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2020년 12월 저자 씀 



i 
 

TABLE OF CONTENTS 

 

TABLE OF CONTENTS ..................................................................... i 

LIST OF TABLES .............................................................................. ii 

LIST OF FIGURES ........................................................................... iii 

ABSTRACT ........................................................................................ iv 

 
Ⅰ. INTRODUCTION ........................................................................... 1 

Ⅱ. MATERIALS AND METHODS .................................................. 4 

Ⅲ. RESULTS .................................................................................... 13 

Ⅳ. DISCUSSION .............................................................................. 27 

V. CONCLUSION ............................................................................. 31 

 
REFERENCES .................................................................................. 32 

ABSTRACT (in Korean) .................................................................. 41 



ii 
 

 LIST OF TABLES 
 

Table 1. Definitions and abbreviations of the parameters ................................................... 8 

Table 2. Inter-class reliability of the measured parameters................................................. 8 

Table 3. General characteristics of the subjects ................................................................ 13 

Table 4. Descriptive statistics of the measured parameters .............................................. 15 

Table 5. Mean and standard deviation of the three-dimensional mandibular canal courses 

according to cluster type ..................................................................................... 23 



iii 
 

LIST OF FIGURES 

 

Figure 1. CBCT reorientation using image analysis software ............................................ 6 

Figure 2. Two schematic diagrams illustrating four sites and measured parameters .......... 7 

Figure 3. The overall workflow of cluster analysis .......................................................... 11 

Figure 4. Box and scatter plots for measured parameters at each site according to sex ... 16 

Figure 5. Box and scatter plots for measured parameters at each site according to right 

and left sides ...................................................................................................... 17 

Figure 6. Dissimilarity matrix visualizing the clustering tendency of the parameters...... 18 

Figure 7. The cluster dendrogram generated as the result of hierarchical clustering of the 

three-dimensional mandibular canal course parameters ................................... 19 

Figure 8. Determination of the optimal number of clusters using NbClust ...................... 20 

Figure 9. Three types of the three-dimensional mandibular canal course in axial and 

sagittal view ...................................................................................................... 24 

Figure 10. Illustrations of three types of three-dimensional mandibular canal course in 

axial and sagittal view ..................................................................................... 25 

Figure 11. Distribution of the three-dimensional mandibular canal course by cluster ..... 26 

 

 

 



iv 
 

Abstract 

 

Automated clustering of the three-dimensional mandibular 

canal course using unsupervised machine learning method 

Young Hyun Kim 

Department of Dentistry 
The Graduate School, Yonsei University 

(Directed by Professor Sang-Sun Han, D.D.S., Ph.D.) 

 

Purpose: The aims of this study were to apply cluster analysis, unsupervised machine 

learning method, for three-dimensional (3D) course classification of mandibular canal 

(MC), and to visualize the standard MC courses presented by cluster analysis in the Korean 

population. 

Methods: A total of 429 cone beam computed tomography images acquired at Yonsei 

University Dental Hospital were used. Four sites were selected for the measurement of the 

MC course and two vertical and two horizontal parameters were measured per site. Cluster 

analysis was carried out as follows: parameter selection, parameter normalization, cluster 

tendency evaluation, optimal number of clusters determination, and k-means cluster 

analysis.   

Results: Three types of the 3D MC course were derived as cluster 1, 2 and 3 by cluster 
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analysis, and statistically significant mean differences were shown among clusters. Cluster 

1 showed a smooth line running towards the lingual side in the axial view and a steep slope 

in the sagittal view. Cluster 2 ran in an almost straight line closest to the lingual and inferior 

border of mandible. Cluster 3 showed the pathway with a bent buccally in the axial view 

and an increasing slope in the sagittal view in the posterior area. Cluster 1 had the least 

distribution (26.0%). In this cluster, females accounted for 59.2% and males, 40.8%. On 

the other hand, cluster 2 showed the widest distribution of driving courses (42.1%), and 

males were more widely distributed (57.1%) than the female group (42.9%). Cluster 3 

comprised similar ratio of male and female cases and accounted for 31.9% of the total 

distribution. For all three clusters, distributions of the right and left sides did not show a 

statistically significant difference.  

Conclusions: The 3D MC courses were automatically classified as three types through 

cluster analysis. Cluster analysis enables the unbiased classification of the anatomical 

structures by reducing observer variability and can present representative standard 

information for each classified group. 

 

 

 

Keywords: Cluster Analysis, Cone-Beam Computed Tomography, Inferior Alveolar Nerve, 

Mandibular Canal, Unsupervised Machine Learning  
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I. INTRODUCTION 

 

The inferior alveolar nerve (IAN) is the largest branch of the mandibular nerve which is 

divided from trigeminal nerve.1 As the bilateral intraosseous structure, the mandibular canal 

(MC) contains the neurovascular bundle, which is made up of the IAN, inferior alveolar 

artery and inferior alveolar vein.2 In general, the MC refers to the course that starts from 

the mandibular foramen, located in the middle of the mandibular ramus, and ends at the 

buccal side of the mental foramen located below the 2nd premolar.3,4 

Since the inferior alveolar neurovascular bundle plays an important role in supplying the 

sensation and blood to the mandible, it is recommended to assess the MC location 

accurately before conducting dental operations.5-7 However, the IAN is still reported as the 

most commonly damaged structure during various dental procedures, such as third molar 

extraction, implant surgery, local anesthesia injection, or endodontic treatment.8-10 
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Temporary or permanent complications caused by a damaged IAN can significantly reduce 

the patient's quality of life both physically and psychologically.11,12 Therefore, better 

understanding of the anatomical features of the MC is one of the key factors for a successful 

dental treatment. 

So far, classification of the MC course using dry skulls or radiographs was tried in 

numerous studies with notable limitations.3,13-17 MC course analysis using only a limited 

number of skulls may not reflect sufficient anatomical variations of the MC courses, and 

the absence of relevant information such as sex, age, and disease history makes it difficult 

to obtain accurate results.17,18 With the development of medical imaging equipment, 

researchers began to classify the MC courses through visual assessment of panoramic or 

cone-beam computed tomography (CBCT) radiographs using more cases than used in 

cadaver dissection studies.14,15,17 Accordingly, two to four types of the MC courses have 

been reported from the previous studies. This discrepancy in the reported number of the 

MC courses may be due to the limitation of the visual assessment, where differences in 

interpretation between researchers are inevitable when categorizing anatomical 

structures.19 Moreover, in most studies, horizontal position20,21 and vertical position13-15,17 

of the MC course were analyzed respectively. As a result, none of these studies classified 

the MC courses considering their location in three-dimensional (3D) perspective by 

simultaneously analyzing horizontal and vertical positions. Hence, to overcome this 

shortcoming, it is necessary to introduce a new approach that enables objective 

classification of the 3D anatomical structure without observer bias. 
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Cluster analysis, one of unsupervised machine learning techniques for data mining, is a 

useful method to categorize large data into clusters based on the similarity or distance 

(dissimilarity) among individual objects.22 This statistical approach is widely applied in 

various fields such as marketing, clothing design, healthcare, and even deep learning.23-26 

Two types of clustering method, hierarchical clustering27 and k-means (non-hierarchical) 

cluster analysis28, have been mainly used in medical research.23,29,30 The clustering process 

continues until the distance between objects assigned to one cluster is minimized and the 

distance between each separated cluster is maximized, in order to ensure that the classified 

cluster will ultimately have different characteristics.  

Therefore, the aims of this study were to classify 3D MC course using cluster analysis, 

unsupervised machine learning method, and to visualize the standard course of each 

classified MC course type in Korean population. 
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Ⅱ. MATERIALS AND METHODS 

 

1. Study approval 

This study was approved by the Institutional Review Board (IRB) of Yonsei Dental 

Hospital (No.2-2019-0073) and performed in accordance with relevant guidelines and 

ethical regulations. The IRB of Yonsei Dental Hospital granted a waiver of informed 

consent form due to the retrospective nature of this study. 

 
2. Data preparation 

From July 2019 to July 2020, a total of 429 CBCT images were collected from the picture 

archiving and communication system of Yonsei University Dental Hospital. All images 

were acquired by RAYSCAN Alpha Plus device (Ray Co. Ltd, Hwaseong-si, Korea) using 

the following acquisition settings; field of view, 16 x 10 cm; voxel size, 0.23 mm; 90 kVp; 

12 mA; and exposure time, 14s. The images were exported in anonymous Digital Image 

Communication in Medicine (DICOM) format.  

The exclusion criteria are as follows: i) subjects who were under 18 years old, ii) subjects 

who had pathologic lesions, or underwent orthognathic surgery in the mandible, iii) 

completely edentulous subjects, and iv) unclear CBCT images with blurring or artifacts.  
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3. Mandibular canal course measurement 

The 3D MC course was measured to be expressed as parameters through the following 

process:  

i) DICOM images were imported to 3D software (Ondemand3D; Cybermed Inc., Seoul, 

Korea) and reoriented. The mandibular occlusal plane (MnOP) was used as a reference 

plane for reorientation. The MnOP was defined in two directions; horizontally it 

connected the edge of the central incisor and the mesiobuccal cusp tip of the first molar, 

and transversely it connected the mesiobuccal cusp of both first molars. The horizontal 

and transverse MnOPs were aligned in parallel with the floor of the images in sagittal 

and coronal views, respectively (Figure 1A and B). 

ii) The cross-sectional images were reconstructed automatically at the axial level where 

root furcation of the first molar existed (Figure 1C). 

iii) Four sites (S1, S2, S3 and S4) at the interval of 10 mm were selected from the center 

of the mental foramen (S0) (Figure 2A). 

iv) In each site, four parameters showing the location of the MC were measured in 

millimeters (Figure 2B). Two vertical parameters, upper height (UH) and lower height 

(LH), and two horizontal parameters, buccal width (BW) and lingual width (LW), were 

measured. The parameters were defined in Table 1. 

To evaluate the reliability of the measured parameters, 30 CBCT images were randomly 

selected and measured by two observers. The inter-class correlation coefficients (ICCs) 

were conducted with 95% confidence interval (CI) (Table 2).  
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Figure 1. CBCT reorientation using image analysis software 
 

(A) Reoriented sagittal view with the horizontal occlusal plane (orange line) 

(B) Reoriented coronal view with the transverse occlusal plane (orange line) 

(C) Axial view used as a reference for cross-sectional image reconstruction 
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Figure 2. Two schematic diagrams illustrating the four selected sites and measured 

parameters 
 

(A) Selection of four sites in a CBCT image. S0 is the baseline that penetrates the center 

of mental foramen. Four cross-sectional images (S1, S2, S3 and S4) were selected at 

intervals of 10mm from S0.  

(B) Four measurement parameters - upper height (UH), lower height (LH), lingual width 

(LW), and buccal width (BW) – used to assess the location of the mandibular canal. The 

mandibular canal is represented in gray. 
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Table 1. Definitions and abbreviations of the parameters 
 

Parameters Abb. Definition 

Upper height UH vertical distance from the center of the MC to the occlusal 
plane 

Lower height LH vertical distance from the center of the MC to a horizontal line 
passing through the inferior border of the mandible 

Buccal width BW horizontal distance from the center of the MC to the buccal 
border of the mandible 

Lingual width LW horizontal distance from the center of the MC to the lingual 
border of the mandible 

Abb, abbreviations; MC, mandibular canal. 

 
 
 
 
Table 2. Inter-class reliability of the measured parameters 
 

Slices ICC value 95% CI 

S1 0.999 0.999-0.999 

S2 0.995 0.994-0.996 

S3 0.995 0.994-0.996 

S4 0.949 0.937-0.959 

Total 0.983 0.981-0.984 

ICC, intra-class correlation coefficient; CI, confidence interval; S1 to S4, the cross-sectional slice 

that measured parameters. 
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4. Clustering analysis to classify mandibular canal course 

Figure 3 shows the overall workflow of cluster analysis.  

In the first stage, parameter selection and normalization of parameters were conducted. 

Since the location of the MC course can be specified in the form of coordinates by two 

parameters, it was not necessary to use all four parameters measured at each site. Therefore, 

one vertical and one horizontal parameter, LH and BW, were selected. Subsequently, the 

selected parameters measured in millimeters were converted into ratio values for 

normalization using the formula as follows: 

 LH ratio (%)  =  
𝐿𝐿𝐿𝐿

𝐿𝐿𝐿𝐿 + 𝑈𝑈𝐿𝐿
 ×  100 (1) 

 BW ratio (%)  =  
𝐵𝐵𝐵𝐵

𝐿𝐿𝐵𝐵 + 𝐵𝐵𝐵𝐵
 ×  100 (2) 

LH and BW ratio show the location of MC in terms of its proximity to the occlusal plane 

and lingual border. Increase in the LH and BW ratio imply that the MC position is closer 

to the occlusal plane and lingual border respectively. In the following step, cluster tendency 

of the parameters was assessed with Hopkin’s statistics31 and Visual Assessment of cluster 

Tendency (VAT) algorithm32 to determine the propriety of performing cluster analysis on 

the normalized parameters. The Euclidean distance, which is the most widely used method 

for ratio data, was applied to calculate the dissimilarity between pairs of parameters.33  

Once clusters are found in the data set, it is necessary to determine the optimal number of 

clusters. Dendrogram, the output of a hierarchical clustering algorithm, is a tree diagram 

showing the relationship between parameters. At the beginning stage of clustering, all 
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parameters are treated as separate clusters, and the process of merging two closest 

parameters into one single cluster is repeated until they all merge into one cluster. Since 

dendrogram shows the distance between clusters on the vertical axis, the observer can 

estimate the optimal number of clusters. In this study, dendrogram was generated using the 

Ward linkage method, which minimizes the total within-cluster variance.34 To objectively 

verify the number of clusters, computing method, NbClust, was then applied. NbClust is a 

useful package that proposes the best number of clusters by computing all combinations of 

clustering methods and distance measures.35 In the final step, given the optimal number of 

cluster (k) determined by dendrogram and NbClust, k-means clustering algorithm was 

conducted to the data set in order to identify the center of the cluster to show the 

standardized courses of the MC.  
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Figure 3. The overall workflow of cluster analysis 
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5. Statistical analysis 

The measured parameters in millimeters were analyzed using descriptive statistics 

including mean, median, standard deviation, minimum, maximum, and inter quartile range 

(IQR). Independent t-test and paired t-test were performed to compare the differences in 

MC course according to sex and sides. IBM SPSS statistics 25.0 software (SPSS Inc., 

Chicago, IL, USA) was used for statistical analysis with 5% significance level (P < 0.05).  

All codes for cluster analysis were written in R programming language with various R 

packages such as clustertend36, factoextra37, NbClust35, and cluster.38 The codes were run 

in RStudio (v1.3.1073)39 based on R for window program (v4.0.2).40 The equality of 

proportion of MC courses was analyzed according to sex and sides using Z-test with 5% 

significance level (P < 0.05). To assess the equality of variances for the cluster groups, 

Levene’s test was applied. One-way ANOVA with Bonferroni post-hoc test was used to 

determine whether the homogeneity of the variables was satisfied, otherwise One-way 

ANOVA with Welch correction and Games-Howell post-hoc test were conducted (P < 0.05). 
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Ⅲ. RESULTS 

 

1. General characteristics of the subjects 

A total of 429 subjects were included in this study. 216 were male (50.3%), and 213 were 

female (49.7%). The mean age was 38.2 years, and the age ranged from 18 to 81 years. A 

total of 858 hemi-mandibles, 429 (50.0%) pairs of the right and left mandibles, were 

analyzed. The age distributions were as follows: 18 – 19 years, 63 (14.7%); 20 – 29 years, 

103 (24.0%); 30 – 39 years, 74 (17.2%); 40 – 49 years, 64 (14.9%); and 50 – 59 years, 64 

(14.9%); over 60 years, 61 (14.2%) (Table 3). 

 
Table 3. General characteristics of the subjects 

Subjects N (%) 

Sex  

Male  216 (50.3) 

Female 213 (49.7) 

Age subgroups  

18 – 19 years 63 (14.7) 

20 – 29 years 103 (24.0) 

30 – 39 years 74 (17.2) 

40 – 49 years 64 (14.9) 

50 – 59 years 64 (14.9) 

> 60 years 61 (14.2) 
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2. Mandibular canal course comparison according to sex and sides 

The mean, median, standard deviation (SD), minimum, maximum, and inter quartile range 

(IQR) of the measured parameters are presented in Table 4. Vertical parameters showed 

larger SD and IQR values than horizontal parameters, and both values tended to increase 

toward the posterior cross-sectional images.  

Figure 4 presents parameter distributions in box and scatter plots according to sex. All 

measured parameters except LW of S3 and BW of S4 showed statistically significant 

differences (P < 0.05). Majority of the parameters for female were smaller than those for 

male, but S1 LW (3.85 for male, 4.03 for female) and S2 LW (3.58 for male, 3.83 for 

female) were exceptions.  

According to Figure 5, vertical parameters of the left and right MC location showed 

similar mean values without statistical differences (P < 0.05). In the horizontal parameters, 

the left LW was slightly longer than the right LW, and the left BW was shorter than the 

right BW.   
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Table 4. Descriptive statistics of the measured parameters 
 
Parameters Mean Median SD Min Max IQR 

Vertical parameters (mm) 

S1 
LH 9.47 9.35 1.7 3.23 19.37 2.2 

UH 28.54 28.35 3.03 15.81 39.79 3.71 

S2 
LH 9.93 9.89 1.94 2.94 15.81 2.75 

UH 24.93 24.85 3.23 8.39 34.34 4.25 

S3 
LH 11.18 11.12 2.37 3.56 23.02 3.19 

UH 19.77 19.78 3.63 6.87 30.31 4.75 

S4 
LH 15.13 15.15 3.18 1.35 23.74 4.31 

UH 11.79 12.19 4.34 0 26.12 5.66 

Horizontal parameters (mm) 

S1 
LW 3.96 3.85 1.26 0.76 8.07 1.78 

BW 7.69 7.63 1.27 4.25 11.94 1.65 

S2 
LW 3.71 3.6 1.15 1.02 9.59 1.64 

BW 8.69 8.62 1.49 4.69 28.89 1.78 

S3 
LW 4.02 3.92 1.2 0.65 12.2 1.53 

BW 8.98 8.92 1.66 4.36 23.98 2.08 

S4 
LW 3.82 3.71 1.51 0.33 20.1 1.77 

BW 6.9 6.76 1.77 3.02 16.72 2.29 
S1 to S4 represent four sites used in the measurement of the mandibular canal location. 

SD, standard deviation; Min, minimum; Max, maximum, IQR, inter quartile range; LH, lower height; 

UH, upper height; LW, lingual width; BW, buccal width. 
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Figure 4. Box and scatter plots for measured parameters at each site according to sex 
 

Line inside the box indicates the median; X, the mean; box, the interquartile range. LH, 

lower height; UH, upper height; LW, lingual width; BW, buccal width. P-value by 

Independent t-test at α=0.05. *, P < .05. 
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Figure 5. Box and scatter plots for measured parameters at each site according to right and 

left sides 
 

Line inside the box indicates the median; X, the mean; box, the interquartile range. LH, 

lower height; UH, upper height; LW, lingual width; BW, buccal width. P-value by 

Independent t-test at α=0.05. *, P < .05.  
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3. Cluster analysis of 3D mandibular canal course 

The results of cluster tendency in normalized parameters were presented by Hopkin’s 

statistics value and dissimilarity matrix. Calculated Hopkin’s statistics for the MC 

parameters was 0.2096047, far below the H threshold of 0.50. Figure 6 displays the 

dissimilarity matrix that obtained from VAT algorithm. Color is the indicator of the degree 

of dissimilarity between the parameters. Low dissimilarity is represented by orange color 

and high dissimilarity by purple. Cluster structures of the parameter data are noticeable 

from the orange areas of the matrix. 

 

 
Figure 6. Dissimilarity matrix visualizing the clustering tendency of the parameters 
 

Orange shows low dissimilarity level and purple shows high dissimilarity level. 
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The optimal number of clusters was determined by dendrogram and computing method. 

Figure 7 shows a dendrogram that was generated as the result of hierarchical clustering 

conducted for the classification 3D course of MC. Considering the variation of the MC 

course pattern, the range of the optimal number of clusters can be estimated from two 

clusters (400 height level) to five clusters (200 height level).  

In Figure 8A, 11 indices suggest three as the optimal number of clusters. In addition, the 

second differences D index value was the highest for the estimated number of clusters (k) 

at three (Figure 8B). 

 

 
Figure 7. The cluster dendrogram generated as the result of hierarchical clustering of the 

three-dimensional mandibular canal course parameters 
 

The vertical axis represents the distance between clusters and the horizontal axis represents 

individual variables. The dotted lines show an example of determining the optimal number 

of clusters. The clusters are classified into 2 and 5 groups at height 400 and 200 respectively.   
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Figure 8. Determination of the optimal number of clusters using NbClust 
 

(A) Frequency distribution of NbClust indices for the number of clusters 

(B) D index graph for determining the number of clusters 
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Based on the result of k-means cluster analysis, the mean and standard deviation of three 

clusters of the 3D MC course were presented on Table 5. There were statistically significant 

differences among the means of the three clusters both in vertical and horizontal parameters. 

Cluster 1 showed the most rapid vertical change, ranging from 27.9 ± 4.5% in S1 to 74.0 ± 

9.9% in S4. Conversely, cluster 2 showed the lowest vertical increase rate from S1 (23.5 ± 

3.8%) to S4 (48.6 ± 7.7%). On the other hand, cluster 3 showed the largest distribution 

range in horizontal view, from 53.9 ± 8.1% to 65.9 ± 6.3%, whereas cluster 1 had only 4.6% 

variation range. 

Figure 9 shows individual MC courses and one standard MC course, in a broader line, of 

each cluster. Cluster 1 showed a smooth line running towards the lingual side in the axial 

view (Figure 9A) and a steep slope in the sagittal view (Figure 9D). Cluster 2 ran in an 

almost straight line closest to the lingual and inferior border of mandible (Figure 9B and 

E); it showed the least change in the driving course compared to other MC course types. 

Cluster 3 showed the pathway with a bent buccally in the axial view and an increasing slope 

in the sagittal view in the posterior area (Figure 9C and F); this type showed a larger change 

in the posterior area. Illustrations in figure 10A and B show the superimposed courses of 

all three clusters, making it easy to compare relative positions of the 3D MC courses of 

different clusters.  

Distributions of the mandibular canal courses according to clusters, age groups, sex, and 

right and left sides are displayed in Figure 11. Figure 11A and C shows the distributions of 

classified clusters and sex within clusters. Cluster 1 had the least distribution (26.0%). In 
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this cluster, females accounted for 59.2% and males, 40.8%. On the other hand, cluster 2 

showed the widest distribution of driving courses (42.1%), and males were more widely 

distributed (57.1%) than the female group (42.9%). Cluster 3 comprised similar ratio of 

male and female cases and accounted for 31.9% of the total distribution. For all three 

clusters, distributions of the right and left sides did not show a statistically significant 

difference (Figure 11D). Distribution of cluster was inversely proportional to age of subject, 

and cluster 1 showed the highest distribution (41.8%) in the age of 60 or older (Figure 11B). 
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Table 5. Mean and standard deviation of the three-dimensional mandibular canal courses 

according to cluster type 

 Cluster 1 
(N = 223) 

Cluster 2 
(N = 361) 

Cluster 3 
(N = 274) P-value 

Vertical parameters (%) 

S1 27.9 ± 4.5 a 23.5 ± 3.8 b 24.5 ± 3.9 c 0.001☨ 

S2 33.4 ± 5.0 a 26.1 ± 4.4 b 27.9 ± 4.2 c 0.001☨ 

S3 45.0 ± 6.1 a 32.2 ± 5.4 b 34.7 ± 4.9 c 0.001§ 

S4 74.0 ± 9.9 a 48.6 ± 7.7 b 54.3 ± 8.4 c 0.001§ 

Horizontal parameters (%) 

S1 65.2 ± 8.3 a 70.0 ± 7.7 b 62.3 ± 8.0 c 0.001☨ 

S2 69.2 ± 7.0 a 74.4 ± 6.0 b 65.9 ± 6.3 c 0.001☨ 

S3 69.8 ± 7.0 a 73.5 ± 5.5 b 62.9 ± 5.8 c 0.001§ 

S4 68.9 ± 10.3 a 69.6 ± 7.6 a 53.9 ± 8.1 b 0.001§ 

Values are presented as mean ± standard deviation in ratio. 

☨ P-value by One-way ANOVA at α=0.05,  

§ P-value by One-way ANOVA with Welch correction at α=0.05. 

S1 to S4 represent four sites measured vertical and horizontal parameters. 
a-c Superscripts on the same row indicate significant statistical differences (Bonferroni post-hoc test 

for S1 and S2, and Games-Howell post-hoc test for S3 and S4) 
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Figure 9. Three types of the mandibular canal 3D course in axial (first row) and sagittal 

view (second row) 
 

The green, red, and blue lines display cluster 1 (A and D), 2 (B and E), and 3 (C and F), 

respectively. Thin lines represent each individual mandibular canal course, and the thick 

lines represent the standard mandibular canal 3D courses. The opaque area around the thick 

line shows standard deviation. 
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Figure 10. Illustrations of three types of the three-dimensional mandibular canal course in 

axial (A) and sagittal view (B) 
 

Cluster 1, green line, shows traveling towards the lingual side with a steep vertical slope. 

Cluster 2, red line, shows the closest to the lingual side and lowest vertical slope.  

Cluster 3, blue line, shows a buccal curvature with gradually increasing vertical slope in 

the posterior area. 
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Figure 11. Distribution of the three-dimensional mandibular canal course by cluster 
 

(A) Distributions of three clusters 

(B) Distribution of three clusters for each age group 

(C) Sex distribution of each cluster (P-value by Z-test at α=0.05. *, P < .05.) 

(D) Right and left distribution of each cluster 
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Ⅳ. DISCUSSION 

Since standardized information of anatomical structure facilitates communication among 

clinicians,41 many studies have been conducted to provide reliable classification. Existing 

classifications of the anatomical structures were commonly developed through visual 

assessment of cadaveric dissections, and has been used in practice to date.42 However, the 

inevitable variability in interpretation among experts proves that the use of previous 

classifications as standard information may be limited. In medical field, cluster analysis 

has been widely utilized to objectively distinguish the given data such as gene and patient 

information,30,43 but less applications are conducted for the anatomical structure 

classification. In this study, cluster analysis was applied to classify 3D MC courses and to 

present standard types of MC courses. 

To apply cluster analysis in anatomical structure classification, it is necessary to measure 

the anatomical structure and parameterize it in a reproducible way. In this study, 

measurement of parameters was taken at four different sites of the MC at 10mm interval to 

cover the widest possible range of the MC. To the next, only the minimum number of 

parameters that can represent the MC location were selected, and finally, normalization of 

parameters was carried out so that they were not affected by the size of the mandible that 

varies depending on the person.44 This process is worth considering not only for MC 

courses, but for researchers who want to try cluster analysis with measurement parameters 

of other anatomical structures. 

Based on the results of current study, three representative 3D MC course types were 
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derived from the cluster method. In 2004, Worthington classified the vertical MC courses 

into three categories: an anteriorly gentle and posteriorly progressive rising curve, a steep 

ascent, and a catenary-like canal.13 Many researchers have used this classification or 

modified it to present the MC course and its distribution.17,45-47 In the sagittal view of the 

3D MC courses visualized in this study, a steep vertical slope (cluster 1) and the straight 

path closest to the inferior border (cluster 2) were presented similarly with the Worthington 

classification, but a catenary-like pathway was not found. This phenomenon is the same for 

the axial view of the MC course. The individual MC courses clustered in the current study 

differed from the known horizontal MC courses.21,47,48 Discrepancy between the results of 

previous studies and this study may arise from different methodologies. Most of the 

research were confined to two-dimensional (2D) analysis of the MC course, viewed from 

either axial or sagittal view. In other words, the classification result was presented after 

considering the vertical and horizontal location of MC, respectively. On the other hand, in 

the present study, both horizontal and vertical parameters of the MC course were considered 

together by cluster algorithm firstly; and then for each cluster, 2D axial and sagittal images 

of the MC courses were obtained. To accurately classify the anatomical structure, an 

analysis taking into account the 3D information is required. 

Interestingly, if the data of this study were intently divided into a larger number of clusters, 

the MC course would be grouped into more diverse clusters, and the MC courses reported 

in previous studies (e.g., catenary-like courses) may also be found among them. However, 

in the current study, the optimal number of clusters was established as three using 
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dendrogram and computing method to derive objective classification. Although statistical 

representativeness is reduced, if clinically necessary, observers can classify MC courses in 

detail with the k-means cluster algorithm. 

Considering the distribution trend of the MC courses according to age group, cluster 1 

showed the highest value in the group over 60 years old, and cluster 2 gradually decreased 

as age increased. This may be due to age-related factors such as tooth loss and attrition that 

cause a decrease in MnOP levels.49-51 Levine et al.52 reported that age and race were related 

to the MC location, so further study of the MC courses by race using cluster analysis is 

needed. As a result of analyzing the left and right distribution, no significant difference was 

found in accordance with the previous study, which reported that right and left side were 

not factors affecting the location of the MC.53  

Expert reliability is one of the major issues to be addressed in anatomy structure 

classification task.54,55 Although ensuring expert qualifications through training is widely 

carried out to improve reliability, even so, subjective evaluation among observers is not 

completely overcome.56 Given the high variability in the anatomical structure, expert 

disagreement on cases where grouping is ambiguous can affect the classification results. In 

this study, the cluster algorithm was designed to divide groups according to the similarities 

between all given variables, so it automatically classified debatable MC course cases 

without observer variability and present representative results. This unsupervised machine 

learning technique can be applied to analysis of various anatomical information that has 

been mainly performed by experts, and the presented standard information can be used in 
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divergent fields such as dental treatment planning, forensic usage, and model generation 

for reconstructive surgery.  

The limitation of this study was that it did not include areas near the mental and 

mandibular foramen. Regarding that the anterior loop region is accompanied by high 

anatomical variation,57 it is challenging to measure the area in a standardized way in all 

patients. However, even if the number of additional parameters was updated as new areas 

were included, cluster analysis would make it easy to re-classify MC course types, 

considering the similarity of all given variables. 
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V. CONCLUSION 

The 3D MC courses were automatically classified as three types through cluster analysis. 

The first MC course type, cluster 1, can be defined as the traveling towards the lingual side 

with a steep vertical slope. The second cluster can be defined as the closest to the lingual 

side and lowest vertical slope. The third type of MC course can be defined as a buccal 

curvature with gradually increasing vertical slope in the posterior area. Each classified MC 

course type showed a driving path that was statistically distinct from other clusters. In 

addition, this study demonstrates the potential of cluster analysis for the analysis of 

parameters measured in medical imaging. Cluster analysis enables the unbiased 

classification of the anatomical structures by reducing observer variability and can present 

representative standard information for each classified group.  
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 Abstract (in Korean)  

 

 

비지도 머신러닝 방법을 이용한  

3차원 하악 신경관 주행 경로의 자동 군집화 

 

< 지도교수 한 상 선 > 

 

연세대학교 대학원 치의학과 

김 영 현 

 

연구목적: 본 연구의 목적은 하악 신경관의 3차원 주행 경로 분류를 위해 비

지도 머신 러닝 기법인 군집 분석을 적용하고, 군집 분석을 통해 제시된 한국

인의 표준 하악 신경관 주행 경로를 시각화하는 것이다.  

연구대상 및 방법: 연세대학교 치과 대학병원에서 촬영된 총 429개의 치과용 

콘빔시티 영상이 이용되었다. 하악 신경관의 주행의 측정을 위해 총 4개의 단

면 영상이 선택되었고, 각 부위 별 2개의 수직 및 2개의 수평 변수를 획득하
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였다. 군집 분석은 변수 선택, 변수 표준화, 군집 경향성 평가, 최적 군집 수 

결정, k-mean 군집 분석의 순서로 진행되었다. 

연구결과: 군집 분석에 의해 세 가지 유형의 하악 신경관 주행 경로가 도출되

었으며 군집 간에 통계적으로 유의한 평균 차이를 보였다. 군집 1은 횡단면 

뷰에서 설측 방향으로 주행하고, 시상면 뷰에서 가장 급격한 경사를 보이는 

유형이다. 군집 2는 하악 하연 및 설측 경계에 가장 가깝게 거의 직선으로 주

행하는 유형이다. 군집 3은 후방 영역에서 협측 구부러짐과 경사 증가가 나타

나는 유형이다. 군집 1유형은 26.0%로 가장 적게 분포하였고, 해당 유형에서 

여성이 59.2%, 남성이 40.8%로 나타났다. 반면 군집 2유형은 42.1%로 가장 

많은 분포를 보였으며, 여성(42.9%)에 비해 남성(57.1%)에서 더 많이 분포

하였다. 군집 3은 전체의 31.9%가 분포하였으며 성별 비율은 유사하였다. 3

개 군집 모두 좌우측에 대해 통계적으로 유의한 분포차는 없었다. 

결론:  군집 분석을 통해 하악 신경관의 3차원 주행은 세가지 유형으로 자동 

분류되었다. 군집 분석은 관찰자 변동성을 감소시켜 해부학적 구조의 편향되

지 않은 분류를 가능하게 하며, 각 분류 그룹에 대한 대표적인 표준 정보를 

제공하는데 사용될 수 있다. 

 

핵심어: 군집 분석, 콘빔전산화단층촬영, 하치조신경, 하악 신경관, 비지도 머신 

러닝 


