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Article Info Purpose: This study aimed to generate virtual mandibular left first molar teeth using deep
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Methods: Occlusal surface images of the mandibular left first molar scanned using a den-

tal model scanner were analyzed using DCGANSs. Overall, 100 training sets comprising 50
original and 50 background-removed images were created, thus generating 1,000 virtual
teeth. These virtual teeth were classified based on the number of cusps and occlusal sur-
face ratio, and subsequently, were analyzed for consistency by expert dental technicians
over three rounds of examination. Statistical analysis was conducted using IBM SPSS Sta-
tistics ver. 23.0 (IBM), including intraclass correlation coefficient for intrarater reliability,
one-way ANOVA, and Tukey’s post-hoc analysis.

Results: Virtual mandibular left first molars exhibited high consistency in the occlusal sur-
face ratio but varied in other criteria. Moreover, consistency was the highest in the occlusal
buccal lingual criteria at 91.9%, whereas discrepancies were observed most in the occusal
buccal cusp criteria at 85.5%. Significant differences were observed among all groups

(p<0.05).

Conclusion: Based on the classification of the virtually generated left mandibular first mo-
Corresponding Author lar according to several criteria, DCGANs can generate virtual data highly similar to real
Sun-Young lhm data. Thus, subsequent research in the dental field, including the development of improved
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Fig. 1. Tooth image generation and training model process. DCGAN: Deep Convolutional Generative Adversarial Network.
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Fig. 2. Occlusal surface classification criteria for the mandibular left
first molar (based on occlusal surface ratio).

Table 1. Classification criteria and intra-rater reliability analysis results (ICC) for the mandibular left first molar

ltem Classification Criteria Naming ICC
No. of cusp ® Number of buccal cusp 3ea BC 0.925
@ Number of lingual cusp 2ea LC 0.956
Occlusal surface  ® Buccal to lingual occlusal surface ratio based on the central groove 3:2 OBL 0.953
ratio @ Ratio of buccal cusp; mesiobuccal cusp (5):distobuccal cusp (3):distal cusp (2) 5:3:2 0BC 0.951
® Ratio of lingual cusp; mesiolingual cusp (1):distolingual cusp (1) 1:1 oLC 0.940

ICC: intraclass correlation coefficient.
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Fig. 3. Teeth images consistency and
inconsistency the classification criteria.

Table 2. Comparison results of consistency for the classification criteria of the mandibular left first molar (%)

BC LC OBL 0BC oLC
Consistency 51.1+6.4 80.7+3.3 91.9+0.8 14.5+0.3 79.0+1.4
Inconsistency 48.9+6.4 19.3+3.3 8.1+0.8 85.5+0.3 21.0+1.4
Total 100 100 100 100 100

Values are presented as meanststandard deviation.
BC: number of buccal cusp, LC: number of lingual cusp, OBL: buccal to lingual occlusal surface ratio based on the central groove, OBC: ratio of
buccal cusp, OLC: ratio of lingual cusp.

Table 3. Results of Tukey's post-hoc analysis on the agreement of the mandibular left first molar

Consistency/inconsistency

Group Mean difference Standard error p-value
BC LC -29.6* <0.001
OBL -40.8* <0.001
OLC -27.9* <0.001
OBC 36.6* <0.001
LC OBL -11.2* <0.001
oLC 1.7* 467 0.017
OBC 66.2* <0.001
OBL OLC 12.9* <0.001
OBC 71.4* <0.001
oLC OBC 64.5* <0.001

BC: number of buccal cusp, LC: number of lingual cusp, OBL: buccal to lingual occlusal surface ratio based on the central groove, OBC: ratio of
buccal cusp, OLC: ratio of lingual cusp.
*Tukey’s honestly significant difference. The mean difference is significant at the 0.05 level.
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