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2. Einleitung

2.1 Hintergrund
2.1.1 Parodontitis — Definition, Atiologie und Pathogenese

Parodontitis ist eine chronische, nicht Ubertragbare Erkrankung, die mit einer
Destruktion des Zahnhalteapparats einhergeht. Weltweit ist ein hoher
Bevolkerungsanteil an Parodontitis erkrankt [1, 2]. Zwar hat sich die Pravalenz der
schweren Parodontitis nach der aktuellen Deutschen Mundgesundheitsstudie (DMS
V) halbiert, dennoch ist in Deutschland jeder zweite junge Erwachsene und jungere
Senior von einer parodontalen Erkrankung betroffen [3]. In den vergangenen Jahren
veranderte sich die Sichtweise auf die Pathogenese der Parodontitis. Inzwischen ist
bekannt, dass die Erkrankung multifaktoriell bedingt ist und unter anderem von der
Immunreaktion der Betroffenen abhangig ist [4-6]. Der Biofilm 16st die primare
Entzlindungsreaktion aus, die in eine Dysbiose der oralen bakteriellen Mikroflora
ubergehen kann. Klinisch macht sich zunachst eine anhaltende Blutungsneigung
der Gingiva bemerkbar, die, wenn sie unbehandelt bleibt und der Biofilm persistiert,
zu einer fortschreitenden Destruktion der parodontalen Fasern und schliel3lich zur
Bildung von Parodontaltaschen flhrt. Parodontitis wird auRerdem mit
verschiedenen Risikofaktoren wie Rauchen und Stress sowie mit systemischen
Erkrankungen wie Diabetes mellitus und kardiovaskularen Erkrankungen in
Verbindung gebracht [7-10]. Das Initialstadium der Erkrankung ist primar durch
einen messbaren klinischen Attachmentverlust (clinical attachment loss, CAL)
gekennzeichnet. Unbehandelt fihrt die parodontale Erkrankung bei weiterem
Fortschritt zu einer Resorption und einem pathologischen Abbau des
Alveolarfortsatzes. Die Nichtbehandlung fuhrt somit zu Zahnlockerungen und
letztlich auch zum Zahnverlust. Fur die Betroffenen bedeutet dies nicht nur eine
Einschrankung der Kaufunktion und Funktionalitdt, sondern auch eine
Beeintrachtigung der Asthetik und Lebensqualitat. Weiterhin erfordert der mégliche
Verlust eines oder mehrerer Zahne einen prothetischen Zahnersatz, der mitunter
mit hohen Kosten verbunden sein kann [6]. Die Parodontitis geht somit auch mit

finanziellen Belastungen fir die Betroffenen und das Gesundheitssystem einher.
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Mit Blick auf die Verbreitung parodontaler Erkrankungen in der Bevolkerung
kommt der frihzeitigen und validen Diagnostik eine hohe Bedeutung zu. Damit
sollte es in einer Vielzahl von Fallen gelingen, weitere parodontale Destruktionen

zumindest zu reduzieren bzw. optimalerweise zu verhindern.

2.1.2 Parodontitis — Diagnostik und Klassifikation

Fir die Diagnostik von parodontalen Erkrankungen wurde gemaf der neuen
Klassifikation fur parodontale und periimplantare Erkrankungen [11, 12] ein
klinischer Behandlungspfad definiert [13, 14]. Dieser umfasst die Identifikation von
Betroffenen und die Bestatigung der Verdachtsdiagnose, die durch Staging und
Grading erganzt werden sollen. Staging bezieht sich auf die Einstufung der
Parodontitis, die den Schweregrad der Erkrankung wiedergibt. Das Grading bezieht
sich auf das Risikoprofii und die individuellen Patientenfaktoren, die den
Krankheitsverlauf beeinflussen konnen. Daraus leitet sich auch die spezifische
Bewertung flir die Komplexitat des Behandlungsverlaufs ab [14]. Fir die
Bestatigung der Verdachtsdiagnose sind klinisch in den Anfangsstadien der
Erkrankung primar das Bluten auf Sondieren (engl. bleeding on probing, BOP) und
der klinische Attachmentverlust von Relevanz. Mit weiterem Fortschreiten und bei
unzureichender Behandlung werden auch erste radiologische Anzeichen fur den
parodontalen Knochenabbau sichtbar [15]. Der prozentuale Anteil des parodontalen
Knochenabbaus wird anhand anatomischer Referenzpunkte — Schmelz-Zement-
Grenze, Apex, tiefster Punkt des marginalen Knochenabbaus — im Verhaltnis zur
gesamten Wurzellange bestimmt. Praktisch gesehen unterliegt die Beurteilung des
parodontalen Knochenabbaus der Subijektivitdit der Behandler. Aufgrund ihrer
klinischen Erfahrung kdnnen mehrere Behandler den parodontalen Knochenabbau
unterschiedlich einstufen [16]. Die Beleuchtungsstarke und der Ort, an dem der
radiologische Knochenabbau beurteilt wurde, kdnnen ebenfalls eine Rolle spielen.
Dies kann Auswirkungen auf das Staging und Grading der Parodontitis haben,
insbesondere bei einem Behandlerwechsel. Um die Qualitat der Evaluation zu
verbessern, ware es mdglich, den gesamten Bewertungsprozess flr den
parodontalen Knochenabbau automatisiert durchzufihren. Dies wirde nicht nur die
zeit- und arbeitsintensive Befundung von Roéntgenbildern vereinfachen, sondern

auch eine luckenlose Verlaufskontrolle der Patienten ermdglichen. Eine derartige
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Automatisierung lasst sich mit kinstlicher Intelligenz (KI) realisieren. In den
vergangenen Jahren wurden bereits Verodffentlichungen zu diesem Thema
publiziert, welche sich mit  apikalen Einzelzahnaufnahmen und
Panoramaschichtaufnahmen befassten, z. B. [17-20]. Unter anderem wurden
Studien veroffentlicht, die sich mit Staging und Grading auf der Basis von klinischen

Informationen befassen [21].

2.1.3 Kiinstliche Intelligenz in der parodontalen Diagnostik

Die KI konnte den Klinikalltag erleichtern, indem durch die automatisierte
Befundung Zeit eingespart und durch standardisierte Prozesse die individuelle
Subijektivitat bei der Befundung ausgeschlossen werden kann [22, 23]. Zudem
konnten auch Patienten ihre eigenen Gesundheitsdaten in verschiedenen
Anwendungsprogrammen nutzen, um Auskunft Gber ihre Zahngesundheit zu
erhalten. Da bei der klinischen Diagnostik taglich grol3e Datenmengen generiert
werden — Rodntgen-, DVT-, CT- und MRT-Aufnahmen - finden KI-Modelle
vorwiegend bei Bilderkennungsaufgaben Anwendung. Die Spezialgebiete der KiI,
Deep Learning (DL) und Transfer Learning, sind fur die Entwicklung von KI-
Modellen relevant, die komplexere Zusammenhange zwischen den abgebildeten
Strukturen erkennen und Normabweichungen erfassen kdnnen. Insbesondere in
der zahnmedizinischen Diagnostik wurden bisher Convolutional neural networks
(CNNs, dt. faltende neuronale Netze) eingesetzt, um Karies oder apikale
Parodontitiden zu erkennen, z. B. [24-28]. Ferner finden die seit einigen Jahren in
der Spracherkennung etablierten Transformer-Netze auch far
Bilderkennungsaufgaben als Vision Transformer (ViT) Verwendung [29]. Im
Vergleich zu CNNs sind ViT durch ihren Aufmerksamkeitsmechanismus in der Lage,
die Zusammenhange zwischen nicht unmittelbar aneinander angrenzenden
Bildbereichen zu interpretieren. Fur die radiologische Beurteilung des parodontalen
Knochenabbaus koénnte dies von Vorteil sein. Bereits veroffentlichte Daten haben
gezeigt, dass verschiedene CNN-Modelle in der Lage sind, parodontalen
Knochenabbau sowohl auf apikalen Rdéntgenbildern, z. B. [30-33], als auch auf
Panoramaschichtaufnahmen zu erkennen, z. B. [34-37]. Weiterhin konnte gezeigt
werden, dass selbst erfahrene Parodontologen eine vergleichbare diagnostische

Leistung mit dem KI-Modell haben, welches jedoch die Beurteilung des
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parodontalen Knochenverlustes deutlich schneller durchfihren kann [38]. Die
meisten der bisher veroffentlichten Arbeiten verwenden unterschiedliche CNN-
Modelle und unterschiedliche statistische Variablen, die die diagnostische Leistung
des Kl-Modells beschreiben. Ein direkter Vergleich der diagnostischen Leistung ist
aufgrund der Heterogenitat der bisherigen Literatur allerdings nicht immer maoglich.
Die ViT wurden zwar fur die Entwicklung von DL-Modellen fur die Kariesdiagnostik
verwendet [28, 39, 40], in der Literatur gibt es jedoch keine Daten uber ihre

Verwendung fur die Bewertung des parodontalen Knochenabbaus.

2.2 Fragestellung und Hypothese

Ziel dieser Studie war es, verschiedene ViT fur die automatisierte Erkennung
von parodontalem Knochenabbau zu testen. Zur Analyse wurden funf frei
verfugbare ViT (ViT-base und ViT-large von Google, BEiT-base und BEiT-large von
Microsoft, und DeiT-base von Facebook/Meta) herangezogen, die bereits mit einem
grolleren Datensatz vortrainiert wurden [41]. Die funf ViT wurden in einer
Klassifikationsaufgabe zur Erkennung von parodontalem Knochenabbau an
einzelnen apikalen Rontgenbildern trainiert und feinjustiert. Die Studie sollte
ermoglichen, verschiedene ViT-Modelle miteinander zu vergleichen. Es stellte sich
die Frage, ob die diagnostische Leistungsfahigkeit der einzelnen ViT-Modelle
variiert und ob sie im Vergleich zu den CNNs Uberlegen ware. Aulierdem wurde mit
Blick auf die unterschiedlichen Zahngruppen die Frage gestellt, ob es einen
Unterschied in der diagnostischen Leistung geben wirde. Obwohl keine Studien mit
VIiT flr ein ahnliches Vorhaben vorliegen, wurde in Anlehnung an die auf CNN-
Modellen basierenden Verodffentlichungen die Hypothese aufgestellt, dass eine
diagnostische Gesamtgenauigkeit von mindestens 90 % erreichbar ist. AuRerdem
wurde angenommen, dass sich die diagnostische Leistung zwischen den einzelnen

ViT nicht signifikant unterscheiden wirde.
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3. Material und Methode

3.1 Studiendesign

Im Rahmen dieses Forschungsvorhabens wurde ein Ethikantrag mit der
Projekthummer 020-798 eingereicht und von der Ethikkommission der
Medizinischen Fakultat der Ludwig-Maximilians-Universitat (LMU) genehmigt.
Durch die Anonymisierung der Rontgenaufnahmen war eine
Einverstandniserklarung der Patienten nicht erforderlich. Um eine Kkorrekte
Darstellung der Studie und der erzielten Ergebnisse zu gewahrleisten, wurden die
Empfehlungen der STARD-Checkliste [42] sowie die Empfehlungen fur die
Darstellung von Kl-Studien in der Zahnmedizin befolgt. [43].

Weiterhin haben alle am Projekt beteiligten Untersucher an einem zweitagigen
Workshop teilgenommen, in dem die Unterweisung vom Studienleiter Prof. Dr. Jan
Kihnisch erfolgte. AnschlieRend wurde die Zuverlassigkeit dieser Unterweisung im
Rahmen eines Kalibrierungskurses Uberpruft. Anhand von 150 apikalen
Roéntgenaufnahmen wurde die Reproduzierbarkeit der Beurteilung des
parodontalen Knochenabbaus bewertet. Die berechneten Kappa-Werte zeigten
eine moderate Interrater- Reliabilitat (0,454 — 0,482) und eine zufriedenstellende
Intrarater-Reliabilitat (0,739) [16].

3.2 Datensatz (Referenzstandard)

Um sicherzustellen, dass der Datensatz so reprasentativ wie moglich ist,
wurden bestimmte Ausschlusskriterien flr die Auswahl der Réntgenaufnahmen
festgelegt. So wurden etwa Rontgenaufnahmen mit Implantaten oder
Wurzelkanalbehandlungen ausgeschlossen. Des Weiteren wurden verzerrte
Rontgenaufnahmen, Aufnahmen mit unvollstandig abgebildeten Zahnen und
Aufnahmen mit Artefakten nicht einbezogen. Im Ergebnis wurden insgesamt 21.819
anonymisierte Réntgenaufnahmen von Front- und Seitenzdhnen aus dem Ober-

und Unterkiefer ausgewanhlt.

Zusatzlich wurde die 2018 veroffentlichte Klassifikation parodontaler und
periimplantarer Erkrankungen [11] berticksichtigt, um diagnostische Kriterien fur die

Roéntgenbefunde zu bestimmen. Dabei wurden die Scores wie folgt definiert:
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= Score 0 — parodontaler Knochenabbau nicht erkennbar

= Score 1 — parodontaler Knochenabbau <15 % des koronalen Wurzeldrittels

» Score 2 — parodontaler Knochenabbau 15 — 33 % des koronalen
Wurzeldrittels

= Score 3 — parodontaler Knochenabbau bis zum mittleren Wurzeldrittel und

dartber hinaus

Mit den diagnostischen Scores erfolgte die Befundung von 21.819
Roéntgenaufnahmen in zwei Schritten (Tabelle 1). Diese wurden zunachst von den
teiinehmenden Zahnarzten mit weniger als einem Jahr klinischer Erfahrung
entsprechend den Scores kategorisiert, woraufhin diese Befunde durch Zahnarzte
mit mehr klinischer Erfahrung gegengepruft wurden. Der Datensatz diente als
Referenz fur die Kl-Modelle und wurde dann in einen Trainingsdatensatz
(N=18.819) und einen Testdatensatz (N=3.000) unterteilt. Der Trainingsdatensatz
wurde zum Trainieren der Kl-Modelle verwendet, wahrend der Testdatensatz dazu

diente, den Trainingserfolg zu Uberprufen.

Parodontaler

Score 0 (N) Score1(N) Score2(N) Score 3(N) Summe (N)
Knochenabbau

Oberkieferseitenziahne

1. Quadrant 1.701 1.826 851 367 4.745
2. Quadrant 1.231 2.080 1.093 312 4716
Unterkieferseitenzahne

3. Quadrant 1.477 2.033 593 157 4.260
4. Quadrant 1.282 2.027 713 143 4.165
Frontzédhne

Oberkiefer 653 661 433 197 1.944
Unterkiefer 202 676 786 325 1.989
Summe (N) 6.546 9.303 4.469 1.501 21.819

Tabelle 1 Ubersicht und Anzahl der apikalen Réntgenaufnahmen in den einzelnen

Zahngruppen und die dazugehdrigen diagnostischen Kriterien.
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3.3 Training von Kl-basierten Modellen

Die funf ViT (ViT-base und ViT-large von Google, BEiT-base und BEiT-large
von Microsoft und DeiT-base von Facebook/Meta) wurden mit Backpropagation
trainiert. Das Training der Modelle wurde durch den Einsatz von Floating Point 16
an Universitatsrechnern (i9 10850K 10 x 360 GHz, Intel Corp., Santa Clara CA,
USA) mit 64 GB RAM und professionellen Grafikkarten (RTX A6000 48 GB, Nvidia,
Santa Clara CA, USA) beschleunigt. Die Batch-Grolie belief sich auf 16 zufallig
ausgewahlte Rontgenbilder, und die Trainingsdauer wurde auf funf Epochen
festgelegt. Bei den genannten Kl-Modellen handelt es sich um bereits auf ImageNet
vortrainierte Netze [41]. Die Lernrate fur die Feinabstimmung bei der Aufgabe zur
Erkennung von parodontalem Knochenabbau lag bei 5x107>. Mit dem

Testdatensatz (N=3.000) wurde die Leistung der ViT anschlieRend evaluiert.

3.4 Statistische Analyse

Die Auswertung der Daten erfolgte mit Python (Version 3.8.5,
http://www.python.org). Die statistische Analyse umfasste die diagnostische
Genauigkeit (ACC, engl. accuracy) berechnet durch die Anzahl der echten
Negativen (TN, engl. true negatives), der echten Positiven (TP, engl. true positives),
der falschen Positiven (FP, engl. false positives) und der falschen Negativen (FN,
engl. false negatives). Des Weiteren wurden Sensitivitdt (SE), Spezifitat (SP),
positive/negative pradiktive Werte (PPV/NPV, eng. positive/negative predictive
values), die Flache unter der Kurve (AUC, engl. area under the curve) und die

Receiver Operating Characteristic (ROC) Kurve berechnet.
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4. Ergebnisse

Die diagnostische Leistung der ViT fur die automatisierte Erkennung von
parodontalem Knochenabbau wurde sowohl fur alle Rontgenbilder zusammen als
auch fir die einzelnen Zahngruppen bestimmt. Aus dem gesamten Datensatz von
21.819 Einzelzahnaufnahmen stammte die Mehrheit der Bilder aus dem
Seitenzahnbereich (81,9 %), wahrend die Frontzdhne 18,1 % des gesamten
Datensatzes ausmachten. Die detaillierte Anzahl der Rontgenbilder in den
einzelnen Zahngruppen und die entsprechenden diagnostischen Scores sind in
Tabelle 1 aufgefuhrt. Die ViT wiesen fur alle Zahngruppen folgende Werte auf:
ACC 83,4 - 85,2 %, SE 87,3 -91,3 %, SP 69,9 - 74,5 % und AUC 0,899 — 0,918.
Eine detaillierte Darstellung der Werte fur die einzelnen ViT-Modelle bietet die
Tabelle 2, der Genauigkeitsverlauf wahrend der Auswertung mit dem Testdatensatz
istin Abbildung 1 dargestellt. Betrachtet man die Zahngruppen und die zugeharigen
Ergebnisse getrennt, so zeigt sich fur die ViT, dass die héchste diagnostische
Leistung fur die Unterkieferfrontzahne erzielt wurde (ACC 94,1 —-96,7 %,
SE 97,2 -99,2 %, SP 60,0-84,0%, AUC 0,944 —0,970) (Abbildung 2). Die
niedrigsten Werte wurden fir das Oberkieferseitenzahngebiet ausgerechnet (ACC
78,1-81,0 %, SE 81,6 — 87,5 %, SP 63,0 -70,3 %, AUC 0,851 —0,875) (Abbildung
3).
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True True False False

Positives Negatives Positives Negatives PIEEMEHEEIE MBI

ViT

N % N % N % N % ACC SE SP NPV PPV AUC

ViT-base 1.884 62,8 673 22,4 230 7,7 213 7,1 852 898 745 760 89,1 0,918

ViT-large 1.831 61,0 671 22,4 232 7,7 266 89 834 873 743 716 888 0,899

BEiT-base 1.885 62,8 649 216 254 85 212 71 845 899 719 754 881 0914

BEiT-large 1.914 63,8 631 21,0 272 91 183 6,1 84,8 913 699 775 87,6 0,907

DeiT-base 1.879 62,6 646 21,5 257 86 218 7,3 842 896 715 748 88,0 0,908

Tabelle 2 Ubersicht Uber die gesamte diagnostische Leistung von ViT fir die automatisierte
Erkennung von parodontalem Knochenabbau. Dargestellt sind Angaben zu echten
Positiven und Negativen (TP, TN) sowie falsch Positiven und Negativen (FP, FN).
Genauigkeit (ACC in %), Sensitivitat (SE in %), Spezifitdt (SP in %), negativer
pradiktiver Wert (NPV in %), positiver pradiktiver Wert (PPV in %) und die Flache
unter der Kurve (AUC) wurden berechnet.

Accuracy
2

ViT-base
ViT-large
BEiT-base
BEiT-large
DeiT-base

Abbildung 1 Genauigkeitsverlauf  (Accuracy) aus dem Evaluationsprozess mit dem
Testdatensatz (N=3.000) fur die funf ViT: ViT-base und ViT-large von Google, BEiT-
base und BEiT-large von Microsoft und DeiT-base von Facebook/Meta.
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Abbildung 3 Ubersicht und Vergleich der diagnostischen Leistung von ViT fiir die automatisierte
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Oberkiefer. Folgende Werte sind in Prozent (%) grafisch dargestellt: Genauigkeit
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5. Diskussion

Mit diesem Projekt wurde das Ziel verfolgt, verschiedene ViT-Modelle fur die
automatisierte Erkennung von parodontalem Knochenabbau zu trainieren und sie
miteinander zu vergleichen. Obwohl die erzielten Ergebnisse (Tabelle 2, Abbildung
1 — Abbildung 3) mit CNNs vergleichbar oder sogar besser sind, erreichte keines
der getesteten ViT-Modelle eine Gesamtgenauigkeit von mehr als 90 %. Die
Ausgangshypothese musste daher verworfen werden. Allerdings zeigten die
verschiedenen ViT nur geringe Unterschiede in ihrer diagnostischen Leistung, was

unsere Annahme bestatigte.

In den einzelnen Zahngruppen wurden Unterschiede in der diagnostischen
Leistung festgestellt. Besonders hervorzuheben sind hier die Unterkieferfrontzahne,
bei denen die ViT hohe Ergebnisse zeigten. Die Genauigkeitswerte lagen hier
zwischen 94,1 und 96,7 % (Abbildung 2). Demgegenuber wurden die niedrigsten
Werte fur die Oberkieferseitenzahne berechnet (Genauigkeit 78,1 — 81,0 %;
Abbildung 3). Die Sensitivitat und Spezifitat folgten der zuvor genannten Hierarchie,
bei der sich die Sensitivitat mit Werten zwischen 81,6 und 99,2 % als durchweg
hoch einstufen lasst. Da die ViT ahnliche Werte zeigten, scheinen die Differenzen
in den einzelnen Zahngruppen in der Auswahl der Réntgenaufnahmen begriindet
zu sein. In diesem Zusammenhang sei auf die Anatomie der abgebildeten Region,
z. B. die Kieferhdhle und das Jochbein im Oberkieferseitenzahngebiet, und die
damit einhergehenden Summationseffekte hingewiesen [44]. Ferner hatte die Wahl
der intraoralen Aufnahmetechnik die Ergebnisse beeinflussen kénnen, z. B. die
Halbwinkeltechnik anstelle der Rechtwinkeltechnik im Seitenzahnbereich. Die
fehlende Literatur mit einem ahnlichen Studiendesign Iasst zwar keinen direkten
Vergleich zu, dennoch wurden in Studien mit CNNs einige dieser Grinde
bertcksichtigt. So wurden beispielsweise nur apikale Rontgenaufnahmen von
bestimmten Zahngruppen einbezogen. Infolgedessen wurde die diagnostische
Leistung auf der Grundlage von Einzelzahnaufnahmen ausschlieBlich aus dem
Frontzahngebiet [17] oder lediglich aus dem Unterkiefer [20] bestimmt. An dieser
Stelle sei betont, dass ein ausgeglichener Datensatz eine wichtige Voraussetzung

fur die Vergleichbarkeit der Ergebnisse ist.
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Um die anvisierte diagnostische Leistung mit KI-Modellen zu erreichen, sollten
einige Faktoren in Betracht gezogen werden. An erster Stelle ist der Datensatz bzw.
die Datensatzgréf’e zu nennen. Die gewahlte Kl-Architektur sollte mit so vielen
reprasentativen Bildern wie moglich trainiert und fein abgestimmt werden. Dies
wurde in den vergangenen funf Jahren nur in wenigen Studien berlcksichtigt [35,
45-47], wobei die meisten mit einem Datensatz von weniger als 2000
Rontgenbildern arbeiteten [19, 21, 36, 48, 49]. Die Leistung der KI-Modelle kann
jedoch auch bei kleineren Datensatzen mithilfe von manuellen Annotationen
gesteigert werden. Diese sind zwar auRerst aufwendig und zeitintensiv, ermdglichen
aber auch das Erlernen wichtiger anatomischer Punkte, die zur Beurteilung von
Roéntgenaufnahmen und parodontalem Knochenabbau von Bedeutung sind. So
konnten Lee et al. [21] mit 693 annotierten Rontgenbildern ein Kl-Modell fur die
Segmentierung von Knochen, Zahnen und Schmelz-Zement-Grenzen entwickeln,
welches die Stadien 1 — 3 mit einer Genauigkeit von bis zu 90 % bestimmen konnte.
Je nach gewahltem Annotationsstil konnten im Vergleich dazu aber auch
schlechtere Ergebnisse verzeichnet werden [32]. Daraus lasst sich schlielen, dass
manuelle Annotationen zwar die Leistung der Kl erhéhen kénnen, aber von
Zahnarzten, Parodontologen oder Radiologen mit moglichst hoher Pixelgenauigkeit
durchgefuhrt werden sollten. Obwohl die 21.819 Rontgenaufnahmen in unserem
Projekt nicht manuell annotiert wurden, konnten die ausgewahlten ViT-Modelle eine
mit der Literatur vergleichbare Leistung bieten. Allerdings wurden diese nur in einer
Klassifikationsaufgabe trainiert und getestet, daher ist es denkbar, dass die

Ergebnisse mit manueller Annotation zusatzlich optimiert werden kénnten.

Bei den gewahlten Kl-Architekturen sollte primar der Unterschied zwischen
den einzelnen ViT-Modellen hervorgehoben werden. Transformer-Netze wurden
2017 erstmals fur die Verarbeitung nattrlicher Sprache vorgestellt [50]. Mit den ViT
konnten diese Netze auch fur Bilderkennungsaufgaben eingesetzt werden [29].
Dabei werden die einzelnen Bildbereiche wie eine Aufeinanderfolge betrachtet,
deren Zusammenhang die ViT mit ihrem Aufmerksamkeitsmechanismus erkennen
konnen. Wenn dieser Aufmerksamkeitsmechanismus speziell auf dentale
Roéntgenaufnahmen angewendet wird, konnen Strukturen wie die Wurzelspitze, die
Schmelz-Zement-Grenze und der Alveolarknochen, die zwar nicht miteinander

verbunden sind, zur Beurteilung des parodontalen Knochenabbaus herangezogen
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werden. Bei den fir diese Studie ausgewahlten ViT handelt es sich um frei
verfugbare und vortrainierte Netze. Dabei unterscheiden sich das ViT-base und ViT-
large von Google in erster Linie durch ihre GroRe, wobei das gréliere Modell eine
bessere Leistung erbringt und mehr Rechenkapazitat erfordert [29]. DeiT-base von
Facebook/Meta, ahnlich aufgebaut wie ViT-base, zeichnet sich durch
dateneffizientes Training aus und liefert vergleichbare Ergebnisse mit weniger
Trainingsdaten [51]. BEiT-base und BEiT-large von Microsoft unterscheiden sich
ebenfalls in ihrer Groe. Das Hauptmerkmal dieser Modelle ist ein Vortraining auf
einem groReren Datensatz, der mitunter maskierte Bilder enthalt, auf denen die
fehlenden Bildbereiche durch das Modell vorhergesagt werden konnen [52]. Da in
der Literatur keine weiteren Studien identifiziert werden konnten, in denen ViT zur
Erkennung von parodontalem Knochenabbau eingesetzt wurden, wurde der
Literaturvergleich mit Studien durchgefuhrt, die CNNs fur ahnliche oder gleiche
Aufgaben eingesetzt haben. CNNs stellen dabei auch DL-Modelle dar, die sich
jedoch in ihrer Struktur und ihrem Mechanismus von den ViT wesentlich
unterscheiden. Sie sind besonders nutzlich fur Bilderkennungsaufgaben, bei denen
der Fokus beispielsweise auf einzelnen Zahnen oder konkreten zahnbezogenen

pathologischen Befunden (z. B. Karies) liegt [26, 49].

Das beschriebene Projekt weist Starken und Schwachen auf, die nachfolgend
erlautert werden. Als Starke ist hier zunachst der Vergleich mehrerer ViT-Modelle
fur dieselbe Klassifikationsaufgabe zu nennen. Bisher veroffentlichte Studien haben
den direkten Vergleich aufgrund selbst entwickelter CNN-Modelle und
unterschiedlicher Parameterwahl bei der statistischen Analyse erschwert [53]. In
dieser Studie konnte gezeigt werden, welche Leistung funf verschiedene, frei
verfugbare Kl-Modelle bei gleichem Studiendesign erreichen kénnen. Zu den
Starken zahlt auch der Datensatz mit 21.819 apikalen Réntgenaufnahmen, die vor
dem KI-Training von Zahnarzten entsprechend dem parodontalen Knochenabbau
kategorisiert wurden [11]. Der Datensatz umfasste sowohl Oberkiefer- als auch
Unterkieferzahne und hebt diese Studie als eine der wenigen Studien hervor, die
Uber einen derart grol’en Datensatz verfugte [35, 46]. Als Schwachpunkt ist die
Tatsache zu nennen, dass in dieser Studie nur apikale Rontgenaufnahmen
verwendet wurden. Klinisch werden zur Beurteilung des parodontalen

Knochenabbaus neben apikalen Rontgenaufnahmen auch
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Panoramaschichtaufnahmen verwendet. Die bisher veroffentlichte Literatur enthalt
auch einige Studien mit KI-Modellen, die mit Panoramaschichtaufnahmen trainiert
wurden, z. B. [18, 19, 35, 37, 48, 54]. Folglich ware diese Studie auch mit
Panoramaschichtaufnahmen maoglich. Obwohl fir den ausgewahlten Datensatz das
Vorhandensein von parodontalem Knochenabbau festgestellt wurde, wurde das
Staging nach der neuen Klassifikation nicht mit den KI-Modellen als Teil der
Klassifikationsaufgabe bewertet. Dies kann ebenfalls als Schwachpunkt
eingeordnet werden. Zugleich bedarf es aber eines anderen Studiendesigns oder
manueller Annotationen von anatomischen Merkmalen auf den Réntgenbildern, die
fur die Berechnung des Knochenabbaus relevant sind. Wie bereits erwahnt, ist die
manuelle Annotation solcher groRen Datensatze zeitaufwendig und erfordert
mehrere kalibrierte Zahnarzte oder Parodontologen. Dennoch kdnnten diese die

Leistung des Modells optimieren.

Zusammenfassend hat die beschriebene Arbeit bestatigt, dass ViT den
parodontalen Knochenabbau auf apikalen Rontgenbildern mit akzeptabler
Genauigkeit erkennen koénnen. Es sind jedoch weitere Studien erforderlich,
einschlieBlich grollerer und genau annotierter Datensatze, die zudem einen

Vergleich mit erfahrenen Spezialisten ermdglichen.
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6. Zusammenfassung

Die radiologische Beurteilung des parodontalen Knochenabbaus unterliegt
haufig der Subjektivitdt des Behandlers. Eine Optimierung der Zuverlassigkeit
radiologischer Bewertungen konnte durch die Automatisierung mittels kunstlicher
Intelligenz realisiert werden. In zahnmedizinischen Diagnostikaufgaben werden
zunehmend neuronale Netze eingesetzt, wobei in den letzten Jahren auch Vision
Transformer (ViT) fur Bilderkennungsaufgaben vorgestellt wurden. Ziel der
vorliegenden Studie war es funf frei verflgbare ViT (ViT-base/ViT-large von Google,
BEiT-base/BEiT-large von Microsoft, DeiT-base von Facebook/Meta) fur die
automatisierte Erkennung von parodontalem Knochenabbau auf apikalen
Rontgenaufnahmen zu testen. Dabei wurde hypothetisch angenommen, dass die
erzielte Gesamtgenauigkeit >90 % betragen wurde und die Leistungsunterschiede

zwischen den einzelnen ViT gering ausfallen warden.

Ein anonymisierter Datensatz von 21.819 Einzelzahnaufnahmen
(Trainingssatz N=18.819/ Testsatz N=3.000) wurde von kalibrierten Zahnarzten mit
vordefinierten diagnostischen Kriterien kategorisiert, wobei zwischen gesundem
Parodontium und parodontalem Knochenabbau unterschieden wurde (Score O:
gesund, Score 1: Knochenabbau <15 % des koronalen Wurzeldrittels, Score 2:
Knochenabbau 15 — 33 % des koronalen Wurzeldrittels, Score 3: Knochenabbau
bis zum mittleren Wurzeldrittel und darlber hinaus). Die ViT wurden uber funf

Epochen trainiert.

Die Gesamtgenauigkeit lag zwischen 83,4 — 85,2 % fur alle ViT. Unterschiede
in der diagnostischen Leistung zeigten sich fur Unterkiefer- (94,1 — 96,7 %) und
Oberkieferfrontzahne (86,7-90,2%), sowie fur Unterkiefer- (85,6 — 87,2 %) und
Oberkieferseitenzahne (78,1 — 81,0 %).

Obwohl die Hypothese mit der erzielten Gesamtgenauigkeit nicht bestatigt
wurde, zeigte die beschriebene Studie, dass ViT den parodontalen Knochenabbau
auf apikalen Rontgenaufnahmen vergleichbar gut erkennen kdnnen. Dies deutet auf
die Notwendigkeit weiterer Studien mit gréReren und annotierten Datensatzen hin,

welche zukunftig einen Vergleich mit erfahrenen Spezialisten ermoglichen wirden.
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7. Abstract (English)

The radiographic evaluation of periodontal bone loss (PBL) is often influenced
by the dentist's subjectivity. Artificial intelligence could optimize the reliability of
radiographic assessment. Neural networks are increasingly used in dental
diagnostics, and in recent years Vision Transformers (ViT) have been introduced for
computer vision tasks. The aim of the present study was to test five open-source
VIiT (ViT-base/ViT-large from Google, BEiT-base/BEiT-large from Microsoft, DeiT-
base from Facebook/Meta) for the automatized detection of PBL on periapical
radiographs. A hypothesis was made that the overall accuracy would be >90% and

that the performance differences among the ViT would be minor.

A data set of 21,819 anonymized periapical radiographs (training set
N=18,819/ test set N=3,000) was categorized by calibrated dentists using
predefined diagnostic criteria, distinguishing between a healthy periodontium and
PBL (score 0: healthy, score 1: PBL <15% of the coronal third of the root, score 2:
PBL 15 — 33% of the coronal third of the root, score 3: PBL up to the middle third of

the root and beyond). The ViT were trained over five epochs.

The overall accuracy (ACC) ranged from 83.4 to 85.2%. Differences in
diagnostic performance were seen for mandibular (ACC 94.1 - 96.7%) and
maxillary anterior teeth (86.7 — 90.2%), as well as mandibular (85.6 — 87.2%) and
maxillary posterior teeth (78.1 — 81.0%).

Although the overall accuracy did not confirm the hypothesis, this study
showed that ViT can detect PBL on periapical radiographs comparably well. This
indicates the need for further studies with larger and annotated data sets, which

would allow a comparison with experienced specialists in the future.
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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
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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
CNNs 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
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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.

Score2 N 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.

Reg.lor.l of I.-Iealth?r Mild PBL Moderate PBL Severe PBL
Periapical Periodontium Total (N)
. (Score 1) (Score 2) (Score 3)
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 (PH., TM., A.-W.
and L.M.) and later independently counterchecked by experienced examiners (H.D., U.W.
and ].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.

ViT-Base ViT-Large BEiT-Base BEiT-Large DeiT-Base
(Google) (Google) (Microsoft) (Microsoft) (Facebook/Meta)
N .. Bidirectional encoder representation from Data-efficient
eural network Vision transformer . .
image transformers image transformer
Epochs 5 5 5 5 5
Learning rate 0.00005 0.00005 0.00005 0.00005 0.00005
FLOS 7.280 x 101° 25.735 x 1015 7.277 x 101 25.744 % 1015 7.280 x 101°
Samples per second 298.6 111.7 274.4 102.9 298.5
Parameter count 85.8 x 10° 303.3 x 100 85.7 x 10° 303.4 x 100 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 (ITN), true positives (IP), 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 . .
All Apical (TP) (TNg) (FP) Negative (FN) Diagnostic Performance
Radi h
adiographs — % N % N % N % ACC SE SP NPV PPV AUC
ViT-base 1884 62.8 673 22.4 230 7.7 213 7.1 852 89.8 745 760 89.1 0.918
ViT-large 1831 61.0 671 224 232 7.7 266 8.9 834 873 743 71.6 88.8 0.899
BEiT-base 1885 62.8 649 21.6 254 8.5 212 7.1 845 899 719 754 88.1 0.914
BEiT-large 1914 63.8 631 21.0 272 9.1 183 6.1 848 913 699 775 87.6 0.907
DeiT-base 1879 62.6 646 21.5 257 8.6 218 7.3 842 896 715 748 88.0 0.908
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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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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
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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 (P.H., 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:
O0—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

P.H. 0.601-0.650 0.889

T.M. 0.620-0.658 0.554
AW. 0.762-0.796 0.779

L.M. 0.516-0.565 0.797
UW. 0.658-0.699 0.455

JK. 0.706-0.748 0.579

H.D. 0.529-0.534 0.767

Score 1

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 DatalLoader 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 1078).

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.

E Healthy Mild PBL Moderate PBL Severe PBL Total
>fp_ert' Periodontium (Score 0) (Score 1) (Score 2) (Score 3)
Classification
N % N % N % N % N %
Anteriors 653 3.0 661 3.0 433 2.0 197 0.9 1944 8.9
Upper jaw 1st Quadrant 1701 7.8 1826 8.4 851 3.9 367 1.7 4745 21.8
2nd Quadrant 1231 5.6 2080 9.5 1093 5.0 312 1.5 4716 21.6
Anteriors 202 0.9 676 3.1 786 3.6 325 1.5 1989 9.1
Lower jaw 3rd Quadrant 1477 6.8 2033 9.3 593 2.7 157 0.7 4260 19.5
4th Quadrant 1282 5.9 2027 9.3 713 3.3 143 0.6 4165 19.1
Total 6546 30.0 9303 42.6 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.

CNN True Positive (TP) True Negative (TN) False Positive (FP) False Negative (FN)
N Y% N % N Y% N %
ResNet-18 1876 62.5 609 203 294 9.8 221 7.4
MobileNetV2 1863 62.1 598 19.9 305 10.2 234 7.8
ConvNeXT/s ! 1877 62.6 639 21.3 264 8.8 220 7.3
ConvNeXT/b 2 1901 63.4 643 21.4 260 8.7 196 6.5
ConvNeXT/13 1890 63.0 637 212 266 8.9 207 6.9
L small, 2 base, 3 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 73.4 86.5 0.884
MobileNetV2 82.0 88.8 66.2 719 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/13 84.2 90.1 70.5 75.5 87.7 0.913
Lsmall, 2 base, 3 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 27.3 27 10.2 10 3.8
MobileNetV2 154 58.3 79 29.9 20 7.6 11 42
ConvNeXT/s ! 155 58.7 79 29.9 20 7.6 10 3.8
ConvNeXT/b 2 157 59.5 77 29.2 22 8.3 8 3.0
ConvNeXT/13 158 59.8 74 28.0 25 9.5 7 27
Radiographs with maxillary posterior teeth
ResNet-18 786 59.1 263 19.8 151 114 129 9.7
MobileNetV2 798 60.0 239 18.0 175 13.2 117 8.8
ConvNeXT/s ! 783 58.9 275 20.7 139 10.5 132 9.9
ConvNeXT/b 2 794 59.7 278 20.9 136 10.2 121 9.1

ConvNeXT/13 794 59.8 266 20.0 148 11.1 121 9.1
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Table 5. Cont.
CNN True Positive (TP) True Negative (TN) False Positive (FP) False Negative (FN)

N % N % N % N %

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 6 2.2 8 2.9

ConvNeXT/s ! 242 89.0 19 7.0 6 22 5 1.8

ConvNeXT/b 2 244 89.7 17 6.3 8 2.9 3 1.1

ConvNeXT/13 243 89.3 18 6.6 7 2.6 4 15

Radiographs with mandibular posterior teeth

ResNet-18 691 60.9 260 22.9 105 9.3 79 6.9

MobileNetV2 672 59.2 261 23.0 104 9.2 98 8.6

ConvNeXT/s ! 697 614 266 23.4 99 8.7 73 6.4

ConvNeXT/b 2 706 62.2 271 239 94 8.3 64 5.6

ConvNeXT/13 695 61.2 279 24.6 86 7.6 75 6.6

1small, 2 base, 3 large.

Table 6. Overview of the diagnostic performance of the developed convolutional neural networks
(CNNs) 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
(ACCQ), 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

ACC SE SP NPV PPV AUC
Radiographs with maxillary anterior teeth
ResNet-18 86.0 93.9 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 93.9 79.8 88.8 88.6 0.951
ConvNeXT/b 2 88.6 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 2 80.7 86.8 67.1 69.7 85.4 0.868
ConvNeXT/13 79.8 86.8 64.3 68.7 84.3 0.866
Radiographs with mandibular anterior teeth
ResNet-18 94.9 98.8 56.0 824 95.7 0.942
MobileNetV2 94.9 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/b 2 96.0 98.8 68.0 85.0 96.8 0.978
ConvNeXT/13 96.0 98.4 72.0 81.8 97.2 0.980
Radiographs with mandibular posterior teeth
ResNet-18 83.8 89.7 71.2 76.7 86.8 0.895
MobileNetV2 82.2 87.3 71.5 72.7 86.6 0.893
ConvNeXT/s ! 84.8 90.5 72.9 78.5 87.6 0.916
ConvNeXT/b 2 86.1 91.7 74.2 80.9 88.3 0.921
ConvNeXT/13 85.8 90.3 76.4 78.8 89.0 0.930

L small, 2 base, 3 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).

1.0

0.8

0.6

True positive rate (sensitivity)

0.4
—— mobilenet_v2_1.4_224

0.2 convnext-small-224
—— convnext-base-224
—— convnext-large-224
—— resnet-18

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 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 CNNs 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 0.90 were obtained for stages I, II, 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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