Aus der

Poliklinik fir Zahnerhaltung und Parodontologie

Klinikum der Ludwig-Maximilians-Universitat Minchen

Erkennung von parodontalem Knochenabbau auf periapikalen
Rontgenbildern mittels kinstlicher Intelligenz

Dissertation
zum Erwerb des Doktorgrades der Zahnmedizin
an der Medizinischen Fakultat der

Ludwig-Maximilians-Universitat zu Minchen

vorgelegt von

Patrick Hoss

aus

Albstadt

Jahr
2024



Mit Genehmigung der Medizinischen Fakultat der

Ludwig-Maximilians-Universitat Minchen

Erstes Gutachten:

Zweites Gutachten:

Drittes Gutachten:

Dekan:

Tag der mundlichen Prufung:

Prof. Dr. Jan Kihnisch
Prof. Dr. Roswitha Heinrich-Weltzien

Prof. Dr. Thomas Pfluger

Prof. Dr. med. Thomas Gudermann

01.07.2024



Affidavit

[N

Affidavit

LUDWIG-

MAXIMILIANS- Promotionsbiiro
UNIVERSITAT Medizinische Fakultat 1111
MUNCHEN MMRS

Eidesstattliche Versicherung

Hoss, Patrick
Name, Vorname

Ich erkléare hiermit an Eides statt, dass ich die vorliegende Dissertation mit dem Titel:

»Erkennung von parodontalem Knochenabbau auf periapikalen
Rontgenbildern mittels kinstlicher Intelligenz*

selbstandig verfasst, mich aul3er der angegebenen keiner weiteren Hilfsmittel bedient und alle
Erkenntnisse, die aus dem Schrifttum ganz oder annahernd tUbernommen sind, als solche
kenntlich gemacht und nach ihrer Herkunft unter Bezeichnung der Fundstelle einzeln
nachgewiesen habe.

Ich erklare des Weiteren, dass die hier vorgelegte Dissertation nicht in gleicher oder in &hnlicher Form
bei einer anderen Stelle zur Erlangung eines akademischen Grades eingereicht wurde.

Minchen, 14.02.2024 Patrick Hoss

Ort, Datum Unterschrift Doktorandin bzw. Doktorand




Inhaltsverzeichnis

Inhaltsverzeichnis

1 110 F= Y OO USSP 3
INNAITSVEIZEICHNIS ..o e 4
PUBD K AETIONSIISTO. ..ottt e e e et e e eneee 5
ADKUIZUNGSVEIZEICINIS ..eeiiiiiii e e 6
1. Beitrag zu den VerdffentlicChUunNgen ... 7
11 Beitrag zu Veroffentlichung | .........coooiiiii e 7
1.2 Beitrag zu Veroffentlichung [l .........c.oooi i 8
2. BINTEITUNG ettt e e e e sbb e e b e 9
3. AT RSy L] [T o IR 12
4. Material und MethodiK.........oocuiiiiiiiiiiiii s 13
5. EFQEDNISSE .ttt e e e e e as 15
6. DISKUSSION ..ttt 16
7. Zusammenfassung und AUSDIICK ... 19
8. ADSTFraCt (ENQGIISN) e a e e e e e e e e e e e 20
9. VerdffentliChUNG | ... r e e 22
10. VerdffentliChUNG [l ... e e e e 34
11. LiteratUrVerZEICNNIS . c.cuiiiiie ittt 46

7= 1] Y= Vo U1 Lo R 51

[



Publikationsliste

XS,

Publikationsliste

Hoss, P., Meyer, O., Wdlfle, U. C., Wilk, A., Meusburger, T., Meier, L., Hickel,
R., Gruhn, V., Hesenius, M., Kihnisch, J., Dujic, H. (2023). Detection of

Periodontal Bone Loss on Periapical Radiographs—A Diagnostic Study Using

Different Convolutional Neural Networks. Journal of Clinical Medicine, 12(22),
7189. https://doi.org/10.3390/jcm12227189

Duijic, H., Meyer, O., Hoss, P., Wolfle, U. C., Wiilk, A., Meusburger, T., Meier, L.,
Gruhn, V., Hesenius, M., Hickel, R., Kiihnisch, J. (2023). Automatized Detection

of Periodontal Bone Loss on Periapical Radiographs by Vision Transformer
Networks. Diagnostics, 13(23), 3562.
https://doi.org/10.3390/diagnostics13233562



Abkirzungsverzeichnis

Abklrzungsverzeichnis

CAL
Kil
ML
DL
NN
CNN
ACC
AUC

Klinischer Attachmentverlust

Kinstliche Intelligenz

Machine Learning

Deep Learning

Neural Network

Convolutional Neural Network

Accuracy

Flache unter der Receiver Operating Characteristic Curve

[Kep)



Beitrag zu den Verdffentlichungen

|~

1. Beitrag zu den Veroffentlichungen

1.1 Beitrag zu Veroffentlichung |

Publikation “Detection of Periodontal Bone Loss on Periapical Radiographs—A Diagnostic
Study Using Different Convolutional Neural Networks*

Patrick Hoss Prof. Dr. Jan Kithnisch Co-Autoren

Ethikantrag - 100 % -
Literaturrecherche 100 % - -
Projektidee/ Studiendesign 30 % 50 % 20 %
Réntgenbild-Auswahl 80 % - 20 %
Befundung der Rontgenbilder 80 % - 20 %
Modell-Training & Datenanalyse - - 100%
Dateninterpretation und Auswabhl

3y . L 90 % - 10%
veroffentlichungswiirdiger Daten
Manuskript Management bis zur

. . 80 % - 20 %
Veroffentlichung
Verfassen und Einreichen der

100% - -

Dissertation




Beitrag zu den Verdffentlichungen

[Kee)

1.2 Beitrag zu Veroffentlichung Il

Publikation “Automatized Detection of Periodontal Bone Loss on Periapical Radiographs by
Vision Transformer Networks”

Patrick Hoss Prof. Dr. Jan Kithnisch Co-Autoren

Ethikantrag - 100 % -
Literaturrecherche - - 100 %
Projektidee/ Studiendesign 10 % 50 % 40 %
Roéntgenbild-Auswahl 20 % - 80 %
Befundung der Rontgenbilder 20 % - 80 %
Modell-Training & Datenanalyse - - 100%
Dateninterpretation und Auswahl

. . . 10 % - 90 %
veroffentlichungswiirdiger Daten
Manuskript Management bis zur

20% - 80 %

Veroffentlichung




Einleitung

| ©

2. Einleitung

In der deutschen Bevélkerung ist neben einer ricklaufigen Anzahl fehlender
Zahne in der Gruppe der jingeren Senioren (65- bis 74-Jéhrige) auch eine
Halbierung der vollstdndigen Zahnlosigkeit zwischen 1997 und 2014 auf 12,4%
in besagter Altersgruppe festzustellen (Jordan und Micheelis, 2016). Dies lasst
darauf schlieRen, dass letztlich mehr Zahne bis ins hohe Alter erhalten bleiben
konnen. Diese Entwicklung im Bereich der Zahngesundheit wird somit dazu
fuhren, dass der Behandlungsbedarf im Feld parodontaler Erkrankungen steigen
wird und dementsprechend einer adaquaten Diagnostik und Therapie parodontal

geschéadigter Zahne enorme Bedeutung entgegenkommt.

Unter dem Krankheitsbild der Parodontitis versteht man eine multifaktoriell
bedingte, entziindliche Erkrankung, die insbesondere mit der Besiedelung der
Wurzeloberflache mit einem dysbiotischen Biofilm in Verbindung gebracht wird
(Abdulkareem et al., 2023). Wie auch unter Beriicksichtigung der Empfehlungen
des World Workshops 2017 zur Klassifizierung von Parodontalerkrankungen zu
erkennen ist, ist die Parodontitis in der initialen Phase vornehmlich klinisch unter
anderem Uber Messung der Sondierungstiefen und Beurteilung des klinischen
Attachmentverlusts (CAL) zu identifizieren (Papapanou et al., 2018; Tonetti et al.,
2018), da die rontgenologische Einschatzung des parodontalen Knochenabbaus
speziell bei Defekten geringer bukkolingualer Breite und Tiefe eingeschrankt ist
(Pepelassi et al., 2000). Schreitet der Krankheitsverlauf jedoch voran, nimmt die
Relevanz der rontgenologischen Beurteilung von parodontalen Knochendefekten
deutlich zu, da diese dann rontgenologisch praziser veranschaulicht werden

kénnen (Fiorellini et al., 2021).

Sowohl periapikale Réntgenbilder als auch Panoramaschichtaufnahmen werden
als rontgenologische Diagnostikmethoden zur Beurteilung von parodontalem
Knochenabbau verwendet. Dabei ist zu betonen, dass es sich bei der
rontgenologischen Bewertung des parodontalen Knochenabbaus um eine
herausfordernde Aufgabe fur den Zahnarzt handelt, da diese durch mdgliche
Uberlagerungen anatomischer Strukturen und verschiedene Projektionswinkel

erschwert sein kann. Dies konnte auch eine Erklarung dafir sein, warum die
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rontgenologische Einschatzung des parodontalen Knochenabbaus durch
Zahnarzte beispielsweise im Vergleich zu karidsen Lasionen oder auch Paro-
Endo-Lasionen zu uneinheitlicheren Ergebnissen fihrt und somit weniger
zuverlassig erscheint (Meusburger et al., 2023). Um solche diagnostischen
Differenzen zu verringern, ware es sinnvoll, die rontgenologische Diagnostik von
parodontalem Knochenabbau durch die Verwendung von Algorithmen, die auf

kunstlicher Intelligenz (KI) basieren, zu objektivieren.

Unter Kl versteht man die Moglichkeit, dass Maschinen bzw. Computer
bestimmte Aufgaben ausfiilhren kdnnen, die normalerweise mit menschlicher
Intelligenz und Verhaltensweise assoziiert sind (Schwendicke et al., 2020). Es
gibt verschiedene Teilbereiche der KI. Hierbei zu nennen sind unter anderem
,machine learning“ (ML) sowie ,deep learning“ (DL). Beim ML werden Datensatze
angewendet, die zum Trainieren des Modells verwendet werden. Nach
Identifizierung und Erlernung der statistischen Datenmuster kann die Leistung
des ML-Modells anhand eines noch nicht zur Verfligung gestellten
Testdatensatzes beurteilt werden und auf Grundlage des Erlernten Vorhersagen
Uber noch nicht gesehene Daten getroffen werden (Schwendicke et al., 2021).
Je nachdem, welche Art an Datensatzen den ML-Modellen zur Verfigung gestellt
werden, kénnen beispielsweise Aussagen Uber Diagnosen,
Therapieempfehlungen und auch zukinftige Krankheitsverlaufe getroffen
werden (Pethani, 2021). Die Genauigkeit der seitens des ML-Modells getétigten
Vorhersagen sind aber maf3geblich von der Qualitat der Daten abh&ngig, die zum
Training des ML-Modells verwendet wurden (Pethani, 2021). Als eine
Weiterentwicklung von ML kann DL angesehen werden. Beim DL werden
Algorithmen in zahlreichen Schichten organisiert, um ein kiinstliches neuronales
Netz (engl. ,neural network®, NN) aufzubauen, welches selbststandig lernen und
eigene Entscheidungen treffen kann (Greenhill et al., 2020). Dabei werden unter
anderem selbstlernende RuUckwartspropagierungs-Algorithmen verwendet, die
durch Fehlerrickfihrung durch das Netz den Einfluss von neuronalen Strukturen
auf den vorliegenden Fehler ermitteln. Durch Anpassung des Einflusses der
entsprechenden Neuronenverbindungen kénnen dann die Vorhersagen

schrittweise prazisiert werden (Hwang et al., 2019).
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Tatséchlich wird der Kl in der Zahnmedizin zunehmend Aufmerksamkeit
gewidmet und wird so unter anderem in Zusammenhang mit der Diagnostik von
zahnmedizinischen Pathologien gebracht. In der Literatur wird vereinzelt der KI-
Einsatz bei der Auswertung klinischer, dentaler Fotografien dokumentiert.
Stellvertretend seien hier die Studien zur Kl-unterstltzten, automatisierten
Kariesdetektion (Kuhnisch et al., 2022) sowie zur Erkennung von Zahnen, die
von einer zunehmend pravalenten Molaren-Inzisiven-Hypomineralisation
betroffen sind (Schdnewolf et al., 2022), zu nennen. Mehrheitlich befassten sich
jedoch in jingster Vergangenheit zahlreiche Arbeitsgruppen mit der Kl-basierten
Diagnostik an Rontgenbildern, um mittels DL-basierten, faltenden neuronalen
Netzen (engl. ,convolutional neural network“, CNN) verschiedene Pathologien zu
detektieren. So sind Studien mit dem Ziel der automatisierten, réntgenologischen
Karieserkennung mittels Kl zu finden, bei welchen sowohl intraorale
Rontgenbilder (Chen et al.,, 2022; Lee et al, 2018a) als auch
Panoramaschichtaufnahmen (Lian et al., 2021) verwendet wurden. Des Weiteren
wurde die Kl bereits daflr eingesetzt, um in zahnarztlichen Rontgenbildern
apikale Lasionen aufzufinden (Moidu et al., 2022; Li et al., 2021a; Ekert et al.,
2019). Auch die Kl-unterstitzte Ermittlung von parodontalem Knochenabbau
wurde bereits auf intraoralen Rontgenbildern (Chen et al., 2023; Alotaibi et al.,
2022; Lee et al., 2022; Tsoromokos et al., 2022; Lee et al., 2018b) und auf
Panoramaschichtaufnahmen (Jiang et al., 2022; Widyaningrum et al., 2022; Li et
al., 2021b; Kim et al., 2019; Krois et al., 2019) analysiert. Auffallig dabei ist, dass
im Vergleich zur réntgenologischen Beurteilung von anderen pathologischen
Befunden die des parodontalen Knochenabbaus mittels Kl bisher oftmals
geringere diagnostische Genauigkeitswerte verzeichnet. Dies konnte eventuell
dadurch begriindet sein, dass das Ausmall des Knochenabbaus Uber das
gesamte Rontgenbild hinweg variieren kann und somit schwierig zu beurteilen
ist. Deshalb ist es gerade im Hinblick auf die Kl-basierte Einschatzung von
parodontalem Knochenabbau auf Rontgenbildern umso wichtiger, Studien mit
maoglichst grofen und fir alle Zahngruppen reprasentativen Datensatzen

durchzufihren, um diesbeziglich die diagnostische Genauigkeit zu erhdéhen.
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3. Zielstellung

Die vorliegende Dissertation soll einen Beitrag zur Kl-basierten, automatisierten
Erkennung von parodontalem Knochenabbau auf periapikalen Réntgenbildern
leisten. Ein Vergleich von bislang vorliegenden Studien zu dieser Thematik ist
durch Verwendung unterschiedlicher Datensatze, durch Ausschluss bestimmter
Zahngruppen oder auch durch variierende Auswertungsmethoden nur erschwert
moglich (Scott et al., 2023). Deshalb verfolgte das Dissertationsprojekt das Ziel,
die diagnostische Leistung von funf verschiedenen CNNs bei der Beurteilung des
parodontalen Knochenabbaus auf periapikalen Rontgenbildern  aller
Zahngruppen mit standardisierten Variablen zu erfassen und zu vergleichen.
Nach bestem Wissensstand ist in der Literatur bis auf die hier vorliegende Studie
(Hoss et al.,, 2023) bisher noch keine andere Studie publiziert worden, die
verschiedene CNNs mit dem Ziel der automatisierten Erkennung von

parodontalem Knochenabbau auf periapikalen Réntgenbildern vergleicht.

Als Hypothese wurde dabei aufgestellt, dass fiur die verschiedenen CNNs und
anatomischen Regionen Ubereinstimmende diagnostische Genauigkeitswerte

erreicht werden, die dariiber hinaus bei mindestens 90% liegen wirden.
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4. Material und Methodik

In der hier vorliegenden Studie (Hoss et al., 2023) wurde ein Datensatz mit
insgesamt 21.819 anonymisierten, periapikalen RoOntgenbildern verwendet.
Dabei verteilten sich die Bilder Uber alle Zahngruppen hinweg und variierten
dariiber hinaus auch in der Ausprdgung des parodontalen Knochenabbaus.
Inadaquate Rontgenbilder, die beispielsweise durch Verzerrungen oder
unvollstandig abgebildete Zahne nur eingeschrankt beurteilbar sind, wurden im

Datensatz nicht berticksichtigt.

Im Rahmen eines mehrtatigen Seminars, das von Prof. Dr. Kihnisch geleitet
wurde, wurden die teilnehmenden Zahnarzte (N = 7) zunachst im Hinblick auf die
rontgenologische Beurteilung von parodontalem Knochenabbau geschult.
Infolgedessen wurde ein Kalibrierungskurs durchgefuhrt, bei dem fir die
Beurteilung des parodontalen Knochenabbaus auf Rontgenbildern moderate bis
substanzielle Kappa-Werte von 0,516 bis 0,796 fur Inter- und 0,455 bis 0,889 fur

Intra-Untersucher-Reproduzierbarkeit erreicht wurde (Meusburger et al., 2023).

Die vorliegenden Rontgenbilder wurden sodann nach folgenden diagnostischen
Kriterien klassifiziert: gesundes Parodontium (0), beginnender parodontaler
Knochenabbau bis zu 15% (1), moderater parodontaler Knochenabbau von 15-
33% (2) und schwerer parodontaler Knochenabbau von mehr als 33% der
Wurzellange (3). Die diagnostischen Entscheidungen wurden daraufhin
nochmals von klinisch erfahreneren Zahnarzten der Arbeitsgruppe unabhangig
voneinander kontrolliert. Bei eventuell vorliegenden Unstimmigkeiten wurden die
entsprechenden Roéntgenbilder innerhalb der Arbeitsgruppe nochmals analysiert,
bis letztlich eine einheitliche Diagnose fir jedes Rontgenbild festgelegt werden
konnte, die zum Referenzstandard fur das zyklische CNN-Training erklart wurde.
Dabei ist zu erwahnen, dass die finalen Diagnosen im Rahmen eines binaren

Entscheidungsprozesses (Kategorie 0 versus 1-3) getroffen wurden.

Der Datensatz (N = 21.819) wurde daraufhin in einen Trainingsdatensatz (N =
18.819) und einen Testdatensatz (N = 3000) unterteilt. Die Variabilitat des
Trainingsdatensatzes wurde mittels Python (Version 3.8.5) gesteigert, indem die
Rontgenbilder beispielsweise durch zufallige Rotationen und Anderungen des
Kontrastes bearbeitet wurden. Die nun vorliegenden Rontgenbilder wurden dann

fur das Training von funf verschiedenen, vortrainierten CNNs (ResNet-18,
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MobileNet V2, ConvNeXT/small, ConvNeXT/base und ConvNeXT/large)
verwendet, die durch den Projektpartner, der der Universitat Duisburg — Essen
angehorig ist, programmiert wurden. Der Testdatensatz wurde nicht fur das
Training der Netzwerke verwendet und diente ausschlie3lich zur Prifung des
Lernprozesses sowie zu Evaluierungszwecken der entwickelten CNN-

Netzwerke.

Im Rahmen der statistischen Analyse wurden fir die verschiedenen entwickelten
CNNs neben diagnostischen Genauigkeiten (engl. ,accuracy“, ACC) zudem auch
Sensitivitats- und Spezifitatswerte, positive bzw. negative pradiktive Werte sowie

Flachen unter der Receiver Operating Characteristic Curve (AUC) angegeben.
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5. Ergebnisse

Bei der Beurteilung des unabhangigen Testdatensatzes im Hinblick auf
vorliegenden parodontalen Knochenabbau auf periapikalen Rontgenbildern
erzielten die entwickelten CNNs &hnliche diagnostische Genauigkeiten (ACC)
von 82,0% bis 84,8%. Die korrespondierenden AUC-Werte reichten von 0,884
bis 0,913. Die diagnostische Leistung variierte jedoch in Abhangigkeit von der
untersuchten Zahngruppe. Unabhangig vom verwendeten CNN wurden generell
bessere ACC-Werte fur Unterkieferzahne im Vergleich zu Oberkieferzahnen und
fur Frontzdhne im Vergleich zu Seitenzahnen dokumentiert. Im Unterkiefer
wurden ACC-Werte zwischen 94,9% und 96,0% fur Frontzdhne sowie zwischen
82,2% und 86,1% fiur Seitenzéhne erreicht. Im Vergleich dazu lagen
entsprechende ACC-Werte im Oberkiefer bei 86,0% bis 88,6% (Frontzahne) und
78,0% bis 80,7% (Seitenzahne).
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6. Diskussion

Insgesamt konnte im Rahmen des Dissertationsprojektes gezeigt werden, dass
die Beurteilung des parodontalen Knochenabbaus auf periapikalen
Rontgenbildern mithilfe von verschiedenen CNNs mdglich ist. Dennoch musste
die initial aufgestellte Hypothese verworfen werden, obwohl die getesteten CNNs
eine ahnliche diagnostische Leistung aufweisen. Grund dafir ist, dass zum einen
die priméar erwartete diagnostische Leistung von mindestens 90% von keinem
entwickelten CNN erreicht wurde, zum anderen aber auch Unterschiede in der
korrekten Bewertung des parodontalen Knochenabbaus je nach vorliegender
Zahngruppe dokumentiert werden konnten. Mdglich erscheint, dass die
Projektionstechnik sowie tUberlagernde anatomische Strukturen wie Nasenhdhle
oder Kieferhdhlen die diagnostische Leistung fiir Oberkieferzahngruppen negativ
beeintrachtigt haben. Interessanterweise haben einige bereits vorliegende
Studien zu derselben Thematik den Aspekt der variierenden diagnostischen
Leistung in Abh&angigkeit von der anatomischen Region durch Ausschluss
bestimmter Zahngruppen (Alotaibi et al., 2022; Tsoromokos et al., 2022; Lee et
al., 2018b) nicht aufgefasst, so dass ein Vergleich bisheriger Studienergebnisse
teilweise nur begrenzt moglich ist (Scott et al., 2023). Nichtsdestotrotz haben sich
CNNs auch in den bereits veroffentlichten Studien als nutzlich erwiesen, um
parodontalen Knochenabbau auf periapikalen Rontgenbildern zu evaluieren
(Chen et al., 2023; Alotaibi et al., 2022; Lee et al., 2022; Tsoromokos et al., 2022;
Lee et al., 2018b). Lee et al. (2022) entwickelten beispielsweise ein DL-basiertes
CNN, das den parodontalen Knochenabbau auf periapikalen Réntgenbildern
gemal der neuesten Stadieneinteilung (Papapanou et al., 2018) klassifizierte.
Fur die Stadien I, Il und Il wurden in diesem Zusammenhang hohe ACC-Werte
von 0,91, 0,88 und 0,99 beschrieben. Auch Chen et al. (2023) dokumentierten
mit einer diagnostischen Genauigkeit von 97% beeindruckende Ergebnisse fur

die Erkennung von parodontalem Knochenabbau mittels CNN.

Es ist also folglich nicht von der Hand zu weisen, dass sich die CNNs als effektiv
in der Bildanalyse erwiesen haben. Dank ihrer hierarchischen Struktur sind CNNs
dazu in der Lage, mithilfe von lernbaren Filtern zunachst einfachere Merkmale zu
erkennen und darauf aufbauend komplexere Strukturen innerhalb eines Bildes
zu identifizieren (Krizhevsky et al.,, 2012). Dahingegend nutzen Transformer-

Netzwerke, die im medizinischen Fachbereich urspringlich zur Sprachen- und
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Texterkennung bzw. -verarbeitung genutzt wurden (Roshanzamir et al., 2021),
einen sogenannten Attention-Mechanismus. Dieser Mechanismus ermdglicht
dem Netzwerk, die Aufmerksamkeit gezielt auf relevante Bildteile zu lenken und
somit eine detaillierte Auswertung durchzufuhren, sodass Transformer-
Netzwerke mittlerweile auch zur Verarbeitung von Bildern genutzt werden
(Dosovitskiy et al., 2020). Da auch hier im Bereich der Objekterkennung auf
Rontgenbildern sehr zufriedenstellende Ergebnisse erzielt werden konnten
(Felsch et al., 2023; Zhou et al., 2023; Gao et al., 2022; Sheng et al., 2022; Ying
et al., 2022), liel3 sich vermuten, dass auch mithilfe von Transformer-Netzwerken
eine gute diagnostische Genauigkeit bei der Einschatzung des parodontalen
Knochenabbaus auf periapikalen Rontgenbildern zu erzielen ist. Deshalb wurde
im Rahmen des Dissertationsprojektes neben der Untersuchung von Hoss et al.
(2023) eine weitere Studie durchgefuhrt, bei der der parodontale Knochenabbau
auf periapikalen Rontgenbildern durch funf verschiedene DL-basierte
Transformer-Netzwerke beurteilt wurde (Dujic et al., 2023). Bei der Evaluierung
des unabhangigen Testdatensatzes (N = 3000) erreichten die Transformer-
Netzwerke ACC-Werte von 83,4% bis 85,2% (Dujic et al., 2023). Ebenso wie bei
Hoss et al. (2023) konnten auch hier Unterschiede in der diagnostischen Leistung

je nach vorliegender anatomischer Region festgestellt werden (Duijic et al., 2023).

Insgesamt ist anzumerken, dass sowohl die dokumentierten Ergebnisse von
Hoss et al. (2023) als auch von Duijic et al. (2023) als akzeptabel einzuordnen
sind. Dennoch ist unter Bericksichtigung der Schwachen der hier vorliegenden
Studien davon auszugehen, dass die diagnostische Leistung bei der Ki-
basierten, rontgenologischen Beurteilung des parodontalen Knochenabbaus
weiter gesteigert werden kann. So wurde zwar in den beiden Studien Hoss et al.
(2023) und Dujic et al. (2023) ein gro3er Datensatz (N = 21.819) verwendet, der
nahezu gleich viel Rontgenbilder von Oberkiefer- und Unterkieferzahnen aufwies,
dennoch konnte ein Ungleichgewicht im Datensatz festgestellt werden. Denn
zum einen stammten deutlich mehr Rontgenaufnahmen vom Seitenzahnbereich
als von der anterioren Region, zum anderen waren Rontgenbilder mit moderatem
und schwerem parodontalen Knochenabbau unterreprasentiert. Solch ein
Ungleichgewicht im Datensatz kénnte die diagnostische Leistung der CNNs
negativ beeinflusst haben. Dariiber hinaus kann als weitere Einschrankung

angefuihrt werden, dass durch die Verwendung von anonymisierten
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Rontgenbildern keine erganzenden patientenspezifischen, klinischen Daten zur
Verfigung standen. Doch gerade bei initialen Stadien der Parodontitis waren
klinische Informationen wie Sondierungstiefen, CAL oder Blutung auf Sondierung
hilfreich fir die Diagnosefindung, da wie eingangs bereits erwéhnt ossére
Defekte geringer Auspragung rontgenologisch nur eingeschrankt zu detektieren
sind (Pepelassi et al., 2000). Nicht zuletzt sollte als Schwéache auch angefihrt
werden, dass bei der Diagnosefindung je nach An- oder Abwesenheit von
parodontalem Knochenabbau lediglich binar entschieden wurde (Kategorie O

versus 1-3), ohne dass bestimmte Bildmerkmale annotiert wurden.
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7. Zusammenfassung und Ausblick

Hinsichtlich der vorliegenden Ergebnisse lasst sich abschlieRend festhalten, dass
die rontgenologische Diagnostik von parodontalem Knochenabbau mittels Ki
durchaus realisierbar ist. Wahrend bei der Verwendung von CNNs zur
Beurteilung des parodontalen Knochenabbaus auf periapikalen Rontgenbildern
in der hier vorliegenden Studie ACC-Werte von 82,0% bis 84,8% erzielt wurden,
wurden beim Einsatz von Transformer-Netzwerken ACC-Werte von 83,4% bis
85,2% erreicht (Duijic et al., 2023). Zusammenfassend lasst sich deshalb sagen,
dass die Ergebnisse zwar als akzeptabel anzusehen sind, sich die initial
formulierte Hypothese mit einer zu erwartenden diagnostischen Genauigkeit von

mindestens 90% jedoch nicht bestétigt hat.

Durch bestimmte Anpassungen des methodologischen Ansatzes sollte es in der
Zukunft sehr wohl mdglich sein, die diagnostische Leistung der Kl weiter zu
verbessern. So wird es einerseits darauf ankommen, einen grof3en Datensatz zu
verwenden, der gleichermalien reprasentativ fur alle Zahngruppen und Ausmalle
des Knochenabbaus ist. Andererseits wird es von enormer Bedeutung sein,
diejenigen Merkmale auf ROntgenbildern exakt zu annotieren, die mit
parodontalem Knochenabbau in Relation stehen. Dadurch kénnen der KI im
Rahmen des Trainingsprozesses aul3erst prazise Vorgaben gegeben werden.
Naturlich ist das exakte Markieren spezifischer Strukturen in Réntgenbildern als
zeitaufwendig anzusehen. Dennoch ist anzunehmen, dass sich gerade die
exakte Annotierung zum entscheidenden Faktor fur die Verbesserung der
diagnostischen Genauigkeit bei der Kl-basierten Beurteilung des parodontalen
Knochenabbaus entwickeln konnte. Veroffentlichte Studien, die einen exakten
Annotierungsprozess aufweisen, zeigten dementsprechend bereits hohe
diagnostische Genauigkeiten der entwickelten KI (Chen et al., 2023; Lee et al.,
2022). Folglich wird zuklnftig die prazise Annotierung von spezifischen

Bildmerkmalen von der Arbeitsgruppe umgesetzt.
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8. Abstract (English)

The present dissertation project focused on the assessment of periodontal bone
loss (PBL) using artificial intelligence (Al) and accordingly aimed to determine
and compare the diagnostic performance of five different convolutional neural
networks (CNNSs) in detecting PBL on periapical radiographs. A dataset of 21.819
anonymized periapical radiographs was classified by calibrated dentists
according to the degree of PBL into the following categories: healthy
periodontium (0), mild (1), moderate (2) or severe PBL (3). A binary diagnosis
decision (0 versus 1-3) was made for each image, which served as a reference
standard for training and evaluation of the Al. The data set (N = 21.819) was then
divided into a training set (N = 18.819) and an independent test set (N = 3.000).
After training the CNNs, the Al-based algorithm evaluated the test set for the
assessment of PBL. Here, the overall diagnostic accuracy (ACC) of the CNNs
ranged between 82.0% and 84.8%. In a related study by Dujic et al. (2023),
transformer networks were used to detect PBL on periapical radiographs. In this
context, the transformer networks achieved an overall ACC between 83.4% and
85.2%. Interestingly, both studies showed differences in the diagnostic
performance of the Al depending of the anatomical region. Predominantly, better
results were reported for mandibular teeth compared to maxillary teeth and for
the anterior region compared to the posterior region. Considering the
documented outcomes, an Al-based evaluation of PBL using CNNs or
transformer networks seems feasible. Nevertheless, the originally formulated

hypothesis with an expected accuracy of 90% had to be rejected.

However, by making certain adjustments to the methodological approach, it
should be possible to further improve the diagnostic performance of the Al.
Therefore, it will be of enormous importance to use a large data set that is equally
representative of all tooth groups and dimensions of bone loss. In addition, by
exactly annotating the features on X-rays associated with periodontal bone loss,
the Al could be given extremely precise guidelines as part of the training process.
It can’t be denied that the exact marking of specific structures in X-ray images is
time-consuming. Nevertheless, it can be assumed that precise annotation could
become the decisive factor for increasing diagnostic accuracy in the Al-based
assessment of PBL. Accordingly, published studies showing an accurate

annotation process have already demonstrated high diagnostic accuracies of the
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developed Al (Chen et al., 2023; Lee et al., 2022). Consequently, the precise
annotation of specific image features will be implemented by the working group

in the future.
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Abstract: Interest in machine learning models and convolutional neural networks (CNNs) for diagnos-
tic purposes is steadily increasing in dentistry. Here, CNNs can potentially help in the classification of
periodontal bone loss (PBL). In this study, the diagnostic performance of five CNNs in detecting PBL
on periapical radiographs was analyzed. A set of anonymized periapical radiographs (N = 21,819)
was evaluated by a group of trained and calibrated dentists and classified into radiographs without
PBL or with mild, moderate, or severe PBL. Five CNNs were trained over five epochs. Statistically,
diagnostic performance was analyzed using accuracy (ACC), sensitivity (SE), specificity (SP), and
area under the receiver operating curve (AUC). Here, overall ACC ranged from 82.0% to 84.8%,
SE 88.8-90.7%, SP 66.2-71.2%, and AUC 0.884-0.913, indicating similar diagnostic performance of
the five CNNs. Furthermore, performance differences were evident in the individual sextant groups.
Here, the highest values were found for the mandibular anterior teeth (ACC 94.9-96.0%) and the
lowest values for the maxillary posterior teeth (78.0-80.7%). It can be concluded that automatic
assessment of PBL seems to be possible, but that diagnostic accuracy varies depending on the location
in the dentition. Future research is needed to improve performance for all tooth groups.

Keywords: artificial intelligence; bone loss; convolutional neural networks; deep learning; dental
radiography; machine learning; periodontitis

1. Introduction

Periodontitis is a prevalent dental health problem and can be classified as a major
global challenge that affects developed and developing countries [1-3]. Triggered by bacte-
rial colonization of the root surface, the host’s immune system reacts with inflammatory
processes to the microbial transition from a symbiotic bacterial environment to that of dysbi-
otic pathogens, leading to loss of supporting tooth tissue, pocket formation, and ulceration
of the pocket epithelium [4,5]. If the condition advances, periodontal bone loss (PBL) can
occur as the principal pathological characteristic of periodontitis [6]. Moreover, severe peri-
odontitis is a major cause of missing teeth in adults, leading to reduced oral functioning and
ultimately having an adverse effect on general health [7,8]. In this context, the link between
periodontal disease and various systemic diseases such as cardiovascular diseases [9],
diabetes [10], and respiratory diseases [11] should be emphasized. Considering the mostly
irreversible consequences of periodontal disease, frequent periodontal screening is essential
for the treatment of all patients and should be part of routine oral inspection [12]. According
to the new guidelines introduced by the workshop on the classification of periodontal

J. Clin. Med. 2023, 12, 7189. hitps:/ /doi.org/10.3390/jcm12227189

https: / fwww.mdpicom/journal fjem



Veroffentlichung |

J. Clin. Med. 2023, 12, 7189

20f11

and peri-implant diseases and conditions [13,14], the evaluation of clinical attachment loss
as well as the radiographic assessment of PBL has become critical in categorizing peri-
odontitis into specific stages and subsequently in indicating optimal disease management.
Nevertheless, both the clinical measurements and the radiographic assessment of PBL
remain controversial in terms of their reliability. The measurement of clinical attachment
loss by periodontal probing varies due to individual probing force, probe angulation, and
varying probe tip diameter [15,16]. In addition, radiographic PBL evaluation represents a
challenging task for a clinician due to possible variations in contrast and exposure angle
as well as structural overlap, so that the interpretation of dental radiographs may lead to
inconsistencies among dentists [17-19]. Here, the use of artificial intelligence (Al)-based di-
agnostics could reduce these diagnostic discrepancies. Consequently, several work groups
have investigated the use of Al-based methods for automatized PBL detection on periapical
radiographs [19-29] and panoramic X-rays [18,30—40]. In these studies, on the one hand,
convolutional neural networks (CNNs) have shown potential in accurately detecting PBL
on radiographs. However, due to differing CNNs and varying data sets, the existing studies
show significant heterogeneity and, therefore, are difficult to compare [41-43]. In addition,
little is known about whether different CNNs or anatomical regions influence diagnostic
performance. Therefore, the aim of this study was to evaluate the diagnostic performance
of five commonly used CNNs for automated PBL detection on periapical radiographs
representing all sextants (upper and lower posterior teeth and upper and lower anterior
teeth) and to statistically report their diagnostic performance with standardized variables,
avoiding non-comparable results. In detail, it was first hypothesized that the diagnostic per-
formance of the tested CNNs would have an accuracy of at least 90%. Secondly, diagnostic
accuracy was hypothesized to be the same between all CNNs and anatomical regions.

2. Materials and Methods
2.1. Study Design

The Ethics Committee of the Medical Faculty of the Ludwig-Maximilians University
of Munich approved this study protocol with project number 020-798. The recommen-
dations of the Standard for Reporting of Diagnostic Accuracy Studies (STARD) steering
committee [44] and the recommendations for the reporting of Al studies in dentistry [45]
were followed in the study report.

2.2. Periapical Radiographs

For this study, anonymized periapical radiographs taken at the Department of Conser-
vative Dentistry and Periodontology (Dental School of the LMU) and other dental practices
were used. A high-quality image sample was secured by excluding inadequate X-rays, e.g.,
distorted images, images with incomplete teeth, or radiographs with implants. Following
these exclusion criteria, a data set with 21,819 periapical radiographs stored in jpg format
was assembled.

2.3. Categorization of Periodontal Bone Loss (Reference Standard)

Prior to the start of the study, a two-day workshop was held by the principal investiga-
tor (J.K.), during which the group of participating dentists (N = 7) was trained. In addition,
the efficiency of the training was determined during a calibration course. Reproducibility
of PBL within and between investigators was assessed using 150 periapical radiographs,
and the corresponding inter- and intra-examiner reliability showed substantial kappa
values [17]. The detailed kappa values are specified in Table 1. A group of graduated
dentists (PH., TM., AW, L.M.) then pre-categorized all X-rays by differentiating between
healthy periodontium and mild, moderate, or severe PBL [13,14]. Following this, more
clinically experienced examiners (H.D., UW.,, ].K.) independently counterchecked each
diagnostic decision. More specifically, these diagnostic criteria and ratings were applied:
(O—healthy periodontium, PBL not detectable, 1—mild radiographic PBL up to 15% in the
coronal third of the tooth, 2—moderate radiographic PBL between 15% and 33% of the root
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length, and 3—severe radiographic PBL beyond the coronal third of the tooth (Figure 1). In
case of differing diagnostic opinions, each image was subject to continued discussion until
consensus was achieved. The use of anonymized periapical radiographs meant that no
further clinical information could have been acquired to make a diagnostic decision. One
dichotomized diagnosis decision (0 vs. 1-3) was made for each X-ray, which consequently
became the reference standard for the cyclic training and the repeated evaluation of the
Al-based CNN.

Table 1. Cohen'’s kappa values for inter- and intra-examiner reliability for the detection of PBL,
calculated among participating dentists (N = 7) in relation to the reference standard.

Examiner Inter-Examiner Intra-Examiner
PH. 0.601-0.650 0.889
T.M. 0.620-0.658 0.554
AW. 0.762-0.796 0.779
LM. 0.516-0.565 0.797
UWw. 0.658-0.699 0.455
JK. 0.706-0.748 0.579
H.D. 0.529-0.534 0.767

Score 1

Score 2 Score 3

Figure 1. Examples of periapical radiographs for all categories: healthy periodontium, periodontal
bone loss (PBL) not detectable (Score 0), mild radiographic PBL up to 15% in the coronal third of the
tooth (Score 1), moderate radiographic PBL between 15% and 33% of the root length (Score 2), and
severe radiographic PBL beyond the coronal third of the tooth (Score 3).

2.4. Training of the Deep-Learning-Based CNNs (Test Method)

Hereafter, the utilized pipeline of well-established methods for developing the Al-
based algorithm is explained. Initially, the whole image set of 21,819 periapical radiographs
was subdivided into a training set (N = 18,819) and a test set (N = 3000). The latter
was randomly selected from the entire data set, ensuring that all sextants were equally
represented. This served as an independent test set for evaluation purposes only and was
not included in the model training.

By using Python (version 3.8.5, https:/ /www.python.org accessed on 17 November
2023) in conjunction with the PyTorch library (version 1.12.0, https:/ /pytorch.org accessed
on 17 November 2023), the training set was augmented so that the variability of the included
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radiographs could be improved. Therefore, images were modified using different transfor-
mations: random rotation up to 180 degrees, random changes in brightness, contrast, and
saturation up to 20% with color jitter, and random affine transformation (translation up to
30% of the image size and zooming out up to 70%). As a result, a new, unique, and virtual
grayscale image (RGB format) was created.

The augmented images were used to train the following pretrained CNNs: ResNet-18 [46],
MobileNet V2 [47], ConvNeXT /small, ConvNeXT/base, and ConvNeXT/large [48]. The
batch size amounted to 16 randomly selected images. The random selection of the respective
images into batches was done using PyTorch’s built-in DataLoader class. The learning
performance was repeatedly verified with the test set after 30 training steps. All CNNs
were trained using backpropagation to determine the gradient for learning. Furthermore,
the training was accelerated using Floating Point 16 and a university-based computer (i9
10850K 10 x 3.60 GHz, Intel Corp., Santa Clara, CA, USA) equipped with 48 GB RAM and
a professional graphic card (GeForce RTX 3060, Nvidia, Santa Clara, CA, USA). Each CNN
was trained over 5 epochs, with cross entropy loss as an error function and an application
of the Adam optimizer (Betas 0.9 and 0.999, Epsilon x 10~8).

2.5. Statistical Analysis

The data were analyzed using Python (version 3.8.5). By computing the number of
true positives (TPs), false positives (FPs), true negatives (TNs) and false negatives (FNs), the
diagnostic accuracy (ACC = (TN + TP)/(TN + TP + EN + FP)) was identified. The sensitivity
(SE), specificity (SP), positive predictive values (PPVs), negative predictive values (NPVs),
and the area under the receiver operating characteristic (ROC) curve (AUC) were calculated
with respect to the utilized CNN [49].

3. Results

For the purpose of this study, a total of 21,819 periapical radiographs were selected
and divided into sextants (upper and lower posterior teeth as well as upper and lower
anterior teeth). The image distribution in relation to the anatomical region and the PBL can
be taken from Table 2. While the number of radiographs from the upper jaw was found to
be comparable to that from the lower jaw, the overwhelming majority of images originated
from posterior teeth compared to anterior teeth. Moreover, most included periapical
radiographs showing teeth affected by mild PBL (42.6%). In contrast, radiographs with
severe PBL had a notably lower proportion (6.9%) in the total data set.

Table 2. Overview of the included periapical radiographs (N = 21,819) in relation to the corresponding
sextants and periodontal diagnosis.

Ex Healthy Mild PBL Moderate PEL Severe PBL Total
lpert . Periodontium (Score 0) (Score 1) (Score 2) (Score 3) a
Classification
N % N % N % N % N %
Anteriors 653 3.0 661 3.0 433 20 197 0.9 1944 89
Upper jaw 1st Quadrant 1701 78 1826 84 851 39 367 1.7 4745 218
2nd Quadrant 1231 56 2080 9.5 1093 5.0 312 1.5 4716 216
Anteriors 202 0.9 676 31 786 36 325 1.5 1989 9.1
Lower jaw 3rd Quadrant 1477 6.8 2033 9.3 593 27 157 0.7 4260 195
4th Quadrant 1282 59 2027 9.3 713 33 143 0.6 4165 191
Total 6546 300 9303 426 4469 20.5 1501 6.9 21,819 100

The overall diagnostic performance for automatized detection of PBL on periapical
radiographs in relation to the CNNs used are specified in Tables 3 and 4. The CNNs
achieved an overall ACC between 82.0% and 84.8%. The associated AUC values ranged
from 0.884 to 0.913. Moreover, all tested CNNs showed consistently higher SE values varying
between 88.8% and 90.7% compared to the SP values, which ranged from 66.2% to 71.2%.
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Table 3. Overview of the true positive (TP), true negative (TN, false positive (FP), and false negative
(FN) distribution for the independent test set (N = 3000 radiographs), which was evaluated by the
Al-based algorithm for the assessment of periodontal bone loss.

True Positive (TP) True Negative (TN) False Positive (FP) False Negative (FN)
CNN
N % N % N % N %
ResNet-18 1876 62.5 609 203 294 9.8 221 74
MobileNetV2 1863 62.1 598 19.9 305 10.2 234 7.8
ConvNeXT/s ! 1877 62.6 639 213 264 8.8 220 7.3
ConvNeXT/b 2 1901 63.4 643 214 260 8.7 196 6.5
ConvNeXT/13 1890 63.0 637 212 266 8.9 207 6.9
1 small, ? base,  large.
Table 4. Overview of the overall diagnostic performance of the developed convolutional neural
network (CNN), where the independent test set (N = 3000 radiographs) was evaluated by the Al-
based algorithm for the assessment of periodontal bone loss. The overall diagnostic accuracy (ACC),
sensitivity (SE), specificity (SP), negative predictive value (NPV), positive predictive value (PPV),
and area under the receiver operating characteristic curve (AUC) were predicted.
Diagnostic Performance
CNN
ACC SE sp NPV PPV AUC
ResNet-18 82.8 89.5 67.4 734 86.5 0.884
MobileNetV2 82.0 88.8 66.2 71.9 85.9 0.884
ConvNeXT/s ! 83.9 89.5 70.8 74.4 87.7 0.903
ConvNeXT/b 2 84.8 90.7 71.2 76.6 88.0 0.911
ConvNeXT/1? 84.2 90.1 70.5 75.5 87.7 0.913
! small, * base, * large.
When investigating the diagnostic performance of the CNNs depending on the anatom-
ical region (Tables 5 and 6), better results were mainly documented for mandibular teeth
compared to maxillary teeth. In the anterior region, ACC values from 94.9% to 96.0%
were observed for mandibular teeth and from 86.0% to 88.6% for maxillary teeth. When
considering posterior teeth only, the ACC ranged from 82.2% to 86.1% for mandibular teeth
and varied between 78.0% and 80.7% for maxillary teeth. In principle, the same tendency
was also observed for the AUC values (Table 6).
Table 5. Overview of the true positive (TP), true negative (TN), false positive (FP), and false negative
(FN) distribution for the independent test set (N = 3000 radiographs) in different sextants, which was
evaluated by the Al-based algorithm for the assessment of periodontal bone loss.
CNN True Positive (TP) True Negative (TN) False Positive (FP) False Negative (FN)
N % N % N % N %
Radiographs with maxillary anterior teeth
ResNet-18 155 58.7 72 273 27 10.2 10 3.8
MobileNetV2 154 58.3 79 299 20 7.6 11 4.2
ConvNeXT/s ! 155 58.7 79 299 20 7.6 10 3.8
ConvNeXT/b? 157 59.5 77 292 22 8.3 8 3.0
ConvNeXT/1? 158 59.8 74 28.0 25 9.5 7 2.7
Radiographs with maxillary posterior teeth
ResNet-18 786 59.1 263 19.8 151 11.4 129 9.7
MobileNetV2 798 60.0 239 18.0 175 132 117 8.8
ConvNeXT/s ! 783 58.9 275 207 139 10.5 132 9.9
ConvNeXT /b2 794 59.7 278 209 136 102 121 9.1

ConvNeXT/13 794 59.8 266 200 148 1.1 121 9.1
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Table 5. Cont.
NN True Positive (TP) True Negative (TN) False Positive (FP) False Negative (FN)
N % N % N Yo N Yo
Radiographs with mandibular anterior teeth
ResNet-18 244 89.7 14 5.2 11 4.0 3 1.1
MobileNetV2 239 87.9 19 7.0 [ 22 8 29
ConvNeXT/s ! 242 89.0 19 7.0 6 2.2 5 1.8
ConvNeXT/b 2 244 89.7 17 6.3 8 29 3 1.1
ConvNeXT/1? 243 89.3 18 6.6 7 2.6 4 1.5
Radiographs with mandibular posterior teeth
ResNet-18 691 60.9 260 229 105 93 79 6.9
MobileNetV2 672 59.2 261 23.0 104 9.2 98 8.6
ConvNeXT/s?! 697 61.4 266 234 99 8.7 73 6.4
ConvNeXT/b 2 706 62.2 271 239 94 8.3 64 5.6
ConvNeXT/1? 695 61.2 279 24.6 86 7.6 75 6.6

! small, ? base, * large.

Table 6. Overview of the diagnostic performance of the developed convolutional neural networks
(CINNs) for different sextants, where the independent test set (N = 3000 radiographs) was evaluated by
the Al-based algorithm for the assessment of periodontal bone loss. The overall diagnostic accuracy
(ACC), sensitivity (SE), specificity (SP), negative predictive value (NFV), positive predictive value
(PPV), and area under the receiver operating characteristic curve (AUC) were predicted.

Diagnostic Performance

ACC SE sp NPV PPV AUC
Radiographs with maxillary anterior teeth
ResNet-18 86.0 939 72.7 87.8 85.2 0.925
MobileNetV2 88.3 93.3 79.8 87.8 88.5 0.935
ConvNeXT /s ! 88.6 939 79.8 88.8 88.6 0.951
ConvNeXT/b?2 B88.6 95.2 77.8 90.6 87.7 0.959
ConvNeXT/13 87.9 95.8 74.7 91.4 86.3 0.950
Radiographs with maxillary posterior teeth
ResNet-18 78.9 85.9 63.5 67.1 83.9 0.844
MobileNetV2 78.0 87.2 57.7 67.1 82.0 0.839
ConvNeXT/s ! 79.6 85.6 66.4 67.6 84.9 0.858
ConvNeXT/b? 80.7 86.8 67.1 69.7 85.4 0.868
ConvNeXT/1? 79.8 86.8 64.3 68.7 84.3 0.866
Radiographs with mandibular anterior teeth
ResNet-18 94.9 98.8 56.0 82.4 95.7 0.942
MobileNetV2 949 96.8 76.0 70.4 97.6 0.960
ConvNeXT /s ! 96.0 98.0 76.0 79.2 97.6 0.969
ConvNeXT /b2 96.0 98.8 68.0 85.0 96.8 0.978
ConvNeXT/1? 96.0 98.4 72.0 81.8 972 0.980
Radiographs with mandibular posterior teeth
ResNet-18 83.8 89.7 71.2 76.7 86.8 0.895
MobileNetV2 822 87.3 71.5 72.7 86.6 0.893
ConvNeXT /s ! 84.8 90.5 729 78.5 87.6 0.916
ConvNeXT/b? 86.1 91.7 742 80.9 88.3 0.921
ConvNeXT/1? 85.8 90.3 76.4 78.8 89.0 0.930

1 small, 2 base, * large.

All five CNNs, ResNet-18 (ACC 82.8%; AUC 0.884), MobileNetV2 (82.0%; 0.884),
ConvNeXT/s (83.9%; 0.903), ConvNeXT /b (84.8%; 0.911) and ConvNeXT/1 (84.2%; 0.913),
tended to show similar performance data (Table 4). Furthermore, the hierarchy of results
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is evident in the receiver operating characteristic (ROC) curves of the five CNNs used to
graphically compare diagnostic performance in detecting PBL (Figure 2).

16 o ————

0.8

0.6

mobilenet_v2 1.4 224
convnext-small-224
convnext-base-224
convnext-large-224
resnet-18

0.2

True positive rate (sensitivity)

0.0
0.0 02 04 0.6 [X] 10

False positive rate (1-specificity)

Figure 2. The receiver operating characteristic (ROC) curves graphically visualize the diagnostic
performance of the developed convolutional neural networks (CNNs) in detecting PBL.

4. Discussion

The present study was able to demonstrate that different CNN architectures are able
to detect PBL on periapical radiographs. However, with an overall accuracy between 82.0%
and 84.8%, none of the CNNSs tested were able to achieve the primary expected accuracy
of 90%. Although the CNNs achieved similar diagnostic performance compared to one
another, there were differences for the various sextants. This led to the rejection of the
originally formulated hypothesis. Nevertheless, the results obtained provide important
information for the discussion.

When considering the ability of the tested CINNs to detect PBL in relation to sextants
on periapical radiographs, differences between teeth in the lower and upper jaw were
observed (Table 6). Here, the projection technique and overlaying anatomical structures
such as the maxillary sinuses or the nasal cavities may have negatively affected the di-
agnostic performance in the upper jaw. In contrast to the maxilla, mandibular sextants
can be captured more accurately by use of the right-angle technique, which results in less
distorted images and better diagnostic performance data (Table 6). The previously men-
tioned factors most likely explain the documented differences in the model performance
among sextants, which were found to be similar throughout all included CNNs (Table 6).
Such differences are of methodological importance. For example, Tsoromokos et al. [24]
included only periapical radiographs with mandibular teeth in their pilot study to avoid
data inconsistencies. Additionally, other author groups excluded radiographs from some
sextants [20] or vertically rotated maxillary to mandibular teeth [26]. Such procedures may
have resulted in biased and /or noncomparable results. Consequently, aiming at increasing
the comparability of future studies, it is suggested to provide data for each sextant based
on a well-powered image sample.

The diagnostic performance between the included CNNs was found to be similar. In
general, our study results are basically in line with recently published studies of similar
methodologies for evaluating PBL on periapical radiographs [19-24,26,29]. For example,
Lee et al. [26] presented a model that could detect periodontally compromised premo-
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lars and molars with a diagnostic accuracy of 82.8% and 73.5%, respectively. As part
of the PBL assessment, Chen et al. [25] compared so-called fast and faster R-CNNs and
then determined the severity of PBL. Unfortunately, no detailed accuracy values were
provided [25]. Lee et al. [23] trained a machine learning model with precisely annotated
periapical radiographs, which also classified PBL according to the latest classification [13].
In this context, high AUC values of 0.89, 0.90, and (.90 were obtained for stages I, I, and III,
respectively [23]. Another study with an accurate annotation process was introduced by
Chen et al. [29]. Here, the model based on deep CNN algorithms provided an accuracy of
97% for the detection of PBL on periapical radiographs and showed superior performance
compared to dentists. To the best of our knowledge, no study has compared multiple CNNs
for PBL detection on periapical radiographs. In the literature, there is only one similarly
designed study available that tested different CNNs to identify implant characteristics
on periapical radiographs [50]. When also considering studies that analyzed panoramic
X-rays for the presence of PBL, it can be concluded that the model metrics were found to be
similar [18,30-34,36-40]. For instance, Krois et al. [38] presented a deep feed-forward CNN
to detect PBL on image segments from panoramic radiographs. They chose binary decision
making to distinguish between the presence or absence of PBL by introducing a cut-off
value (20%, 25%, and 30%). A mean accuracy of 81% for PBL detection was achieved by the
utilized CNN. In addition, the panoramic radiographs were manually cropped, focusing on
a single tooth, and the images were flipped vertically by 180 degrees during pre-processing.
Subsequently, it can be seen from the results that the diagnostic performance was validated
in certain subgroups of teeth, with the highest accuracy value being reported for molars
(86%). The deep learning model proposed in the study of Jiang et al. [30] was also applied
to detect PBL on panoramic radiographs. The diagnostic performance of the model varied
between 71% and 81% for different tooth groups. Interestingly, lower accuracy values were
obtained not only for maxillary molars but also for mandibular anterior teeth, suggesting
that overlapping anatomical structures may negatively impact the diagnostic performance
for the anterior region in panoramic radiographs. Furthermore, the diagnostic performance
for each periodontal stage was compared between the model and dentists. At all stages, the
model achieved higher accuracy and sensitivity values compared to the dentists. Consider-
ing the reported results, it is worth noting that the author groups that accurately annotated
PBL or features of PBL on panoramic radiographs generally published more favorable
results [29,32,34,37].

This study has strengths and limitations. In view of the significant heterogeneity that
previous studies have shown not only in their data sets (e.g., excluding certain tooth groups,
the number of radiographs) but also in the evaluation method of diagnostic performance,
then the training of commonly used CNNs with a data set representative of all sextants
and the representation of their diagnostic performance with standardized variables can be
considered a strength of this study [24,41-43]. Establishing a representative image data set
for a particular finding with a relevant number of images can be considered a crucial factor.
When comparing studies in terms of the total number of periapical radiographs, our study
revealed a large data set (N = 21,819). Only Kearney et al. [51] utilized a larger data set, with
over 100,000 radiographs; however, this study differed from our study methodologically
by determining the clinical attachment level instead of PBL. Additionally, studies with
panoramic radiographs should be mentioned in this context. With the exception of Kim
et al. with more than 12,000 radiographs [37], almost all identified studies reported data
sets with less than 2000 panoramic radiographs [18,30-36,38-40]. Moreover, our study
allows the comparison of different CNNs for detecting PBL for each sextant. In addition,
the data set included periapical radiographs with a broad spectrum of dental pathologies
or restorations.

As a limiting factor of our study, the unbalanced image distribution across all sextants
should be discussed. Although the number of radiographs from the maxilla was found to
be similar to that of the mandible, less than half of the images were available from anterior
teeth compared to posterior teeth (Table 2), which possibly indicates an imbalance in the
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data set. The main reason leading to this unequal image distribution might be that under
clinical conditions, the justification of an indication for radiography varies between the
different sextants. In addition, moderate and severe PBL were also underrepresented. Such
imbalances may negatively influence the diagnostic performance of CNNs. Therefore,
it is crucial to safeguard a representative and well-balanced number of images for each
sextant and severity score in order to improve the metrics of the models. Furthermore,
this study utilized periapical radiographs only. However, both panoramic and periapical
radiographs are considered relevant for PBL assessment. As for the aspect of comparing
the diagnostic performance within different sextants, panoramic radiographs might be
considered less applicable, since overlapping anatomical structures could potentially limit
the diagnostic performance for the anterior region. Moreover, our data set was compiled
from anonymized periapical X-rays; thus, no conclusions can be drawn about further,
patient-specific diagnostic information. Additional diagnostic information, such as clinical
attachment loss and pocket depths, would be particularly helpful for the initial diagnosis
of periodontal disease, considering that the radiographic assessment of periodontal bone
defects of low depth and buccolingual width might be restricted [52]. Here, the radiographic
assessment of PBL becomes more relevant with further disease progression when the
extent of osseous lesions can be visualized more accurately [53]. Another limitation to be
mentioned is that we made a diagnosis for each image by distinguishing between a healthy
periodontium and teeth affected with PBL (score 0 vs. 1-3). Considering that none of the
five CNNs showed the hypothesized accuracy of 90%, this binary decision-making has to
be understood as a limitation, which also negatively influenced the metrics of the models.
It can be assumed that the precise annotation of PBL-related structures may increase the
performance of the CNNs [23,29]. However, exact image labelling is time-consuming and
requires extensive resources, especially with such large data sets. Nevertheless, it can be
expected that precisely annotated radiographs representing a large and balanced data set
would probably increase the precision of machine-based PBL detection.

5. Conclusions

In summary, the CNNs used showed nearly identical diagnostic performance in
detecting PBL on periapical radiographs. However, different outcomes were documented
among sextants, which can be primarily explained by the radiographic anatomy. With
regard to comparable projects in the future, it is expected that the diagnostic performance
can be further increased by precise annotations.
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Abstract: Several artificial intelligence-based models have been presented for the detection of pe-
riodontal bone loss (PBL), mostly using convolutional neural networks, which are the state of the
art in deep learning. Given the emerging breakthrough of transformer networks in computer vi-
sion, we aimed to evaluate various models for automatized PBL detection. An image data set of
21,819 anonymized periapical radiographs from the upper/lower and anterior/ posterior regions was
assessed by calibrated dentists according to PBL. Five vision transformer networks (ViT-base/ViT-
large from Google, BEiT-base/BEiT-large from Microsoft, DeiT-base from Facebook /Meta) were
utilized and evaluated. Accuracy (ACC), sensitivity (SE), specificity (SP), positive /negative predic-
tive value (PPV/NPV) and area under the ROC curve (AUC) were statistically determined. The
overall diagnostic ACC and AUC values ranged from 83.4 to 85.2% and 0.899 to 0.918 for all eval-
uated transformer networks, respectively. Differences in diagnostic performance were evident for
lower (ACC 94.1-96.7%; AUC 0.944-0.970) and upper anterior (86.7-90.2%; 0.948-0.958) and lower
(85.6-87.2%; 0.913-0.937) and upper posterior teeth (78.1-81.0%; 0.851-0.875). In this study, only
minor differences among the tested networks were detected for PBL detection. To increase the
diagnostic performance and to support the clinical use of such networks, further optimisations with
larger and manually annotated image data sets are needed.

Keywords: artificial intelligence; deep learning; machine learning; transformer; periapical radio-
graphs; periodontitis; periodontal bone loss; diagnostics

1. Introduction

Periodontitis is a chronic inflammatory disease of the supporting dental tissues and
affects a relevant proportion of the world's population [1-4]. Furthermore, periodontitis
can also be associated with various risk factors such as smoking and stress, as well as
systemic diseases such as diabetes mellitus or pulmonary diseases. Clinically, periodontitis
is associated with periodontal bone loss (PBL), tooth loosening and tooth loss. All of these
factors can further impair functionality, aesthetics and quality of life [5,6]. Considering the
recommendations of the latest workshop on the classification of periodontal diseases [7,8],
the initial diagnosis is primarily based on clinical assessment, bleeding on probing, re-
peated measurements of clinical attachment loss and probing pocket depth. The early
manifestations of periodontitis are only clinically recognisable. Furthermore, staging based
on the radiographic assessment of PBL is considered possible only with the progression of
the disease. As a result, the importance of radiographs increases as the disease progresses,
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since the extent of alveolar bone changes can be visualized more accurately [9,10]. How-
ever, a reliable assessment of PBL remains susceptible to diagnostic subjectivity among
dentists [11,12]. Therefore, the use of image analysis tools based on artificial intelligence
(AI) methods could possibly enable the automated assessment of PBL on radiographs
and potentially improve diagnostic accuracy. Interestingly, several research groups have
developed Al-based algorithms and published promising results on panoramic [11,13-21]
and periapical radiographs [12,22-30]. Looking at the methodology of the studies pub-
lished so far, almost all research groups have used an image set of a limited size to train
different types of convolutional neural networks (CNNs). This has led to heterogeneous but
promising results [31,32]. In particular, more than half of the studies published to date have
reported a data set of less than 1000 X-ray images [12,14-19,21,26,29,30]. In addition, some
studies used different exclusion criteria for their data set, meaning that radiographs with
a specific tooth group or radiographs with caries or root canal treatment were excluded
(e.g., [23,28]). In addition, variability in the architecture of the CNNs used can be observed,
e.g., ResNet, U-Net and faster R-CNNs were trained for PBL detection [12,13,15,17-19,25].
Accurate manual annotation also contributed significantly to the reported results, as studies
reporting the annotation of radiologic features of PBL described a better diagnostic per-
formance, e.g., [13,25]. Moreover, none of the previously mentioned studies used recently
introduced transformer networks for computer vision tasks, which are the most recent
available technology for automatized image analysis and may possibly outperform current
CNN s in the future [33]. On the one hand, CNNs have proven their value in tasks such
as image classification and segmentation by efficiently processing large data sets. Among
the most significant advantages is the ability of CNNs to recognize local patterns, such as
edges or shapes. This proved to be particularly helpful for recognizing features in dental
X-rays, such as tooth decay, different tooth shapes, etc. On the other hand, the vision
transformer’s attention mechanism allows the model to learn the correlation of parts of
the image that may not be in direct proximity. In the case of PBL detection, these are
primarily the cementoenamel junction, alveolar bone and apex, as well as other anatomical
structures relevant for the evaluation. Notably, transformer networks usually require a
larger amount of training data compared to CNNs. Following this, we aimed to compare
the diagnostic performance of five different transformer networks for automatized PBL
detection on periapical radiographs. Specifically, it was hypothesized that the diagnostic
performance of the included transformer networks would be similar and that an overall
diagnostic accuracy of 90% would be achievable.

2. Materials and Methods
2.1. Study Design

The Ethics Committee of the Medical Faculty of Ludwig Maximilian University (LMU)
of Munich approved this study protocol (project number 020-798). The periapical radio-
graphs used in this study were anonymized and obtained as part of previous clinical
examinations. Consequently, we could not identify any of the patients and were there-
fore unable to obtain written informed consent. The reporting of this research followed
the Standard for Reporting of Diagnostic Accuracy Studies (STARD) Steering Commit-
tee recommendations [34] as well as the recommendations for reporting Al studies in
dentistry [35].

2.2. Periapical Radiographs

This study used anonymized periapical radiographs (Figure 1). All X-rays were taken
at the Department of Conservative Dentistry and Periodontology (LMU University Hospi-
tal) and different dental practices. To ensure a high-quality image sample, exclusion criteria
were previously defined. This involved excluding distorted radiographs, radiographs with
overlapping teeth, radiographs with artifacts, and radiographs with incompletely imaged
teeth for which an assessment of the periodontium was not possible. Furthermore, radio-
graphs with implants, with endodontic treatments or photographed radiographs, were



Veroffentlichung Il

Diagnostics 2023, 13, 3562

3of11

also excluded. Further exclusion criteria were not defined. All periapical radiographs were
stored in .jpg format and processed without downsizing the original resolution. Altogether,
21,819 periapical radiographs, divided into upper/lower anterior and posterior teeth, were
selected for this study (Table 1). The majority of the radiographs were upper (N = 9461)
and lower posterior teeth (N = 8425), outnumbering upper (N = 1944) and lower anterior
teeth (N = 1989). Additionally, the radiographs were categorized according to PBL.

Score 0

Score 2

Score 1

Score 3

Figure 1. Examples of periapical radiographs for all categories: healthy periodontium (Score 0),
mild radiographic periodontal bone loss (PBL) up to 15% of the root length (Score 1), moderate
radiographic PBL between 15% and 33% of the root length (Score 2), and severe radiographic PBL

extending to the mid-third of the root and beyond (Score 3).

Table 1. Overview of the included periapical radiographs (N =21,819) in relation to the corresponding
regions and categories of periodontal bone loss.

Region of Health "
Persilapical Periodont?um l:;‘:::‘:}' M‘:g::_t:zl;nl' S:;:or:el’; L2 Total (N)
Radiograph (Score 0)

1st Quadrant 1701 (35.8%) 1826 (38.5%) 851 (18.0%) 367 (7.7%) 4745

2nd Quadrant 1231 (26.1%) 2080 (44.1%) 1093 (23.2%) 312 (6.6%) 4716

3rd Quadrant 1477 (34.7%) 2033 (47.7%) 593 (13.9%) 157 (3.7%) 4260

4th Quadrant 1282 (30.8%) 2027 (48.7%) 713 (17.1%) 143 (3.4%) 4165

Maxillary anteriors 653 (33.6%) 661 (34.0%) 433 (22.3%) 197 (10.1%) 1944

Mandibular anteriors 202 (10.2%) 676 (34.0%) 786 (39.5%) 325 (16.3%) 1989
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2.3. Categorisation of Periodontal Bone Loss (Reference Standard)

All radiographs were precategorised by a group of graduate dentists (P.H., T.M., A.W.
and L.M.) and later independently counterchecked by experienced examiners (H.D., U.W.
and J.K.). For each of the periapical radiographs, a diagnosis was made by differentiating
between healthy teeth and teeth affected by mild, moderate or severe PBL [7,8]. Clinical
data were not available prior to decision making. In detail, the following diagnostic
criteria were applied: 0—radiographic PBL not detectable; 1—mild radiographic PBL up
to 15% of the root length; 2—moderate radiographic PBL between 15% and 33% of the
root length; and 3—severe radiographic PBL extending to the mid-third of the root and
beyond (Figure 1). In the case of divergent opinions, each radiograph was discussed until
consensus was reached. Each dichotomized diagnostic decision (0 versus 1 to 3)—one per
image—served as a reference standard for the cyclic training and repeated evaluation of
the deep learning-based transformer network.

Before conducting this study, all participating dentists were trained during a 2-day
workshop by the principal investigator (J.K.). Following this workshop, the effectiveness
of training was determined during a calibration course. The inter- and intra-examiner
reproducibility for PBL were assessed on 150 periapical radiographs. The corresponding
Kappa values showed substantial reliability, ranging from 0.454 to 0.482 (inter-examiner).
The intra-examiner reliability in terms of Cohen’s Kappa amounted to 0.739 [36].

2.4. Training of the Deep Learning-Based Transformer Networks (Test Method)

A pipeline of well-established methods was used to train the transformer networks.
In principle, the entire image set of 21,819 periapical radiographs was divided into a
training set (N = 18,819) and a test set. The latter included 3000 randomly selected X-rays
from the overall image set and served as an independent test set that was not included
in the model training. Given the high number of periapical radiographs in our data set,
image augmentation and preprocessing were not necessary. Furthermore, all X-rays had a
standardized size.

The previously mentioned data set was used to train five different pre-trained trans-
former networks (Table 2) [33,37,38]. The learning performance was evaluated with the
independent test set. The used transformer networks were trained by using backprop-
agation to determine the gradient for learning. Furthermore, the model training was
accelerated by the use of Floating Point 16 and a university-based computer (i9 10850K
10 x 3.60 GHz, Intel Corp., Santa Clara, CA, USA) equipped with 64 GB RAM and a
professional graphic card (RTX A6000 48 GB (Nvidia, Santa Clara, CA, USA). The batch size
amounted to 16 randomly selected images. Each transformer was trained over 5 epochs
with cross entropy loss as an error function and an application of the Adam optimizer
(Betas 0.9 and 0.999, Epsilon x 1078).

Table 2. Model characteristics of the used transformer networks.

Neural network
Epachs

Learning rate
FLOS
Samples per second
Parameter count

ViT-Base ViT-Large BEiT-Base BEiT-Large DeiT-Base
(Google) (Google) (Microsoft) (Microsoft) (Facebook/Meta)
o Bidirectional encoder representation from Data-efficient
Vision transformer . .
image transformers image transformer
5 5 5 5 5
0.00005 0.00005 0.00005 0.00005 0.00005
7.280 x 105 25.735 x 105 7.277 x 10 25.744 x 10'° 7.280 x 10%°
298.6 111.7 2744 102.9 298.5
85.8 x 10° 303.3 x 10° 85.7 x 10° 303.4 x 10° 85.8 x 10°

2.5. Statistical Analysis

The data were analysed using Python (version 3.8.5, http:/ /www.python.org accessed
on 28 November 2023). The diagnostic ACC was determined by calculating the number of
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true negatives (TN), true positives (TP), false positives (FP) and false negatives (FN). In ad-
dition, the sensitivity (SE), specificity (SP), positive /negative predictive values (PPV/NPV)
and area under the receiver operating characteristic (ROC) curve were calculated [39].

3. Results

In the present study, we calculated the diagnostic performance for automatized PBL
detection on periapical radiographs for lower/upper and anterior/posterior teeth alto-
gether (Table 3) and separately (Table 4) by using five different transformer networks. In
general, when analysing the whole data set of periapical radiographs, the ACC ranged from
83.4% to 85.2%; the corresponding AUC values ranged from 0.899 to 0.918 (Figure 2). The
detailed data analysis revealed generally better performance data for mandibular teeth than
for maxillary teeth (Table 4). Here, the ACC ranged from 94.1% to 96.7% for mandibular
anteriors and from 85.6% to 87.2% for mandibular posteriors. The corresponding data for
maxillary anterior and posterior teeth varied between 86.7% and 90.2% as well as between
78.1% and 81.0%, respectively. Additionally, the AUC values tended to be similar or better
for mandibular teeth (Table 4). Furthermore, the SE values were consistently higher than
the SP values.

Table 3. Overview of the overall diagnostic performance of the five transformer neuronal networks
where the independent test set (N = 3000 radiographs) was evaluated by the Al-based algorithm
for the assessment of periodontal bone loss. Diagnostic accuracy (ACC), sensitivity (SE), specificity
(SP), negative predictive value (NPV), positive predictive value (PPV) and area under the receiver
operating characteristic curve (AUC) were calculated for all types of teeth.

True Positive True Negative False Positive False . . o
All Apical (TP) ™ (FP) Negative (FN) Diagnastic Performance
Radiographs

1ograp N % N % N % N % ACC SE SP NPV PPV AUC
ViT-base 1884 628 673 224 230 77 213 71 852 898 745 760 89.1 0918
ViT-large 1831 610 671 224 23 77 266 89 834 873 743 716 888 089
BEiT-base 1885 628 649 216 254 85 212 71 845 899 719 754 881 0914
BEiTlarge 1914 638 631 210 272 91 183 61 848 913 699 775 876 0907
DeiT-base 1879 626 646 215 257 86 218 73 842 896 715 748 880 0908

08

0.6

True positive rate (sensitivity)

0.4
—  VT-base

0.2
e \/{T-laPG®
—  BEIT-base
—  BEIT-large
—  DeiT-base

0.0

0.0 0.2 0.4 0.6 0.8 1.0

False positive rate (1-specificity)

Figure 2. The receiver operating characteristic (ROC) curves illustrate the diagnostic performance of
five different transformer networks for PBL detection.
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When comparing the metrics of the included transformer networks, only minor differ-
ences appeared in the results (Tables 3 and 4). However, the ACC and AUC values were
found to be high in all scenarios, and SE was higher than SP.

4. Discussion

The present study aimed to compare the diagnostic performance of five different
transformer networks for automatized PBL detection on periapical radiographs. Depending
on the applied network, the overall diagnostic ACC and AUC values ranged from 83.4% to
85.2% and 0.899 to 0.918, respectively (Table 3, Figure 2). On the one hand, the ACC values
must be evaluated as high; on the other hand, the hypothesized overall diagnostic ACC of
90% was not achieved. Therefore, the initially formulated hypothesis must be rejected.

When comparing the documented diagnostic performance data (Tables 3 and 4) with
data from the literature, the following conclusion can be drawn. In general, the majority
of comparable studies presented model performances in the same or lower order of mag-
nitude [11-15,17,20,21,23,26,28,40], whereas only a few studies registered above-average
values [25,41]. In detail, Lee et al. [25] reported an ACC for staging that ranged from 88%
to 99%. They further stated that the ACC for periodontitis case classification was 85%.
Specifically, 693 periapical radiographs were independently annotated by examiners prior
to training the model, indicating regions of interest such as the alveolar bone, presence of
teeth, cementoenamel junctions and presence of restorations. In addition, a further 644
periapical radiographs were used to assess the ACC of the model. In another study on
staging, Widyaningrum et al. [41] stated that the detection rate was 95%, with the best
performance shown for stage 4 periodontitis. Although the data set consisted of only 100
panoramic radiographs, two investigators annotated the previously mentioned radiographs
before training the CNN. Accurate annotations were made by marking the alveolar ridge
and the alveolar bone surrounding the teeth. In addition, the examiners added a number
indicating the stage of periodontitis. Therefore, the few studies with better diagnostic
performance seem remarkable compared to other studies with results of a lower magnitude.
Here, other dental detection tasks should also be mentioned in comparison, where a higher
ACC—typically approximately 90%—was usually registered with a similar methodology,
e.g., in the detection of caries or periapical lesions on radiographs (e.g., [42—44]) and the
detection of clinical pathologies or restorations on intraoral photographs (e.g., [45-49]). This
may indicate that automatized PBL detection is more difficult to accomplish, which is sup-
ported by the fact that PBL characteristics are usually spread over the whole radiographic
image and can have varying extents.

Our study revealed differences in the performance of the model in relation to the
analysed group of teeth. In principle, automatized PBL detection performed better for
mandibular teeth than for maxillary teeth, and better for anterior teeth compared to pos-
terior teeth (Table 4). Only a few studies have considered this aspect thus far, e.g., by
the exclusion of periapical radiographs with upper anterior and posterior teeth or by the
inclusion of anterior teeth only [23,26]. To avoid the influence of data inconsistencies on the
results of the trained CNN, Tsoromokos et al. [26] only considered periapical radiographs of
the mandible and reported a data set with 446 radiographs. In addition, Alotaibi et al. [23]
considered 1724 periapical radiographs of maxillary and mandibular anterior teeth only
and excluded radiographs of teeth that had been restored with full crowns or root canal
treatments, as well as radiographs of teeth that had undergone apical surgery with root
resection. In this context, the study by Lee et al. [28] should also be mentioned, which
included periapical radiographs of posterior teeth to identify periodontally compromised
premolars and molars. Further exclusion criteria were root canal treatment and teeth
with fully restorative crowns as well as moderate to severe caries and teeth with a shape
deviating from the usual anatomical structure. When considering the data shown in Table 4,
it must be concluded that the partial exclusion of periapical radiographs may bias the
model’s performance and limit the generalisability of the data shown. As is reasonable for
this finding, the anatomical structures in the upper jaw in relation to the intraoral projec-
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tion technique must be considered. Interestingly, this issue can be obviously downsized
when using panoramic X-rays [15]. Nevertheless, a well-balanced inclusion of periapical
radiographs from different groups of teeth may be relevant and should be implemented in
future studies.

In this study, five well-established open-source transformer networks were trained:
ViT-base and ViT-large from Google, BEiT-base and BEiT-large from Microsoft, and DeiT-
base from Facebook/Meta [33,37,38]. The main differences between the transformer net-
works are in their size, training strategy and fine-tuning approach. “Base” and “large”
models differ in size and computational complexity, whereby “large” models have more
parameters. During training, ViTs process images as a sequence of patches and use an
attention mechanism to learn the overall correlations within images. DeiT can achieve a
high performance even with limited training data. Here, a smaller model learns to imitate a
larger, already pre-trained model and benefits from a large data set without directly using it.
In contrast, BEiT is trained in a two-stage process: pre-training on a large data set to capture
general visual features, followed by fine-tuning for specific tasks. Transformer networks
have rarely been applied for computer vision tasks in dentistry and not specifically for the
detection of PBL. So far, only three studies using transformer networks were published;
however, none of them focused on PBL assessment in periapical radiographs [50-52].
Nevertheless, there have been studies in which CNNs were used for PBL detection on
periapical and panoramic radiographs (e.g., [11,14,15,17,21-26,40]). Here, the majority of
investigations used only a low to moderate number of radiographs for model development,
and most studies on periapical radiographs included a maximum of a few thousand im-
ages [13,22,23,25,27,28]. In contrast, Kim et al. [20] annotated the PBL in an extensive set of
12,179 panoramic radiographs, which may have potentially enhanced the internal study
strength. The reported model-dependent AUC values ranged from 0.92 to 0.95 [20], which
were slightly higher than the results from our study setup (Table 2). Therefore, it can be
argued that the chosen study setup produced comparable data in the moment, which in
part might be attributed to the use of transformer networks. Interestingly, we observed sim-
ilar performance data with each of the included transformer networks. There was a minor
tendency for less-complex transformer networks, e.g., Google’s vision transformer /base, to
perform better than their more complex counterparts (Tables 2 and 3). However, further
improvements might be possible, especially by employing exact annotations in a large
image set. Such features could enable precise object segmentation [20].

This study has several strengths and limitations. From a methodological point of view,
this study used a large and well-balanced set of periapical radiographs (N = 21,819) in
which all X-rays were diagnosed by dental professionals following the latest recommen-
dations for PBL assessment [7,8]. Another unique feature seems to be the comparison
of five transformer networks for the detection of PBL on periapical radiographs, as no
other studies with the same methodology could be identified. In addition, the following
limitations must be taken into account. In this study, we used categorial diagnostic scoring
per image only. In detail, this means that the exact areas of PBL on periapical radiographs
remained unmarked, which can be interpreted as a limitation. The exact annotation must
be understood as a crucial feature to localize PBL precisely on X-rays. The exact annotation
of the pathological structures would require the detection, classification and segmentation
of PBL on each radiographic image. In particular, the marking of pathological segments
must be understood as a time-consuming procedure that needs to be addressed in future
projects. Another limitation is that only periapical radiographs were examined in this study
and that panoramic radiographs have not been considered so far. However, in view of
the fact that both types of radiographs are commonly used to assess PBL, but the format,
size and radiographic anatomy differ, a separate analysis was justified. In addition, no
clinical information was available for the anonymized radiographs in this study. Another
limitation might be that we did not include any other transformer networks or CNNs in
this study.
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5. Conclusions

From the results of this study, it can be concluded that it was possible to achieve good
diagnostic performance for automatized PBL detection when using a large set of periapical
radiographs and several transformer networks. However, it can be hypothesized that the
model performance can be improved by using exact annotations.
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