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ABSTRACT

Purpose: This study aimed to determine the usefulness of machine learning techniques, specifically supervised and
unsupervised learning, for assessing the cementation condition between a fixed partial denture (FPD) and its abut-
ment using a resonance frequency analysis (RFA) system.

Methods: An in vitro mandibular model was used with a single crown and three-unit bridge made of a high-gold
alloy. Two cementation conditions for the single crown and its abutment were set: cemented and uncemented.
Four cementation conditions were set for the bridge and abutments: both crowns were firmly cemented, only the
premolar crown was cemented, only the molar crown was cemented, and both crowns were uncemented. For RFA
under cementation conditions, 16 impulsive forces were directly applied to the buccal side of the tested tooth at a
frequency of 4 Hz using a Periotest device. Frequency responses were measured using a 3D accelerometer mounted
on the occlusal surface of the tested tooth. Both supervised and unsupervised learning methods were used to analyze
the datasets.

Results: Using supervised learning, the fully cemented condition had the highest feature importance scores at
approximately 3000 Hz; the partially cemented condition had the highest scores between 1000 and 2000 Hz; and the
highest scores for the uncemented condition were observed between 0 and 500 Hz. Using unsupervised learning, the
uncemented and partially cemented conditions exhibited the highest anomaly scores.

Conclusions: Machine learning combined with RFA exhibits good potential to assess the cementation condition of
an FPD and hence facilitate the early diagnosis of FPD retention loss.
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Experimental model

S

Single crown in 2
cementation conditions:
Full-Mos, Un-Mos

3-unitfixed bridge in 8 cementation
conditions: Full-MO (1), Un-MO (2),
Pre-MO (3), Mo-MO (4), Full-PRE (5).
Un-PRE (6), Mo-PRE (7), and Pre-PRE (8).

RFA and Periotest were used to apply 4

- Hz vibrational excitation to buccal surface
of tested abutment tooth.

The data recorded as a waveform in lab

Data ﬁ chart then using FFt, frequency response

collection function of x, vy, and z direction will be
determined.

| For 3-unit fixed bridge:

‘ For single crown: |

Supervised learning algorithms 1-Supervised learning algorithms

(Neural network, Randomforest) (Neural network, Randomforest)
were trained on 3D data. were trained on y-direction data and
3-D data.

2- Unsupervised learning algorithms
were trained on y- direction data
and 3-D data.
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Measured acceleration waveforms.
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BETHNE, EBE (true positive), #BME (false
positive), E&: (true negative), k& (false
negative) DOHFEZEEGT 2 2 LT, ETFNLOFHIKE
W EFRED 7 )L & D% RN DO E =M
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ZEITXD, ETADNED LI RIERICHED W CHE
ZPL T2 Z2HREICIET 2 2 LSRR L o
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(3 0.001, =Xv 7%iF500, Ny FH¥4 XF 32
EL7 (K9). AEW, ANEHID—ETELH1
HORf 5z #E] L, BfEREO R E ST v
TEREZHET 5.
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R232=29v 7V P TDHELA Y FEMICET S yilI#EE 7= ZHWT,A) =2 —F )%y b7 —
JBEUOB) SUFLAT7HLAFTLDY XA L DL EE S NIRRT O ik

A Predicted value

1 2 3 4 5 6 7 8

1 23 0 0 0 0 0 0 0

2 0 23 0 0 0 0 1 0

3 0 0 28 0 0 0 0 0

Real 4 0 0 0 27 0 0 0 0

5 0 0 0 0 30 0 0 0

6 1 0 0 0 0 19 2 0
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B Predicted value

1 2 3 4 5 6 7 8
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3 0 0 28 0 0 0 0 0
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8 0 0 0 0 0 0 0 18

L 02 02 02 L0 02 0
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(a) Frequency (Hz) (B) Frequency (Hz) ©) Frequency (Hz)
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SVUSNLT LA FERHOCTES N FgE R
D77 7K1l BIOCKI21CRT,. M11IEKA
H R CHIE %2 T - B OREEBEE O S Mi%z, X
12 3/NAWEBCHIE 2T > B0 iz m L Tw 3,

NS5, Un-MO & X " Un-PRE & v o
SRR RS 1 4T3, 0~ 500 Hz O fa 3 8ot
BOPEBETH L VbS5, —HT, Pre-MO & X
N Mo-PRE & \» o 72 {45 9 [ 78 45 £F < 1%, 1000 ~

() Frequency (Hz) (8) Frequency (Hz) © Frequency (Hz)

12 - UNAEZIETMLE TS 322y 7Y v PIizown
T,y IR 7 — & & o CRHE S i R B A Y
BORBERED 77 7.

A) Full-PRE & Un-PRE @ Iifigic X b, 0-500 Hz @ 4
WEFOEEM:E R T
B) Full-PRE & Mo-PRE o iz &k b, #2000 Hz @
B o mEMEE R T
C) Full-PRE & Pre-PRE @ Fiiizic & b, #3000 Hz ®
AP B O EE:Z R T

2000 Hz OHHE I B W TCEETH - 7,

7%, Full-MO, Full-PRE, Mo-MO, Pre-PRE & \»—
7o Z DA DT, R IEE B L Z 3000 Hz
FHTICHZE L T 7z,

2) 3XTUMHEET—% (x-y-z) ZHWHI
H O 2 EH DB

SKIUMEE T —y Ly F2HWT=Z2—9 L%y
P70 BEXNT7 S L7 LA MTHlEITS 7
fEH (F£3), WINOFES REFRIRERTY & Sk
EaaEERE2R L D2 =9V %Y b7 =T
98%, 7V L7 4L AKT99% DIERENIE S
7=,
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R332y F TV v I TORL R FEMFICEIT S IDIEEF—2 2 HWT,A) =2 —F L%y b7 —
27BEUOB) YA L7 ALALTIDY XL KD IIE LGS N RETYIO K.

A Predicted value
1 2 3 4 5 6 7 8
1 23 0 0 0 0 0 0 0
2 0 32 0 0 0 0 0 0
3 0 0 18 0 0 0 0 0
VF;‘?[?L 4 0 0 0 27 0 0 0 0
5 0 0 0 0 25 0 0 0
6 0 0 2 0 0 19 0 0
7 0 0 1 0 0 1 26 0
8 0 0 0 0 0 0 19
B Predicted value
1 2 4 5 6 7 8
1 23 0 0 0 0 0 0 0
2 0 32 0 0 0 0 0 0
3 0 0 18 0 0 0 0 0
VF;‘?[?L 4 0 0 0 27 0 0 0 0
5 0 0 0 0 25 0 0 0
6 0 0 2 0 0 19 0 0
7 0 0 1 0 0 4 23 0
8 0 0 0 0 0 0 0 19
g ’ o N g' |1 - I(?E\‘?»tut g:' . —Tput  —— Output
é‘ 0.02 0.02) 0.02] % 05 § 03
g “ 01000 2000 3000 4000 3000 “ 007000 2000 3000 4000 5000
o (A) Frequency (Hz) (8) Frequency (Hz)

00 1000 2000 3000 4000 5000 00 1000 2000 3000 4000 5000 O0 1000 2000 3000 4000 5000

(A) Frequency (Hz) (8) Frequency (Hz) © Frequency (Hz)

B 13 FPD 3 2 4 12 B 17 2 A) x il /5 &, B) y il /5 14,
C) z BT 1A D R EIEE T 3 B S M- R R S
77 7.

FYF LT A LA ML DR EEEE O L E
K 13127, ZOKTIE, %Xy b G IR
L, x- vy zfili/7H0 /MBS IC D  RiEED
FHEPFRIN TS, RS, x5O EEDs
el (y-z) LD HEWEEELZRT I EBHS
mElror,

3) iz LEE 73 ) R LD

iz LEEOE® T IVEMIG & LT, Autoencoder
(AE) i X vilixnzzeF 2T, Full-MO &
Un-MO &fETo y Bilrsimao AJ) - o g% 15 -
7= (X 14),

X 14A Tl%, Full-MO FfFofEHeET — % % i
Bé, ANESPHEUNCTBR I ZoicHL, X
14B Tl Un-MO &t 85 7 — % 2 o 7254,
ASME S DFRER I L T 2D MR I Ll

Gl A v MEESMBICH LT, 1 (y) 8LO03
i (x,y, z) OIGEET—%ZfHL, Full-MO (%

14 A—trxva—FickhiliEnrze 7Nz y b
HRDANT =% L7 —% ok, A) Full-MO g5,
B) Un-MO ¥,

4A), Full-PRE (£ 4B), # X X Full-MO/Full-PRE
(£4C) ZiliT—2 L LEZNFNDETNICL S
WA a7 2EMN L,

Z OFER, 3RIUIERE T — % 2\ 5% 2 & TRE
2 a7 OEE;FE (CV) ESI N, BEBLOmE
J1930) B3 B AR S,

BERPSWS DR LD IC, BREESEDTF—7 13
BE 2 a7 PR HIEL, ROLELRETHS 2 L
DIRBI NI, — T, KREED %\ IE I E S
PECIFEFE R 3 7R, BEICH LT ) &z
BEWIRRETH 2 2 LR E Nk,

v. 2 £
WA, Hllid D FE PR LEE &o o R

B7La) ZLDERIFEZEICIERLTED, AL
IZB\WTIE, FPD EXAH E DX X v FFEIEIRFEZ B
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KA yEiMEEE L O3B MEEFT -y Ly v 2 HOWT,
A) Full-MO, B) Full-PRE, C) Full-MO # X ¢\ Full-PRE
DEM T Z T VE SN B R 2 7oL, Full-MO
BXOFUl-PRE I, 3 2=y F 7Y v PICBWTKAES
X OUNEB O S 23% 5 SN IREET, ZRFNARKHEKE
K OUNAM D S B S N llE T — Y 2R T

(A)
Cementa- Number of Anomaly scores Coefficient of
tion measured mean value variation %
condition data D 3D D 3D
Full-MO 240 0.021 0.028 35.1 24.1
Un-MO 78 0.634 0.731 23.7 13.4
Pre-MO 80 0.622 0.682 11.6 16.1
Mo-MO 80 0.454 0.503 17.8 14.3
Full-PRE 240 0.427 0.523 34.1 15.6
Un-PRE 78 0.965 0.886 25.1 19.9
Mo-PRE 80 1.050 1.101 12.4 19.9
Pre-PRE 80 0.608 0.525 14.5 7.3
(B)
Cementa- Number of Anomaly scores Coefficient of
tion measured mean value variation %
condition data 1D 3D 1D 3D
Full-MO 240 0.292 0.413 31.6 16.5
Un-MO 78 0.599 0.533 25.2 16.1
Pre-MO 80 0.480 0.430 19.9 17.2
Mo-MO 80 0.647 0.466 20.4 9.6
Full-PRE 240 0.014 0.026 42.0 22.8
Un-PRE 78 0.482 0.641 24.6 13.0
Mo-PRE 80 0.508 0.586 24.7 12.8
Pre-PRE 80 0.391 0.389 18.9 15.2
€
Cementa- Number of Anomaly scores Coefficient of
tion measured mean value variation %
condition data D 3D D 3D
Full-MO 240 0.03 0.03 28.6 22.9
Un-MO 78 0.57 0.60 28.8 18.7
Pre-MO 80 0.44 0.47 26.1 11.3
Mo-MO 80 0.42 0.42 14.9 16.1
Full-PRE 240 0.02 0.03 34.2 23.7
Un-PRE 78 0.53 0.72 26.6 15.1
Mo-PRE 80 0.38 0.70 31.0 24.0
Pre-PRE 80 0.47 0.40 12.0 15.6

Un: uncemented, Pre: only the premolar cemented, Mo: only the
molar cemented

MO ERE BRI 2 R A T L 7. RS
FikL, FRIREECERIRIIZEE 1 & 2 16857 #F o Hlk
GOFED FRHIICET 2 Effi & 72 2 Z LAVRB I LTz,

TN T FVANE, T—%%y FNOERHE
OEEZERMISGGHECE 280713 Y LT
b5, FEEEEEZ a 7L, REARD IS/
EN L 6T TAMEORA ) b EIcEHE S,
NEEBORTET 5 2 L TRIER a 7B ESR

29 Z9LkARarid, T—FHhTRLBERDOD D
EREZHSHICT 22 LICHES L, EFLOTPHILERE
b ETF — Y REEOBRICL O b0 TH B 0,

AWFECIlx, THEBM EosEaBE I Nk 3 2
=y P 7Y v PIIBWT, KA HLIRE A
#)3000Hz TH -7 (K 11), ZhnixFEES DofT
WL —Z L TE D Y, HiFEEEIE DS B 1 o ] 1 [
EINTOHAEIERRLTWVS, —#ic, RtkoEn
VR ZEI IR L, FH8D & DIREICN L TR
B IR T 5, S RL, KEETY vPT
& 0 ~ 500 Hz DR TR R S 1, HThk
IEAF—THIRHLLTWIRETH S Z EZRLT
WA, ERINEES AT, b BB EE
1000 Hz fffic B L CTE D, ERETRELD b
WIEEDME S 2 E DRI N, —JF, KAWL X v
b CHEE I T 254, R EUE 3000 Hz 12
WL, SEARRNE LT B8 R R L7,

RO, ADAE#ETcoME (K12) 28w
THEZEI N, REEIREETIX 0 ~ 500 Hz TR
DMER I N0, 797 VEEBIC K DK
#3000Hz £ ¢ kA L7, —J7, Mo-PRE %&ff Tl
2000 Hz, Pre-MO &3 1000 Hz @ J& il 5 H3 5%
Bl Tdh o7, Zaud, HORE CRHEHE L /NEHR)
DEOPE - HEAICER T2 EEZ o615, it
12, RELSEOYRIMECHERTHIRL, & g
WYIME IR O RBEECHIR T 203D 5. F e, [
EIRSAE B RS DB > b R I K i e
52%,

X5, MI10B LUK 13 DR MEREEED S,
B E T LTIy o EENEEEEZ DD
WL, 790y PETFTATIE XEISAOEFS D R K
TV EPREINL, UL, BEDx -y HAICH
HICEF 2 & TH 577, 7V v Pk x FIAcHH
ENTVAEIEILLEZENTHS, 7YY PETLT
EIRSEMEIC X D x A oB E2FHIRI N, LD
B SROTRB 51 &2 L, ZOfEHRE L Tx
> z Wl 5 M O TR S BEE A2 B T A S k.
IS ORETIE, BEMAEE DY 3 RITI 72 8 HE 7 ik B
BEOFTICO BN TH LI EERLT0D,

Kbz LEE 7L ZLIE, TS
T=F RSB FTICT =YDy — PG i
M9 2 FETHh 2. AATIE, ANZREXICIC
Eii - HRER T 5 AE (Autoencoder) % w7z 22,
AE X, TBEFEEFRLD T — 5 IZEBE TN T
7=DIZX L, REEEMETIRATT — % OFRERDA
ohot (M14), ik, KREEREDIET —
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YRR RN -V REATVEDTH
D, AE DFHEETILTIE) £L TF—F 2 HEKT
ol tEILoNS,

s (anomaly detection) 1, AR D/ $¥ —
YOI L oAU R e T — Y RERRE T D1
WA E M TH 2 2. BERA 37T — 8 O
BOEBIEML LD THD, A TIEERY @7

BIEDSRI VW L 2R 4, ZERE (CV) |
%@ﬁ%k%%@@%?%b,%—&@@%o%%%
TRETH 3.

AR DIBENTRE R &, 3 RIuIEE T — % % v
32 ETHEZaT7DIESDE (CV) 23kEI 1,
EEREEEN A BT 2 2 LSRRI N, 3ififism
DT —F ZHRATERT 2 2 £ T, BEOHBITH
Wb 6T EREE BB REIC R 5. FRZ, B4
BIESE TR R 2 70MECLE L 82K L7
— T, REEL L OB HEESETIREE R a7
DEK, NEE R ERDER S 1L,

1. BRRESEDEE

AZEICIZ K 2 DfllfRA23H 5. i1 L 72 FPD
W U/NE D S8 KHBD 3 2= v MERRICER
EINTED, oGt (XD RVLARV LR 5K
BHOMAGDE) IIE L TE R CAREELD 2.
f7, HAMEE X X v FoBELREINTE
D, S 2MRECIE R 25800 5 N EEED
5,
$ﬁ%iﬁﬂ%ﬁmk%@%@ﬁ?%b,$%ﬂ%
BB 58 (9%, MHMROIRER L) 1$E5E
§hfw&m.ﬂ%ﬂ%%%ﬁ?¥%%wwkﬁt
BT, HEEOHEEIZRE L, INBTIHREEICE
Y 2D D 5. F 7, HEWRSEEEFILOREEIC
WEKEDPOEIRZET — 8 AR TH %25, 4l
@% S RIZBENTH D, EF N OEEE LN

DENREIND,

%%i,ib%%&ﬂm%ﬁ-ﬂﬂ-kxyb%
fEcotist, FEEOBEREZNRE L%t xiED 5
DERH B, iz kb, FPD o EMIN T ICES
THRFIZOOTOUFEN R BESEE D, FIRED
ZLM DO RN 2 I TC, WY 2 iR &
RETEL X HICRZ I EDMREEI NS,

V. & &

ARWFEClE, FPD EZBHE DX X > b EERE
ZEMIET 572002, HdH D - Fhlize UBAE 7 v

17 % 45 (2025)

) XL R AT (RFA) & fladabd CE
JHL, Z0OEMEE2BE L7, 2058, oA
PES N,

Hliid D28z w7 U//%Tw®%mf

- SEAEE S 1 3000 Hz fif 3T %@Eigﬁw
E—7

« TR E S+ 1000 ~ 2000 Hz

< REEESM 0 ~500Hz iIc¥— 7 3 L 7=,

7y PEFITE T, EHEZ 3 TOtIRE) (%, Y,
zHl) 2G5 LT, 1 (1D) REjD A %Z W72
fiiehit & 0 by BUREEEDN A B L 72,

ﬂ%&t Hr Moz BEmE R, SelEss

BU2HEZ a7 PRHEL, KEEEB XS0
.ﬁ%ﬁ‘f IEWRAa7E2R L7,

HIETROL « St - MEREE A kD, 7 ubk3n
7ol B X OYRENRFEICAERDVE L 2 2 EPHER I N
7=,

LEXY, RFAF—Z I Kid b - Hhili
RLUEEFEZFPD EF VIS T 2 2 1%, & X
v b EEIRIEDHIE B X ORI 3E% o Rk oA
W TFBE D 9B I EWRBI N,

X B
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