. Zhang et al. [22] further 
evaluated the performance of deep learning methods 
on a multi-center dataset, highlighting the challenges 
still faced in generalizing these methods. Deep learning 
models have the advantage of higher landmark accuracy, 
requiring lesser time and manpower when locating and 
analyzing anatomical markers compared to that in tradi-
tional methods. Although the use of AI technology has 
improved the efficiency of landmarking and measure-
ments, a manual diagnosis using numerical values is still 
required. For better automation, objectivity, and accuracy 
in orthodontic clinical diagnosis, recent research has 
focused on deep learning-based end-to-end classification 
for skeletal malformation diagnosis, with better results 
[23–25]. The end-to-end model is more inclined toward 
self-recognition and detection of images by machines 
and logical association with labeled classification. The 
output results are not numerical values, but are diagnos-
tic. Therefore, the end-to-end method of cephalometric 
measurement analysis not only solves the problem of 
time-consumption and high knowledge and the technical 
requirements of traditional methods, but also solves the 
problem of the automatic landmarking model, making it 
difficult to diagnose disputed value samples. For instance, 
Chang et al. [26] proposed a self-supervised learning 
framework for multi-attribute classification to enhance 

the generalization of orthodontic diagnostic models. 
However, there is currently a lack of direct evidence com-
paring the advantages of automatic landmarking models 
and automatic diagnostic models in the context of lateral 
cephalogram analysis, particularly regarding their gen-
eralization and transferability across multi-center data-
sets. Therefore, this study will compare the accuracy of 
automatic landmarking and automatic diagnostic models 
and explore whether AI can be directly diagnosed with-
out requiring landmarking measurement data to clarify 
the development direction for AI-assisted orthodontic 
diagnosis.

To ensure a fair comparison, this study used two exter-
nal test datasets and evaluated the performance of both 
models based on standardized metrics, including accu-
racy and generalization ability. One of them is a uniform 
test set sample (which comes from the same source as the 
model training sample) should be used for testing in this 
experiment to compare the performance. Meanwhile, to 
ensure the objectivity of comparison, we also used lateral 
cephalograms from the public test dataset IEEE (Institute 
of Electrical and Electronics Engineers) 2015 ISBI (Inter-
national Symposium on Biomedical Imaging) Grand 
Challenge dataset [27, 28] to test the above two models. 
However, it is generally difficult to get enough training 
set samples from different populations. Thus, in the pre-
vious studies mentioned above, the samples for model 
construction were mostly from a single population sam-
ple, which means that the generalization ability [29] and 
transfer ability [30] of the model need to be studied to 
evaluate the applicability to other populations. Since the 
lateral cephalograms in the IEEE dataset were all from 
Han Chinese South (CHS), the generalization ability 
and transfer ability of the two models could also be bet-
ter tested, which provides a direction for the automated 
diagnosis and treatment applicable to other oral diseases 
in the future.

Therefore, the aim of this study was to compare the 
accuracy, generalization ability, and transfer ability of the 
automatic landmarking and automatic diagnostic models 
using the same types of external test datasets to provide a 
direction for the future development of the oral diagnosis 
model.

Materials and methods
Datasets
Lateral cephalograms were collected from patients from 
northern China at the Hospital of Stomatology, Xi’an 
Jiaotong University, all of which were acquired using 
the KaVo OP 3D Pro (KaVo, Germany), a cephalometric 
imaging system. This device is a horizontally scanning 
unit, providing cephalometric images with resolution 
ranging from 4095 × 4095 pixels to 651 × 651 pixels. These 
images were manually landmarked and used for training 
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and testing the models (Fig. 1). The dataset was divided 
into two parts: the internal dataset and external test data-
sets (Table 1).

  

Internal dataset
The internal dataset was mainly used for models’ estab-
lishing. The age and sex distributions of all samples are 
shown in Table 2.

External test datasets
Due to the random distribution of the internal dataset 
into different subsets, it is not suitable for a direct, final 
performance comparison. Therefore, an external test 
dataset was introduced to independently evaluate the 
models’ performance. To evaluate the model’s perfor-
mance and clinical applicability, we used a separate exter-
nal test dataset consisting of 426 lateral cephalograms. 
These images were collected from the Hospital of Sto-
matology, Xi’an Jiaotong University, ensuring they were 
independent of the internal dataset. This external dataset 
could offer a more realistic comparison. Additionally, to 
further test the generalization and transferability of the 
models across different populations and imaging systems, 
we included the IEEE 2015 ISBI Grand Challenge data-
set [27, 28] as part of the external test set. The IEEE data-
set includes 250 cephalograms from Taiwan Province of 
China and serves as a widely-used benchmark for evalu-
ating cephalometric landmarking algorithms. This allows 
us to evaluate the models’ ability to generalize across 
diverse clinical settings.

Automatic landmarking model
All 6128 lateral cephalograms in the internal dataset were 
used to establish the model. Table 3 lists the 12 cephalo-
metric landmarks (a total of 12) of lateral cephalograms. 
In this section, a CNN named SaTaNet (structure-aware 
and texture-aware CNN-based end-to-end network) has 
been used [31], which combines structure awareness and 
texture awareness. In the overall framework of SaTaNet 
(Fig. 2), the structure awareness and texture awareness 
integrated module (SaTa) consists of a trunk (its encoder 
is ResNeXt-50, pre-trained on ImageNet) and three 
heads based on the CNN network. The three heads are 
the structure awareness head (to guide the network to 
localize the landmarks coarsely), the CLS head (classifi-
cation head, helping to confirm the presence and precise 
location of the landmarks by classifying pixels as either 

Table 3  Location and definition of landmarks on lateral 
cephalograms
Number Label Definition
1 R1 Ruler point (upper)
2 R2 Ruler point (20 mm below R1)
3 N Nasion
4 S Sella
5 Ar Articulare
6 Go Gonion
7 Po Pogonion
8 Gn Gnathion
9 Me Menton
10 A Subspinale
11 B Supramental
12 O1-O2 Occlusal plane

Fig. 1  The main building process of the automatic landmarking model and the automatic diagnostic model [41–43]
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landmarks or not), and the texture awareness head (for 
fine localization of the landmarks). The structure and tex-
ture information of the sample guided the SaTa module 
for structure and texture perception, respectively.

  
For model training, all cephalometric images were pre-

processed before being fed into the network. Each image 

was resized to a unified resolution with zero-padding to 
maintain the original aspect ratio, and pixel intensity was 
normalized. To improve robustness and reduce overfit-
ting, data augmentation strategies such as random rota-
tion, flipping, and scaling were applied. The SaTaNet 
model was optimized using the Adagrad optimizer with 
a batch size of 16. The loss function consisted of three 
parts: a structure-aware loss (Lstr), a texture-aware loss 
(Ltex), and a pixel-wise classification loss (Lcls), enabling 
both coarse localization and fine-grained refinement of 
landmarks [31]:

The total loss function (Ltotal) can be defined as follows:

	 Ltotal (LM, C (θ , I)) = α Lstr + β Ltex + Lcls� (1)

the α and β are the balancing factors (set α and β to 100). 
The θ is the parameter of the network C, and the LM is 
the annotated landmarks in image I.

Texture-aware loss can be defined as follows:

	 Ltex =
∑

N
i=1

∑
X
j=1

∑
Y
k=1|Htex (j, k) − Ĥtex (j, k) |

N × X × Y
� (2)

Table 4  The definition of measurement indices
Dimension Index Definition
Sagittal ANB angle Formed by A point, nasion, and 

B point, which describes the 
anteroposterior relationship of the 
mandible to the maxilla

Wits value Measured by drawing a line perpen-
dicular to the occlusal plane from 
the midpoint of the maxillary incisor 
to the mandibular incisor for evaluat-
ing the anteroposterior relationship 
between the upper and lower jaws

Vertical Sn-GoGn The angle between the Sella-Nasion 
line and the Gonion-Gnathion line 
for evaluating the inclination of the 
mandible about the cranial base

Björk sum The sum of the anterior and poste-
rior facial heights

Fig. 2  The general framework of the automatic landmarking model based on the SaTaNet algorithm [31]
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where N is the number of landmarks, X and Y are the 
image width and height, Htex is the corresponding tex-
ture label produced by texture label generation algorithm 
for an image I, Ĥtex is the predicted texture heatmap, 
and i is the landmark index.

Structure-aware loss can be defined as follows:

	
Lstr =

∑
X
j=1

∑
Y
k=1|Hstr (j, k) − Ĥstr (j, k) |

X × Y
� (3)

where Hstr  is the corresponding structure label pro-
duced by texture label generation algorithm for an image 
I, and Ĥstr  is the predicted structure heatmap.

Pixel-wise classification loss can be defined as follows:

	

Lcls = 1
N

∑
N
i=1

∑
X
j=1

∑
Y
k=1[

−Hcls (j, k) × log
(

Ĥcls (j, k)
)]� (4)

where Hcls and Ĥcls are the corresponding pixel-wise 
classification label for an image I and predicted classifica-
tion heatmap.

The heat map prediction part of the model uses the 
above three heads for the visual output of the calcula-
tion results and extracts the hottest point to obtain the 
predicted landmarks of the hard-tissue anatomical struc-
ture of the sample (Fig.  3). According to the prediction 
coordinates, the ANB angle, Wits value, Sn-GoGn, and 
Björk sum were automatically output (Table 4). Also, we 
evaluated the model’s performance by using Mean Radial 
Error (MRE) and Success Detection Rate (SDR).

Automatic diagnostic model
The samples used were all non-controversial samples 
(cases where expert orthodontists provided differing 
classifications, or cases where the measured indices fall 
near the classification boundaries) from the internal 
dataset with clinical real diagnosis as to eliminate the 

influence of subjective judgment as much as possible 
for the automatic diagnostic model. In this dataset, the 
distribution of Class I, Class II, and Class III was 2149, 
2638, and 405, respectively. The distribution of low-angle, 
average-angle, and high-angle samples was 588, 2897, 
and 1707, respectively. This method is a medical image 
classification approach based on the DenseNet network, 
aimed at improving the classification accuracy and diag-
nostic effectiveness of medical images. First, during the 
data preparation and processing phase, lateral cephalo-
grams were collected, measured and resized to ensure 
uniformity, using real diagnosis results for preprocessing 
and pattern matching to reduce the impact of irrelevant 
factors in the data. Then, a batch size of 32 was used, and 
the Adam optimizer was employed for parameter opti-
mization. To enhance the diversity of the dataset, a series 
of image transformation strategies were applied, includ-
ing scaling adjustment, brightness enhancement, center 
rotation, random occlusion, edge detection, and mirror 
transformation. And the processed data was input into 
the Dense Block feature extraction module, which real-
ized feature reuse through the connection of features on 
the channel by establishing dense connections between 
all the previous layers and the following layers. Subse-
quently, the nested supervision module was incorpo-
rated after the first layer based on the Dense Block, and 
the channel attention module (Squeeze-and-Excitation 
Block, SEBlock) was appended after the third layer. The 
soft threshold automatically learned by the nested super-
vision module was employed to allocate the weight of 
each channel more appropriately, enabling the module 
to automatically learn and apply the threshold prior to 
the fully connected layer to achieve the soft threshold-
ing of the feature map. This facilitates the network to 
process image features with greater accuracy. Next, the 
fourth layer of the Dense network (Dense Block4 and 
Transition Layer4), was connected to achieve the predic-
tion classification results. Moreover, cross-entropy loss 

Fig. 3  Image keypoint detection method based on heatmap prediction (taking points S, N, and Me as examples)
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was employed in model training to optimize the model 
parameters:

	
Loss = −β log

exp (zj)∑
c
i=1exp (zi)

� (5)

where zj  and zi represent the output of the network, 
β  is a re-weighting factor for the loss function, c is the 
number of classes.

By integrating the advanced channel attention mecha-
nism and the deep network features of DenseNet, this 
approach effectively enhanced the classification accu-
racy and robustness of medical images in the presence of 
noise, thereby improving the diagnostic efficacy. Finally, 
according to the input images, the sagittal (Class I, Class 
II, or Class III) and vertical (low-angle, average-angle, 
or high-angle) predicting diagnosis results were output. 
(Fig.  4) In addition, to further investigate the model’s 
decision-making in the classification task, we used Grad-
CAM to visualize the model’s attention regions, high-
lighting key areas of feature extraction and classification.

Comparison of the two models
Total of 426 lateral cephalograms of the northern Chi-
nese population were from the external test dataset. 
The images were manually landmarked, diagnosed, and 
verified respectively. This dataset includes samples with 
controversial values that can be used to test the clinical 
applicability of the model. To facilitate the comparison 
between the two networks, we classified the automatic 
landmarking model’s predicted measurements into clini-
cally relevant categories based on their corresponding 
ANB, Wits, Sn-GoGn, and Björk values. The automatic 
diagnostic model output directly provides sagittal and 

vertical diagnoses, which are compared to the automatic 
diagnostic model’s categorized outputs. For evaluation, 
we used standard performance metrics such as F1-score, 
accuracy, precision, and recall to evaluate the agreement 
between the two models. These metrics allow us to quan-
tify the classification accuracy of each network based on 
the clinical categories. While these indirect measures 
help evaluate the general performance of both networks, 
we acknowledge the limitation that the automatic land-
marking model’s output involves multiple intermediate 
steps (landmark identification and measurement calcu-
lation), whereas the automatic diagnostic model outputs 
the final diagnostic categories directly. This difference 
requires careful consideration in our discussion, espe-
cially when analyzing the two models’ direct comparison.

The IEEE dataset is including anatomical landmark-
ing. However, the Wits value could not be measured at 
the sites labeled in this dataset [27, 28]. All the included 
samples were simultaneously checked by three orthodon-
tists with 15–20 years of clinical experience at the same 
time to determine the sagittal and vertical diagnostic 
classification of each sample. These results were subse-
quently used as the manual results of the samples to test 
the accuracy, precision, recall, and F1 Score of the trained 
models. In addition, McNemar’s test was performed to 
evaluate whether the difference in classification perfor-
mance between the two models was statistically signifi-
cant on paired prediction results.

Results
The landmark detection performance of the automatic 
landmarking model is evaluated by MRE and SDR. In 
the SaTaNet model [31], the performance on the Chinese 
population test set showed an MRE of 1.15 mm, with an 
SDR of 86.80% within a 2 mm threshold. On the IEEE test 
set, the MRE reached 1.27 mm, and the SDR within 2 mm 
was 82.01%. The performance of the automatic diagnostic 
model is shown by the Grad-CAM results in Fig. 5. In the 
successfully classified cases, the model mainly focused 
on the key areas of the maxilla and mandible. The heat-
map shows high responses (red and yellow areas) in these 
regions, with a relatively concentrated distribution. In 
contrast, in the misclassified examples, the heatmap dis-
tribution was more scattered, and in some images, the 
areas of focus were not correctly centered on the key 
maxillofacial regions, leading to incorrect classifications.

The results of the northern Chinese population exter-
nal test dataset for the two models are presented in 
Table 5. For the sagittal index, the accuracy of the auto-
matic diagnostic model was 84.27%, which was better 
than that of the automatic landmarking model and equal 
to that of the ANB angle. While the automatic landmark-
ing model achieves high classification accuracy based on 
ANB angle, the diagnostic model offers a more efficient 

Fig. 4  The general framework of the automatic diagnostic model based 
on the DenseNet algorithm
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workflow by eliminating landmarking dependency. How-
ever, its performance drops when tested on the CHS, 
indicating potential challenges in model generalization. 
For the vertical index, the test result of the automatic 
diagnostic model was 72.77%, which is similar to the clas-
sification performance of the Sn-GoGn and Björk sum.

The precision, recall, and F1 Score of the Wits value 
indicated that it was significantly less effective in the clas-
sification of Class I. Neither precision nor recall com-
prehensively reflected the predictive performance of the 
machine. The F1 Score is an index obtained by precision 
and recall and can comprehensively reflect the predic-
tive performance of the machine. Therefore, the F1 Score 

results were mainly referred to in Ref. For the sagittal 
index, the F1 Score of the automatic diagnostic model 
was slightly lower than that of the ANB Angle. However, 
it was basically unchanged and significantly better than 
the Wits value. For the vertical index, the high angle of 
the automatic diagnostic model showed better F1 Score. 
Also, in Table  5, McNemar’s test indicated that in the 
northern Chinese population test set, a statistically sig-
nificant difference between the two models was observed 
only in the sagittal diagnosis based on Wits appraisal 
(p < 0.05).

The results of the IEEE test set for the two models are 
listed in Table  5. In the automatic landmarking model, 
the results of Classes II and III were better than those 
of Class I for ANB Angle classification. In the Sn-GoGn 
classification, the classification performances of the high, 
average, and low angles were basically the same. The 
Björk sum showed the best accuracy, and the classifica-
tion performances of the high, average, and low angles 
were essentially the same. Compared with the test results 
of the northern Chinese population, the performance of 
the automatic landmarking model was still good. How-
ever, in the test results of the automatic diagnostic model, 
the sagittal diagnosis was slightly better than the verti-
cal diagnosis. However, both were lower than the results 

Table 1.  The functional grouping of the datasets
Datasets Internal Dataset External Test Datasets

Automatic 
landmarking 
model

Automatic 
diagnostic 
model*

The north-
ern Chinese 
population

The 
IEEE

Training Set (n) 4044 4159 0 0
Test Set (n) 2084** 1033** 426 250
Total (n) 6128 5192 426 250
*The samples used were non-controversial samples selected from all 6128 
samples

**Due to the random distribution of the internal dataset into different subsets, 
it is not suitable for comparison

Table 2  Age and sex distribution of all samples
Age(y) Automatic landmarking model Automatic diagnostic model

Male (n) Female (n) Total (n) Male (n) Female (n) Total (n)
8–17 1495 2106 3601 1228 1754 2982
18–27 529 1340 1869 515 1143 1658
28–37 129 426 555 112 352 464
38–47 20 69 89 14 61 75
48–57 3 9 12 3 8 11
58–67 1 1 2 1 1 2
Total(n) 2177 3951 6128 1873 3319 5192

Fig. 5  Grad-CAM Visualization results based on the automatic diagnostic model: a Successful cases, b Error cases
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of the automatic landmarking model in the CHS. The 
decline in accuracy for the diagnostic model on the IEEE 
dataset suggests that craniofacial morphological differ-
ences between populations affect the model’s ability to 
generalize. This highlights the need for diverse training 
data to improve transferability. Besides, McNemar’s test 
showed that significant differences were found across all 
evaluated indices (all p < 0.05) in the IEEE dataset.

Discussion
Accurate diagnosis and treatment plans are the keys to 
successful orthodontic treatment. Lateral cephalogram 
measurements are a standard part of clinical records for 
orthodontic diagnosis and treatment planning. CNN 
makes the automatic landmarking mode widely stud-
ied and applied in lateral cephalogram measurements 
and has achieved good results [3, 32–38]. However, this 
kind of landmarking model used the manually marked 
results as the “gold standard” in deep learning, and the 
learned samples themselves have certain errors. In addi-
tion, controversial measurement indicators still rely on 
the subjective judgment of an experienced orthodontist. 
Therefore, the performance of a cephalometric analysis 
is susceptible to human factors. Therefore, the applica-
tion of the end-to-end diagnostic classification model has 
been focused on [23–25]. Using the DenseNet al.gorithm, 
Li et al. [24] used 2432 lateral cephalograms with sagit-
tal diagnoses to train an end-to-end sagittal diagnosis 
model with an accuracy of 89.58%. However, there is 
no direct evidence of the advantages of the two auto-
matic orthodontic diagnostic models based on lateral 
cephalograms.

To explore the performance of the two models, the 
same external test dataset was used to test the automatic 
landmarking model based on the SaTaNet algorithm and 
the automatic diagnostic model based on the DenseNet 
algorithm. First, we used a northern Chinese population 
external test dataset from the same source as the two 
models’ internal dataset. This test set sample has a critical 
value problem and a contradictory value problem, similar 
to those in clinical practice. The critical value problem 
occurs when the output result is between two adjacent 
categories, and the craniomaxillofacial bone problem is 
difficult to distinguish with the naked eye. A contradic-
tory value refers to the output values of the same type of 
diagnostic indicator corresponding to the contradictory 
diagnosis. For example, in patients with mild Class II 
or Class III, a Class I result may be obtained during the 
measurement. In patients with mildly high or low angles, 
it is possible to obtain an average angle result in the mea-
surement. Therefore, the external test dataset can reflect 
the clinical applicability while testing the efficacy of the 
model.

According to the results of the automatic landmarking 
model (Table 5), the classification efficiency and accu-
racy of Wits value was significantly lower than those of 
the other indicators, whereas the ANB angle perspec-
tive showed a better classification efficiency, which may 
be related to the site-point difficulty of the relevant sites 
of the indicators. In determining the ANB Angle, points 
A, B, and N have clear anatomical characteristics that 
are easy to identify and learn using a deep learning net-
work. Except for points A and B, the determination of 
the Wits value was related to the geometric positioning 
of the occlusal plane. Inclination of the occlusal plane 
can cause significant changes in the vertical distance 
between points A and B, resulting in measurement errors 
and reduced classification efficiency. For the Sn-GoGn 
and Björk sum, the overlapping of images (e.g., point 
Ar, point Go) or regional imaginary points (e.g., point S) 
exist at the relevant sites, resulting in errors in the land-
marking measurement and reduced efficiency. Previous 
studies have pointed out that, compared with the regions 
located at clear boundaries, the fuzzy regions of cranio-
maxillofacial structures are more difficult to identify and 
detect [39]. However, different diagnostic classifications 
also show different differences in the accuracy, precision, 
recall, and F1 Score. The closer to the normal range, the 
lower the classification efficiency (Table 5), which may 
be related to the smaller feature difference in the normal 
range, smaller range of average angle, and Class I in the 
index classification, and sample imbalance.

For the automatic diagnostic model (Table 5), the accu-
racy of the sagittal diagnosis classification was higher 
than that of the vertical diagnosis classification. Simul-
taneously, the classification performance of Class II and 
high-angle samples was better, which was related to the 
unbalanced sample size, obvious degree of skeletal mal-
formations, and difficulty in vertical diagnosis. Kim et al. 
[40] collected 1574 lateral cephalograms of individuals 
aged 5.9–64 years, diagnosed the samples only by simple 
ANB angle, and then used the classification results as 
sample labels to train a craniomaxillofacial sagittal bone 
automatic diagnostic model. The results showed that the 
classification AI model based on deep learning is superior 
to automatic landmarking AI software when using cepha-
lometric images for sagittal classification. This is contrary 
to the results of ours. The accuracy of the automatic land-
marking model is intrinsically linked to the precision of 
cephalometric measurements. In the Grad-CAM visual-
ization (Fig. 5), misclassified examples showed scattered 
heatmap distributions, with some areas incorrectly focus-
ing on the cranial bones, midface, pharynx, cervical ver-
tebrae, etc., leading to errors. These results show that the 
model typically learns skeletal features well, but struggles 
with attention and boundary recognition in misclassified 
cases. Therefore, while the automatic diagnostic model 
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simplifies the process by passing the measurement step, 
it still requires accurate landmarking to ensure reliable 
diagnostic results.

To explore a more objective performance compari-
son and evaluate the generalization and transfer abilities 
of the different populations of the two models trained 
using a single-source internal dataset, the IEEE 2015 ISBI 
Grand Challenge dataset [27, 28] was adopted for testing. 
The results show that the SaTaNet automatic landmark-
ing model performs well in both the northern Chinese 
population and the IEEE external test datasets. Therefore, 
the automatic landmarking model based on the SaTaNet 
al.gorithm has good generalization and transfer ability 
for different populations (in F1-score, accuracy, MRE or 
SDR). It can achieve relatively stable and accurate land-
marking and measurement efficiency in the cephalomet-
ric images of different populations, making it convenient 
for auxiliary diagnosis, program formulation, and evalua-
tion in orthodontic clinics. Although there are differences 
in the maxillofacial morphology of different populations, 
the automatic landmarking model has little effect on per-
formance. This may be because the landmarking studies 
focused on the detection of craniomaxillofacial anatomi-
cal sites rather than on the overall morphology, and the 
morphological differences had little effect on the detec-
tion efficiency of the landmarking model. Although the 
DenseNet automatic diagnostic model achieved good 
performance test results in the northern Chinese popula-
tion external test dataset and solved the problem of con-
tradictory value diagnosis, it was not satisfactory in the 
test of the IEEE dataset based on the CHS. Therefore, the 
DenseNet automatic diagnostic model proposed in the 
present study is more suitable for the northern Chinese 
population, which has a relatively poor generalization 
and transfer ability to other populations. One possible 
reason for the decreased performance of the diagnostic 
model in the IEEE dataset is the difference in craniofa-
cial structures across populations. Since the model was 
trained predominantly on a northern Chinese dataset, it 
may have learned population-specific features, making it 
less adaptable to other ethnic groups. In this end-to-end 
model, the machine independently learns the mapping 
relationship between craniomaxillofacial morphology 
and diagnosis results during the training process. There-
fore, the craniomaxillofacial morphology differences of 
different populations will affect the performance of the 
diagnostic model. These findings were further supported 
by McNemar’s test. In the northern Chinese population, 
the two models only showed a significant difference in 
the sagittal diagnosis based on Wits appraisal, whereas 
in the IEEE dataset, the two models consistently dif-
fered across all indices. This suggests that the relative 
advantage of one model over the other may be dataset-
dependent, highlighting the importance of validating 

diagnostic models across diverse populations and mea-
surement indices.

In this study, we compared the performance of two 
deep learning models: the automatic landmarking model 
and the automatic diagnostic model. The automatic 
landmarking model first predicts landmark coordinates 
from lateral cephalograms, which are then used to calcu-
late key cephalometric measurements, such as the ANB 
angle, Wits value, Sn-GoGn angle, and Björk sum. These 
measurements are subsequently classified into clinically 
relevant categories to evaluate the model’s diagnos-
tic performance. In contrast, the automatic diagnostic 
model directly outputs diagnostic classifications (e.g., 
Class I, II, III or high, average, low angles), eliminating 
the need for intermediate measurement calculations. 
Although both models are evaluated using standard 
performance metrics (accuracy, precision, recall, and 
F1-score), it is important to note the differences in their 
processing: the automatic landmarking model involves 
multiple steps—first predicting landmarks, then calculat-
ing measurements, and finally classifying these measure-
ments—while the automatic diagnostic model directly 
outputs the final diagnostic classification. This difference 
in processing introduces potential variability in the auto-
matic landmarking model, as the accuracy of landmark 
detection and subsequent measurement calculation can 
influence the final diagnosis. Conversely, the automatic 
diagnostic model’s direct output avoids this variability 
but may provide less detailed insight into the specific 
measurements used for classification. We acknowledge 
these methodological differences and their implica-
tions for performance evaluation. While the automatic 
landmarking model provides a more detailed analysis 
of cephalometric landmarks and measurements, the 
automatic diagnostic model is more efficient in clinical 
applications, as it directly produces diagnostic categories 
without the need for further processing. However, this 
comparison must be interpreted cautiously, as the two 
models fundamentally differ in approach. Future work 
could explore a hybrid model that combines the strengths 
of both: integrating the landmark-based approach of the 
automatic landmarking model with the direct diagnostic 
output of the automatic diagnostic model. Such a hybrid 
model could offer a comprehensive solution, balancing 
the accuracy of landmark-based measurements with the 
efficiency of direct diagnostic classification.

Another limitation of this study is that the dataset for 
Class I, Class II, and Class III malocclusions is imbal-
anced, with fewer samples for Class III malocclusion, 
which may affect the model’s predictive accuracy for 
Class III cases. In future studies, more cases of Class III 
malocclusion should be studied. However, owing to the 
lack of Class III malocclusion cases in the northern Chi-
nese population, this would be a difficult and lengthy 
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process. Additionally, to enhance the generalization 
capability of both models, future work should incorpo-
rate more diverse training datasets, including samples 
from various ethnic backgrounds.

Conclusion
In this study, we compared the automatic landmarking 
model and automatic diagnostic model for automated 
orthodontic diagnosis. The automatic landmarking 
model provides detailed landmark-based measurements, 
while the automatic diagnostic model directly outputs 
diagnostic classifications. Given the differences in their 
outputs, the comparison is indirect, and any conclusion 
on accuracy depends on the specific evaluation frame-
work used. Both models have strengths: the automatic 
landmarking model offers precise measurements, use-
ful for detailed analysis, while the automatic diagnos-
tic model is more efficient, providing rapid diagnostic 
results. The choice between them depends on clinical 
needs, and future work should explore hybrid models 
combining the advantages of both approaches.
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