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The purpose of this study is to develop a computer program by applying a
deep learning and convolutional neural network for the diagnosis of periodontal disease
among periodontal patients. The data was collected from the digital panoramic films of
ninety patients in the department of General Dentistry in the Faculty of Dentistry at
Srinakarinwirot University. The patients had to have been diagnosed the periodontal
status following the standards of the American Academy of Periodontology (AAP) in
1999 and did not have any treatment before taking an x-ray. The program was based
on the structure of the Convolution Neural Network, used deep learning to develop the
precision model and then the diagnostic performance was calculated. The receiver-
operating characteristic (ROC) curves were drawn, and the area under curve (AUC)
values were obtained. The diagnostic performance of the deep learning system for
periodontal disease on the panoramic radiograph had a high sensitivity of 80.5% and an
acceptable specificity of 65.3%. In conclusion, the diagnostic performance of the deep

learning system for periodontal disease on panoramic radiograph was sufficiently high.
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Diagnosis and classification
1. Gingival diseases
1.1 Plague induced
1.2 Non-plague induced
2. Chronic periodontitis
2.1 Localized
2.2 Generalized
3. Aggressive periodontitis
3.1 Localized
3.2 Generalized
4. Periodontitis as a manifestation of systemic disease
5. Necrotizing periodontal diseases
6. Abscesses of the periodontium
7.Periodontitis associated with endodontic lesions
8. Developmental or acquired deformities and conditions
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HEALTHY GUMS & TOOTH GINGIVITIS

CALCULUS BUILDS UP ON TEETH AND
GUMS ARE INFLAMED (RED).

- —

CALCULUS

INFLAMMATION
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MODERATE ADVANCED
PERIODONTITIS PERIODONTITIS
INFLAMMATION CAUSES GUMS TO SEVERE BONE LOSS, DEEP POCKETS.
SEPARATE FROM TOOTH, FORMING TOOTH IS IN DANGER OF FALLING OUT.

POCKETS. EARLY TO MODERATE BONE LOSS.

ADVANCED DEEP POCKET
BONE LOSS
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2. feyeyilsshng lunnesiunnssa (Artificial Intelligence in Dentistry)
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Clinical workflow Types of applications Classes of use cases

Triage scenario Detection For workflow optimization

and quality assurance

Replacement Segmentation Separate normal from
scenario abnormal
Add on scenario Classification Grading and classification
of images

Computer aided detection

Radiomics

Natural language
processing, computer-
assisted reporting,

knowledge management
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n, = N/ (1+Nd°)
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Collecting data from pancramic films

_— Data base _— Testing data
and periodontal chart of patients’

charts

Training data

Convolutional neural network

Periodontitis

"

Outcome * Testing madel

Gingivitis /
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1 1D HN Diagnosis
2 28 2017/55 generalized mild to moderate with localized severe chranic periodontitis
3 29 3767/59 generalized moderate with |ocalized severe chronic periodontitis

4 —‘ 30 1552/59  gingivitis associated with dental plague only

5 31 3741/59  generalized severe chronic periodontitis

6 32 2647/59 gingivitis associated with dental plague only

7 34 2169/59 generalized mild to moderate with localized severe chronic periodontitis
8 35 1451/59  gingivitis associated with dental placue anly

9 36 931/60 generalized severe chronic periodontitis

10 38 206/60  generalized mild to moderate with localized severe chronic periodontitis
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Input Image

Input Images

Prediction Output

e TR A R SRR R Prediction — —~
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8¢9 AB gﬂmwﬁ%ﬁ’w%\uﬁm (Input images) LL@zmmmmwﬁﬁﬁmiﬁm@u%ﬁuwmnwm:
nMsazanefaeInszansatlates Ny (Labels) daudayanes Labels azifivlugtluiiy
NABIAWALI (bounding box) x, y, w A h, X, y

TAsedF1ananaesllsunsuma Faster R-CNN Imaifl Backbone Network 11

ResNeXt-101 with Feature Pyramid Network 79 Backbone Network L U@ 21 usnNa 09

v
o 1

Tilsunsufazun Low-level Features 1893mn7iazszylu Labels 5o Model 7l4gnsiapn
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Parameters (3uAuAIN ImageNet talinsGeufungadayarundniaanuuiue gy

D

Region Proposal Network L1 dq17911 Localization AaN13113139R Q7150
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Label @ﬂﬁﬁ’]LLmMuu‘*ummw‘Emﬁmwﬁ‘hmeﬁm@zLﬂuTmﬂ?ﬁumrmﬁﬁu"Luﬂﬁwﬁuj

Network Head Aagauganiaaasluing Taad Error Functions 1iladauasa
a7 luipainuns A wises Periodontitis Taeisnuikizeanaasiiviiueld Huber Loss
AangnAesTeINIssTYnaeaTivinuadniily Periodontitis 19 Sigmoid Cross-Entropy Loss
daua9 Softmax Cross-Entropy lunsal il 18141 e a0 ld 14 daan 391 Image
Segmentation A1 Loss fiunazasiay Accuracy s faluiaafiazilsy Parameters lu

Network usiaz Layers iWaliiAn Loss A& AN Accuracy §431
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Hyperparameters A2 A1514°] ﬁiﬂr}’fqﬂﬂé”uimﬂﬂwm@uimLm RN
Usnussrntliesmunanimaaes
1.Learning Rates
1.1 lteration 1 - 1040: 0.0025
1.2 lteration 1041 - 1160: 0.00125
1.3 Iteration 1161 - 1200: 0.000625
2.Weight Decay: 0.001
3.Momentum: 0.9
E4.poch: 20 (1200 Iterations)
nsEaufrasiilsunsy
nsutigadayadmsuiliniifannsFaufaestsunay wazifienisiy
ANITRAasIAAA NLNLEN A 1935 LWL 5- Fold Cross — Validation Tngiiidaya

AININLTEZNAL 23
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‘ All Data ‘

‘ Training data ‘ ‘ Test data ‘

| Fold1 || Fold2 || Fold3 || Folda | Fold5 |

Split1 | Fold1 || Fold2 || Fold3 || Fold4 | Fold5 |

Split2 | Fold1 || Fold2 || Fold3 || Fold4 | Fold5 |

|
|
Split 3 | Fold 1 H Fold 2 Hﬂ“ Fold 4 ‘ Fold 5 ‘
|
|

> Finding Parameters

Split4 | Fold1 || Fold2 || Fold3 || Fold4 | Fold5 |
Split5 | Fold1 || Fold2 || Fold3 || Folda || Folds | _/
Final evaluation ﬂ Test data
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u
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5.37uAAUN15ILAsIzIL s ANE N waasllsunsy
peIAFSe (metric) NN 1 lun139As2 oA ANRAtAINNLNLEN (mean
average precison) AN (Recall) wazunlans Wszudnamn precision waz A recall

L?‘F;Iﬂ’i’] Precision — Recall curve
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Fold Training Training Training Train | Validation | Validation | Validation Inference Test
Time Precision Precision | mAP mAP [50] Precision Precision Time [s] mAP
> 50 <50 [50] > 50 <50
[Number [Number [Number [Number
of of of of
Images] Images] Images] Images]
1 41m 60/60 0/60 100 80.5 14/16 2/16 0.5797 64
41.957s
2 41m 61/61 0/61 100 66.9 8/15 715 0.6249 57
31.170s
3 41m 61/61 0/61 100 47.2 12/15 3/15 0.6197 63.4
29.910s
4 41m 61/61 0/61 100 64.4 12/15 3/16 0.6161 67.6
27.288s
5 41m 61/61 0/61 100 52 8/156 7115 0.6427 59.9
17.860s

AINA1919 2 WARINAan1Inadeuldsunsuie 5 wuy tnenldsunsuuuui 1 14

1
a 1

ANDALIAIINLNYEN ( mean average precision VB MAP) 289N19:M9134 (Validation mAP)

I
% oy

agn fasaz 80.5 LAz lANAARALANLNUE1TBTANAREL (Test MAP) a7l Satias 64
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A1713 3 LL@mm@mimmmu%y@mﬁwmm

Fold Training Training Training Train | Validati Validation Validation Inferen
Time Precision Precision mAP | on mAP Precision > Precision ce
> 50 <50 [50] [50] 50 [Number <50 Time
[Number [Number of Images] [Number of [s]
of of Images]
Images] Images]
Final 41m 75/75 0/75 100 65.3 10/14 4/10 0.6462
25.549s

¥

AINANTN 3 LAPINANIIMAFaLANLNLENIaslUsunsuiugadeyannaal 1hus
\ = \ o A v PRy o Ao
ANRAEIANNLNUENIDITANAABUT Fa8IAL 65.3 tnET TayaTANAREL HATUIUAINNRAN
AINNUNUEN (Validation precision) NNINNG1 Fagiaz 50 AU 10 NN AMNAUIUTEYE

1 = EZN] 1 o v 1 v 1 Y
14 DN 91BN 4 AN aZlAAIANNLNUENTaINdNFaaY 50 TasuAaznwlgnanlunng
AIIA4AL 0.6462 N
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AATIZURNANITANTN
TunsAnilinnisuanngudeyaaaniilu 2 ngu Aanguiniulsalaiusmiungs
P lAifulsaisviust Fanda Binary classifers Tnanisusndayadnwsifinuinnnldaing
1 o =& % a a & uI/ ¥ a
unsnaneiunsAne uduadnauaznisunng Inevialiludonisdszifivaauanunsnly

nsvnunsrasTiaan lduannisanunngu dntanld Anaauusugn (accuracy rate) An

£4 1
= a

AMTNRANANA (erorrate) WU N 1A ns1W (area under the Receiver Operating
Characteristics (ROC) curve) %38 AUC ludaeniludunanaasnismsuilaluwa ials
Wwagainauasimmeasuiugadeyanuanld azld Precision-Recall (PRC) plots %38
ROC plots

TunsAnnldiuiaauuy binary classifiers 1 ngusnativazgnanueanaanily
2 ngu Aa ngululse (positive) uaz nquluiflulsn (negative) Tnenazuansnananunlu
guuiILeg confusion matrix 1178 contingency table uiivaanlaily 4 atintas Aa

.. A o 1 a} % 1 ] Y a

True positives (TP) Aaynsaatiwiiilulsn awmnsonsalanadniilulsaatteuiass

False positives (FP) Aasinat1af biidulse uwinsalsnadndluisg

True negatives (TN) Aayndaatinanldiflulsa aunsansaalanadnldidulsnating

Y a

REN

False negatives (FN) Aasaasinadiilulse wrinsalanadnliidulsa

v v
ar o

oy Fetneiulsavianus =TP +FN
sneinaitladilulsnvianua =FP+TN
Sensitivity =TP/ (TP + FN)
Specificity = TN/ (TN+ FP)

Precision-Recall curve A LA ANAITN AN NUE T34 precision (= positive
predictive value) Wa e recall (= sensitivity) 187 WNUW x AZWAAIAN recall ( N5 AN
sensitivity = TP/ (TP + FN)) LAZWLNY vy LAAIAT precision (= positive predictive value =

TP/ (TP +FP))
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o o . al o a A 1 dl 1 o
AINUANIINAREY fdA (Metric) MitnnldTunsusviiiuname AraAEAMLNLEN
.o = o o dla o dl ] o
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wazen Average Recall (AR) firaAnldinaanlaluntsmsaadudngueslisunsu

InelunsAneilang Average Precision (Specificity) = faeaz 65.3

Average Recall (Sensitivity) = $asay 80.5
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151 720/57  gingivitis associated with dental plaque only n
156  3578/54 generalized moderate to severe chronic periodontitis
157 4010/53 gingivitis associated with dental plaque only
158  2597/60 localized mild chronic periodontitis
163 3538/59 generalized mild with localized moderate chronic periodontitis
165  1451/60 generalized mild with localized moderate chronic periodontitis
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