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Background
Age estimation is a crucial aspect in forensic science, 
essential for individual identification, and it also bears 
legal implications for individuals without identification 
documents in certain countries, such as Germany [1, 2]. 
Researchers have attempted to estimate age using various 
methods for a long time [2–7], with approaches based 
on the developmental stage of joints and bones, like 
the epiphyseal growth plate, proving to be accurate for 
juveniles but less reliable for adults [4, 8]. As a comple-
mentary approach, DNA methylation offers the poten-
tial to enhance the accuracy of age estimation in adults 
[7]. However, the DNA methylation testing process is 
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Abstract
Background  Age estimation is vital in forensic science, with maxillary sinus development serving as a reliable 
indicator. This study developed an automatic segmentation model for maxillary sinus identification and parameter 
measurement, combined with regression and machine learning models for age estimation.

Methods  Cone Beam Computed Tomography (CBCT) images from 292 Han individuals (ranging from 5 to 53 years) 
were used to train and validate the segmentation model. Measurements included sinus dimensions (length, width, 
height), inter-sinus distance, and volume. Age estimation models using multiple linear regression and random forest 
algorithms were built based on these variables.

Results  The automatic segmentation model achieved high accuracy, which yielded a Dice similarity coefficient 
(DSC) of 0.873, an Intersection over Union (IoU) of 0.7753, a Hausdorff Distance 95% (HD95) of 9.8337, and an Average 
Surface Distance (ASD) of 2.4507. The regression model performed best, with mean absolute errors (MAE) of 1.45 years 
(under 18) and 3.51 years (aged 18 and above), providing relatively precise age predictions.

Conclusion  The maxillary sinus-based model is a promising tool for age estimation, particularly in adults, and could 
be enhanced by incorporating additional variables like dental dimensions.
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complex and requires significant time and costly equip-
ment, presenting challenges for both laboratory facilities 
and personnel [13]. This restricts the widespread use of 
the technology. Additionally, DNA methylation is lim-
ited in its applicability to old or highly degraded samples, 
where extracting high-quality DNA is difficult [14]. Con-
sequently, there is an urgent need to develop more con-
venient and cost-effective methods for age estimation, 
especially for adults.

Some studies indicated that the maxillary sinus often 
remains intact when other skeletal structures have sus-
tained extensive damage, possessing great potential 
in forensic identification [15, 16]. Research leverag-
ing the maxillary sinus across different parameters has 
been conducted, such as investigations that utilized the 
sexual dimorphism of maxillary sinus to predict the sex 
of human remains [17–19]. Moreover, the architecture 
of the maxillary sinus is intimately associated with age. 
Throughout the ontogenetic trajectory of Homo sapiens, 
the maxillary sinus undergoes progressive enlargement 
during minority. Subsequent to the attainment of adult-
hood, however, it experiences a gradual regression in size 
[20, 21]. This phenomenon suggests that the maxillary 
sinus is subject to morphological transformation with 
advancing age, hence facilitating the potential employ-
ment of its mensurative data for the estimation of chron-
ological age. The preponderance of current research 
was confined to the examination of the interrelationship 
between age and the dimensions of the maxillary sinus, 
with a paucity of studies attempting to utilize such data 
for the purposes of age estimation [22].

A lot of studies of individual identification in forensic 
medicine can hard put into service widely because of 
some reasons like high costs and professional require-
ments. Therefore, one technology couldn’t achieve wide-
spread application if it doesn’t achieve low cost and 
standardization of data measurement. As mentioned 
above, the high cost and sample quality requirement of 
DNA methylation testing technology make it just suit-
able for some special cases. With the innovation of Com-
puted Tomography (CT), micro-Computed Tomography 
(micro-CT) and Cone Beam CT (CBCT), the lower cost 
of imaging testing made it more and more popular with 
studies of forensic medicine [5, 8, 18, 19, 22]. Then the 
only difficulty which hinders its wide application is how 
to achieve the standard measurement of data. For grass-
roots judicial staff, it is too difficult to achieve standard 
measurement or staging for special tissues. On the other 
hand, even professionals couldn’t ensure that the mea-
surements are exactly same in some cases. However, if 
this task is entrusted to machine learning, the outcome 
is likely to be more favorable. The application of machine 
learning in the medical field is already widespread, 
encompassing areas such as drug development and image 

analysis [23, 24]. This study leveraged the advantages of 
machine learning to apply it in the identification and seg-
mentation of the maxillary sinus, as well as in the con-
struction of age estimation models.

With the advancement of deep learning, it has become 
feasible to perform three-dimensional medical image 
segmentation using semi-supervised learning (SSL) [25–
28]. The journey began with the deployment of UNet, a 
pioneering deep learning model for image segmenta-
tion, in medical image applications [29]. Following this, 
UA-MT integrated SSL into the segmentation process 
[30]. Building on these foundations, contemporary meth-
odologies such as MCF and BCP have further validated 
the potential of SSL approaches for precise medical 
image segmentation [31, 32]. Progressive Mean Teacher 
(PMT), a cutting-edge research development in this field, 
introduces a progressive design that fosters stable model 
diversity through temporal differences, achieving the 
state-of-the-art results [33]. Owing to the user-friendly 
deployment of the PMT code, it was selected as the med-
ical image segmentation model for this study. According 
to the results presented in this research, an ample yet 
not excessive quantity of supervised data significantly 
enhanced the model’s training regimen. Nonetheless, 
PMT is capable of delivering commendable performance 
even when the proportion of available supervised data is 
reduced.

Consequently, the objective of the present study was 
to develop an image segmentation model that can auto-
matically measure the maxillary sinus data from CBCT 
images. These measurements will then be harnessed to 
create an age estimation model, which aimed to accu-
rately predict the ages of individuals. This model was 
designed to be accessible to basic level judicial officials, 
enabling them to perform age estimation without the 
need for specialized knowledge of human anatomy.

Methods
Samples selection and ethical declaration
In this study, samples were selected from the Depart-
ment of Oral Radiology, Stomatology Hospital of Xi’an 
Jiaotong University, and their whole CBCT images 
were further collected after the acquisition of written 
informed consents and demographic information. All 
CBCT scans were taken by the Cone-beam X-ray Com-
puted Tomography System (KaVO 3D eXam I, Germany), 
and exported into DICOM format (Digital Imaging and 
Communications in Medicine, an international standard 
for medical images and related information). The cur-
rent research was conducted after the approval of the 
Biomedical Ethics Committee of Xi’an Jiaotong Univer-
sity Health Science Center, China (No: [2021] 1473). The 
inclusion criteria were as follows:
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(1)	Living in the northwest region of China, without 
trauma, surgery, deformities, systemic diseases, or 
malnutrition.

(2)	The left and right maxillary sinuses were both 
scanned intact.

(3)	The patient’s complete personal information must be 
acquired.

(4)	The boundary between the maxillary sinus and 
surrounding tissues must be clear.

(5)	There is no severe inflammation in the maxillary 
sinus.

(6)	There are no broken teeth in the maxillary sinus.

Data measurement
Training of automatic segmentation model for maxillary 
sinus
In alignment with the guidelines for the application of 
artificial intelligence in dentistry as proposed by Schwen-
dicke, this study adhered to the established protocols 
[34]. And the model training methods referred to Zhou 
et al. study [33]. All CBCT images of the maxillary sinus 
were processed using ITK-SNAP 4.0.2 (Penn Image 
Computing and Science Laboratory, USA). A selection 
of 40 CBCT images were chosen for manual labeling of 
the maxillary sinus, as depicted in Fig. 1. The remaining 
images were archived in “nii.gz” format for subsequent 
utilization.

To facilitate normalization, the pixel grayscale values of 
the images, which originally ranged from − 1000 to 2000 
were transformed into the “0-255” scale. Post-normaliza-
tion the image format was converted to “int 8” to enhance 
the efficiency of model data processing. These processed 
images were then stored alongside the manually labeled 
counterparts in “h5” file documents. Additionally, to 
focus on the relevant areas, the images were cropped, as 
illustrated in Fig. 2 (a: original image; b: cropped image).

Regarding the training specifics, PMT was used to train 
on the entire dataset, which comprised 76 samples, with 
24 of them being supervised. To validate the model’s 
successful training and its potential for deployment on 
a broader dataset, an additional 4 samples were chosen 
for testing. The model underwent a total of 6000 train-
ing iterations, with the learning rate to 0.1 of its origi-
nal value every 2500 iterations. The two student models 
within the PMT framework were utilized, with their 
inference results combined to produce the final model 
inference output.

Following the acquisition of the model’s inference 
results, the output labels were meticulously analyzed. 
By examining the connected regions within the segmen-
tation and calculating the voxel volume, the two most 
prominent segments were identified as the model’s final 
segmentation outcomes, effectively mitigating the impact 
of noise in the output.

Fig. 1  The maxillary sinus labeled in CBCT manually
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Fig. 2  The cropped CBCT images
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To assess segmentation performance, traditional evalu-
ation metrics were employed, including the Dice similar-
ity coefficient (DSC), Intersection over Union (IoU), 95% 
Hausdorff Distance (95HD), and Average Surface Dis-
tance (ASD). The DSC quantifies the quality of the seg-
mentation results by determining the ratio of intersection 
to the union of the predicted and actual values, with a 
score ranging from 0 to 1. A higher DSC denotes superior 
segmentation performance. IoU measures the similarity 
between two sets by calculating the ratio of their inter-
section to their union, with values ranging from 0 (no 
intersection) to 1 (completely identical). 95HD is utilized 
to gauge the accuracy of segmentation boundaries, with 
a smaller value indicating higher accuracy. ASD refers 
to the average distance of all points in an image, and a 
smaller ASD value reflects excellent segmentation preci-
sion. The efficiency of maxillary sinus segmentation was 
evaluated based on the average outcomes from the four 
test samples, providing a robust indicator of the model’s 
performance.

Measurement of maxillary sinus
Linear measurements were conducted in accordance 
with Otsuki’s standards [22], including the following 
parameters: the maximum linear length of the maxil-
lary sinus (MSL, as seen in Fig.  3a), representing the 
distance between the anterior and posterior points of 

the inner wall of the maxillary sinus; the maximum lin-
ear width of the maxillary sinus (MSW, illustrated in 
Fig. 3b), which is the distance from the lateral outermost 
point to the innermost point of a single maxillary sinus; 
the inter-lateral distance of the maxillary sinus (refer to 
as “distance”, depicted in Fig.  3d), signifying the separa-
tion between the lateral outermost points of two maxil-
lary sinuses across consecutive cross-section images; 
and the maximum linear height of the maxillary sinus in 
sequential coronal plane images (MSH, shown in Fig. 3c), 
which is the vertical distance from the apex to the base of 
the maxillary sinus inner wall; finally, the volume of the 
maxillary sinus is determined by segmenting the maxil-
lary sinus images at each slice and summing these slices 
to obtain the total volume (refer to as “volume”).

Statistical analysis and age estimation model construction
In this research, all data analysis were conducted using 
R v.4.3.1 and all the samples were divided into two age-
based groups: those aged 18 and above (comprising 82 
males and 78 females) and those under 18 years old (con-
sisting of 58 males and 74 females). The normality of the 
data was assessed using the Shapiro-Wilk test, followed 
by the computation of descriptive statistics. Scatterplot of 
each variable was generated to observe their correlation 
with age intuitively. The Pearson correlation test was then 
employed to examine the linear relationship between 

Fig. 3  Linear variables of maxillary sinus
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each variable and age. Independent sample t-tests were 
carried out to determine the differences in each variable 
between males and females. Variables that were found to 
be statistically significant were subsequently integrated as 
predictive factors into the age estimation model. For this 
purpose, both the random forest algorithm and multiple 
linear regression were utilized to construct predictive 
models. Through parameters optimization, the models 
with the highest predictive accuracy were selected. To 
evaluate the accuracy of the age estimation, mean abso-
lute error (MAE) was adopted as the metric of choice.

Results
Demographic data
In this research, a cohort of 292 individuals of Han eth-
nicity was assembled from the Department of Oral Radi-
ology, Stomatology Hospital of Xi’an Jiaotong University, 
including 58 males and 74 females ranging in age from 
4 to 17 years, as well as 82 males and 78 females aged 
between 18 and 53 years. Their CBCT images were 
meticulously collected for analysis.

Efficiency of Automatic Segmentation Model for Max-
illary Sinus.

The automatic segmentation model has success-
fully delineated the maxillary sinus from CBCT 
images, as shown in Fig.  4. Four relevant indicators 
were utilized to evaluate its segmentation efficiency, of 
which DSC = 0.873, IoU = 0.7753, 95HD = 9.8337 and 
ASD = 2.4507, which collectively reflected a commend-
able level of segmentation performance (refer to Table 1). 
Utilizing automatic segmentation model, the linear 

dimensions and volume of the maxillary sinus could be 
measured swiftly and accurately.

Sex differences
All variables conformed to a normal distribution, as 
indicated by the Shapiro-Wilk test results (p > 0.05), as 
shown in Table 2. Descriptive statistics analysis revealed 
that, within the 18 and above age group, males exhib-
ited higher mean values for each variable compared to 
females. In contrast, no discernible differences were 
observed between males and females in the under 18 age 
group (refer to Table  3). This pattern was further sup-
ported by the independent samples t-test, which yielded 
similar conclusions. Specifically, for the 18 and above age 
group, there were significant differences between males 
and females across all variables (p < 0.05), as shown in 
Table  2. However, in the under 18 age group, all vari-
ables showed no significant differences between males 
and females, as evidenced by p-values exceeding 0.05 
(Table 2).

Regression fitting
By observing scatterplot of each variable in Fig.  5, it 
was evident that a distinct linear relationship existed 
between age and each variable within the under 18 age 
group. However, such a relationship was less appar-
ent in the 18 and above age group. The Pearson correla-
tion test proved these observations, demonstrating that 
every variable was significantly correlated with age in 
the under 18 group, whereas only “L_MSL, R_MSL, R_
MSW, R_MSH” exhibited significant correlation in the 
18 and above group (Table 2). Then variables correlated 
significantly with age were utilized to fit age estimation 
models in each group. In the under 18 age group, all vari-
ables served as influential factors in the models, with 

Table 1  Evaluating indicators of automatic segmentation model
index DSC IoU 95HD ASD
Segmentation model 0.873 0.7753 9.8337 2.4507

Fig. 4  Maxillary sinus cropped by automatic segmentation model
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both multiple linear regression and random forest algo-
rithms been employed for model fitting. The multiple 
linear regression model exhibited strong performance, 
with a MAE of 1.45 years between predicted and actual 
age of the test group, while that of random forest model 
was 1.62 years (listed in Table 4). In the 18 and above age 
group, only four indexes were utilized for model fitting. 
The testing result mirrored the performance of the under 
18 age group, with the multiple linear regression model 
yielding an MAE of just 3.51 years, while the random for-
est model’s MAE was 3.84 years (Table 4).

Discussion
Age estimation in forensic science remains a chal-
lenge, particular for adults. Current methods based on 
bone growth [6, 8] and DNA methylation [13, 14] have 
limitations. This study proposes a novel method for age 
estimation using the maxillary sinus, which maintains 
integrity even after damage [15, 16]. The parameters of 
maxillary sinus had been shown to correlate with age in 
this research, and with advancements in imaging tech-
nology, its measurement has become more accessible.

In this research, an automatic segmentation model was 
constructed for maxillary sinus in order to collect linear 
data and volume of maxillary sinus rapidly and prop-
erly. Our preliminary research indicated that the PMT 
surpassed various leading segmentation techniques, 
including VNet, UA-MT, SASSNet, DTC, BCP, and MCF. 
VNet served as the benchmark for comparison [31, 32, 
35–38], while UA-MT, SASSNet, DTC, BCP, and MCF 
were selected as alternative models representing different 
approaches, such as uncertainty estimation, geometric 

shape regularity, task-level regularization, bidirectional 
CutMix, and model-level regularization. Notably, when 
applied to pancreas segmentation using the Pancreas-
NIH dataset, our PMT model yielded a 7.17% improve-
ment in DSC, a 9.09% improvement in IoU index, a 
reduction of 6.35 in 95HD, and a reduction of 2.10 in 
ASD. Motivated by these significant advancements, we 
ventured to employ the PMT model for maxillary sinus 
segmentation, successfully achieving comparable and 
encouraging results.

In this study, the correlation of maxillary sinus’s size 
with age reflected clearly in group under 18 years old 
that all measured variables had significant linear correla-
tion with age. Comparatively, for 18 and above age group, 
this correlation was not as pronounced in scatter plots 
or Pearson’s correlation test. Only certain variables—L_
MSL, R_MSL, R_MSW, and R_MSH—showed a signifi-
cant association with age. This suggested that the rate of 
development of the maxillary sinus in minors is signifi-
cantly faster than the rate of decline in adulthood.

To estimate age, we utilized these significant vari-
ables and applied two different methods: multiple linear 
regression and random forest. Surprisingly, the multiple 
linear regression models outperformed the random for-
est models in both age groups. This suggested that for 
linear correlations, traditional statistical methods may be 
more appropriate than machine learning techniques. It 
was possible that the relatively small sample size or the 
presence of substantial noise due to numerous influenc-
ing factors, including the effect of gender differences, led 
to overfitting in the machine learning models. To address 
this, future research should aim to increase the sample 

Table 2  Shapiro-Wilk test, independent samples t-test, Pearson correlation test results
Index S-W test Independent t-test with sex Pearson correlation test with 

age
w p-value t p-value t p-value

Under 18 years old L_MSL 0.9872 0.2594 -0.7667 0.4446 5.1344 <0.0001
L_MSW 0.9877 0.2877 -0.1023 0.9187 3.8786 0.0002
L_MSH 0.9855 0.1754 -0.2992 0.7652 7.6928 <0.0001
R_MSL 0.9909 0.5461 -0.9866 0.3257 4.9953 <0.0001
R_MSW 0.9850 0.1571 -1.3060 0.1939 4.1490 <0.0001
R_MSH 0.9943 0.8792 0.3661 0.7149 7.0924 <0.0001
L_volume 0.9947 0.9078 1.7985 0.0744 5.8481 <0.0001
R_volume 0.9930 0.7636 0.3859 0.7002 8.6591 <0.0001
distance 0.9872 0.2575 -1.4279 0.1557 6.8206 <0.0001

Aged 18 and above L_MSL 0.9915 0.4745 -5.9307 <0.0001 -2.0576 0.0414
L_MSW 0.9902 0.3571 -3.8918 0.0001 -0.4964 0.6204
L_MSH 0.9899 0.3250 -4.1075 <0.0001 -1.9707 0.0506
R_MSL 0.9851 0.0923 -4.7916 <0.0001 -3.2428 0.0015
R_MSW 0.9938 0.7463 -4.2086 <0.0001 -2.7848 0.0060
R_MSH 0.9846 0.0810 -5.3320 <0.0001 -2.3138 0.0220
L_volume 0.9879 0.1941 -3.3623 0.0010 -1.5839 0.1153
R_volume 0.9898 0.3198 -4.3848 <0.0001 -1.5323 0.1276
distance 0.9925 0.5966 -5.5857 <0.0001 -1.2518 0.2126



Page 8 of 10Guo et al. BMC Oral Health          (2025) 25:310 

Table 3  Descriptive statistics of maxillary sinus data
Variable Sex Mean ± SD(mm/mm3) Min(mm/

mm3)
Max(mm/
mm3)

Under 
18 
years 
old

L_
MSL

male 37.54 ± 2.79 32.14 44.94
fe-
male

37.18 ± 2.55 32.11 44.25

L_
MSW

male 31.74 ± 3.05 24.46 38.13
fe-
male

31.68 ± 3.11 24.12 38.25

L_
MSH

male 36.28 ± 5.01 23.80 48.73
fe-
male

36.03 ± 4.54 23.48 48.68

R_
MSL

male 37.58 ± 2.53 30.77 42.21
fe-
male

37.15 ± 2.42 31.45 43.18

R_
MSW

male 32.49 ± 2.87 25.41 37.87
fe-
male

31.83 ± 2.80 25.76 37.41

R_
MSH

male 35.72 ± 4.61 22.02 48.37
fe-
male

36.00 ± 4.25 26.71 45.65

L_
vol-
ume

male 12200.06 ± 4178.57 1801.31 24009.83
fe-
male

13402.95 ± 3444.85 4783.43 23104.28

R_
vol-
ume

male 14872.11 ± 4048.64 6168.58 26814.86
fe-
male

15136.20 ± 3729.73 6173.28 24970.25

dis-
tance

male 87.92 ± 5.88 73.27 100.43
fe-
male

86.41 ± 6.07 72.91 98.13

Aged 
18 
and 
above

L_
MSL

male 39.05 ± 4.18 25.13 52.15
fe-
male

36.38 ± 3.12 28.20 43.29

L_
MSW

male 32.45 ± 4.48 19.96 40.41
fe-
male

30.49 ± 3.86 22.12 39.55

L_
MSH

male 39.59 ± 7.34 17.56 52.36
fe-
male

35.87 ± 5.66 23.40 54.83

R_
MSL

male 38.00 ± 3.80 28.41 44.40
fe-
male

35.61 ± 3.29 25.28 42.65

R_
MSW

male 32.71 ± 4.56 21.96 41.78
fe-
male

30.32 ± 3.97 21.09 39.71

R_
MSH

male 39.93 ± 7.41 15.90 51.55
fe-
male

35.83 ± 5.05 23.88 48.09

L_
vol-
ume

male 14453.02 ± 6534.85 1699.54 28175.63
fe-
male

11944.19 ± 4516.56 2032.05 21060.76

R_
vol-
ume

male 18395.72 ± 6807.19 5004.56 32198.93
fe-
male

14877.50 ± 4563.76 4303.21 30296.27

dis-
tance

male 91.11 ± 7.79 69.65 105.83
fe-
male

85.49 ± 6.91 67.03 104.80
Fig. 5  Scatterplot of each variable

 



Page 9 of 10Guo et al. BMC Oral Health          (2025) 25:310 

size and re-group the data by considering gender as an 
influencing factor.

The MAE of testing results in two group were 1.45 and 
3.51 years. For comparison, we examined the perfor-
mance of age estimation models based on other technol-
ogies. Deng et al. [8] utilized clavicle to estimate age in 
individuals aged 14–29, achieving an MAE of 2.08 years 
(listed in Table 5). However, this method was limited to 
younger age groups. Huang [39] identified age-related 
markers in sperm and estimated age by measuring their 
methylation levels, achieving an MAE of 2.59 years in 
individuals aged 22–51 with the help of machine learn-
ing and deep learning (shown in Table 5). The complex-
ity of this method and its reliance on advanced facilities 
and high-quality samples constrained its widespread 
application. In Ilayaraja’s study [40], the samples ranged 
from 17 to 60 years old. By analyzing the images of maxil-
lary canine and mandibular first molar, an MAE of just 
2.76 years was achieved (refer to Table  5). Teeth, with 
their stability and age-related changes such as wear and 
tear and secondary dentin deposition, are excellent for 
individual identification in forensic science. Advances in 
image technology enable cost-effective measurement of 
tooth data, which can be automated using the segmenta-
tion model described above. Therefore, an age estimation 

model that combines measurements from both the max-
illary sinus and teeth is hypothesized to offer increased 
accuracy. This hypothesis will be validated in subsequent 
research.

Conclusion
In conclusion, the age estimation model utilizing the 
maxillary sinus has proven to be a valuable tool, par-
ticularly in scenarios where the age of adults needs to be 
determined. And the automatic segmentation model for 
the maxillary sinus demonstrated its capability to collect 
data rapidly and accurately. Our research has successfully 
fitted two robust models using linear data and volume 
measurements obtained from CBCT scans of the Han 
population, achieving the MAE of 1.45 years for individu-
als under 18 years old and 3.51 years for those aged 18 
and above. Further studies will focus on integrating addi-
tional estimating bases, such as dental measurements 
with the maxillary sinus to achieve higher accuracy.
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Table 4  Test results of different models in two groups
Group Model 

type
Model parameters MAE

Under 
18 
years 
old

mul-
tiple linear 
regression

age = 2.8444815 − 0.0769627*L_MSL-
0.1391167*L_MSW-0.021875*L_MSH-
0.1390213*R_MSL-0.2690378*R_
MSW + 0.1123411*R_MSH-
0.0001429*L_volume + 0.0004433*R_vol-
ume + 0.2522108*distance

1.45

random 
forest

the number of trees = 240;
the number of variables tried at each split 
= 3

1.62

Aged 
18 and 
above

mul-
tiple linear 
regression

age = 36.23741 + 0.25756*L_MSL-
0.39550*R_MSL-0.08232*R_MSW-
0.07428*R_MSH

3.51

random 
forest

the number of trees = 240;
the number of variables tried at each split 
= 1

3.84

Table 5  Comparing with some previous studies
Detection Object Age 

range
Model type MAE

Maxillary Sinus 4–17 multiple linear repression 1.46
18–53 multiple linear repression 3.61

Clavicle 14–29 machine learning、deep 
learning

2.08

Sperm-Specific AR-CpG 
Markers

22–51 svmpoly 2.59

Maxillary 
Canine、Mandibular First 
Molar

17–60 multiple linear repression 2.76
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