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Abstract

The study focuses on the automatic detection of Osteoporotic Vertebral Fractures (OVF), which are
common in the elderly population. OVF is prevalent among the elderly and often leads to severe
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personal suffering and significant social-economic burden. Since early OVF may be asymptomatic, it
is often overlooked and not diagnosed or reported in time, which affects patient prognosis. This study
aims to utilize Deep Convolutional Neural Network (CNN) to extract radiological features from CT scan
slices, and to use a feature aggregation module for final diagnosis to improve the early detection rate
of OVF. In terms of methodology, this study explores the performance of Long Short-Term Memory
(LSTM) networks in enhancing the diagnostic performance of the system. The system was trained and
evaluated on 1432 CT scans (containing 10,546 2D sagittal view images). Results indicate that on the
129 CT scans from the held-out test set, the system achieved an accuracy of 89.2% and an F1 score of
90.8%. This performance is comparable to that of practicing radiologists in a clinical environment.
The automatic detection system developed in this study can assist in pre-screening routine CT scans
and flagging suspicious cases before radiologists’ review, potentially aiding and improving OVF diagno-
sis in clinical settings. The significance of this technology lies in its ability to not only improve diagnos-
tic accuracy but also reduce radiologists’ workload, screen more undiagnosed cases, and optimize the
allocation of medical resources.
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B BBASAE & — MR AR AR L s R BB 1] egiih, RERAH 2 L NBAH B B,
ARG B B Fr 4 ik 8900 FI (2] i BRBRAAE £ ER BN H Y5 % FE (Bone Mineral Density,
BMD)FIE 58 FE K TR, & —Fh ™ R E e ARIOm (3], I RR S| R MBI o A 1A 25 AR AR A 39 I ME #4171 X
K[4]-[9]. B, SIHSHrE BB A RE XS T 50 I T B0 E 2.

EAT, PEAS B BBRAARE 1 5 1 R B HEXRE X R I5(DXA) & S LI Z 1 4#(QCT) Fl e =
F(QUS), AL —SSE MG A, WXUZREE CT[10]. FiFHEILRIEHMRS) [117F11E 5 & 5 Wr
JZEHRE(PET) [12]. SIS G FARE I PT 57752 — 2 BMD IR . DXA & F i 5 e
BMD [ T H[13], FLE o RALHE 5 g AR T SR, B R T —4eshii. SR, DXA JoikiE b
JE B R AV A6 BMD S5 [14], AT RE S PR E B R R RAE[15]. QCT &—F ALK
YR VIS TVE[16], ZITFC[17]-[2013R W, QCT 7E8 S ANEAR I ) R B 0.2 = T DXA.
SR, QCT 75 EZ IR EFbRAEAG A, I H SRS R AR B, X R T HAR AT E AR 2
N .

BHAE, HHULT IR IR BOH G RGBT I CT R aE 7 A1 — 3oy Bl A, X et
CT H# 7T UL T WL RN RE R AT, TG 7R A4 R 2 i Al s B R AR [21]. 2T 7R B, did
L EAMEARFA B 0 CT ERAGH BMD, w2k CT FHMAHSC RETE 0.399 F 0.891 2 [A][22].
SR, CT EAMUEGR THEAAA NI R, 23 &. X SRS HEM CT WASEIMTE R Mm[23].
DRI, AR A I CT 75 ZERcuE, X PRI T CT HRGTE S BB b fE 12 W i R H

R RS A T R N H a8 2, IO NDOE R R B [24]-[28]0 5B 5B FARE 135 s
O JLI 5 TR BE 2 S BRI 7T Lee Z5 N [29145 A ML A2 STRIVR B2 ), B A B M X S
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FAFH BMD fH, FFR T —FhREES IR, MORIG SR M I CT EME T A i B 25 B2 . SR, IX TDUAf
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6 T 0B 5B A P M A 3T (O V)R 75 ¥ 75 B2 X R A MEAREEAT 70 BN = B G b, X 20 3R
ZOHARAE T« N T RSN, AT T — T 2 8 FE 2 S8 1) B 34k OVF # il &
8t, Bt TR HEREEIT 22 U BRI AT I B . 1% R SR B R A 42 I 25 (CNIN) M 38« 3 i
N CT A A HP R BUBS R, FRIE I P 51 o AR SR B R IE 7 B HEAT SR A, AT CT B2 5
FPAEREARE AT o BFFE0 H AR 23R B — PP RUHRRAE R & 7 15 R KT OVFs, FRH I8 14 e 5 A LA N U R
BB P REIEAT LA . A SCHE B R VAN HE R T4t R GRS AP L AR, B EIEWZ B sk REA
IXREffL IR, W AN T2Y, @il Azl R 2z, SREiSWikahrE. o2 S B
B E R, WD T R A A B D IR, S5 AR SRR BE I O B .l S U RHE
ARIMERELLER, W LLIRUE % E Bh ik RGEIR R R SR PEAE Rt . RN, ASCREEERT RSV
YIS BAIVPAG R, A BT [RAT VP o R SR 52
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i T B Z L (CNN) AT VAR ZE T 25 (RNN) . 8 1 75 72T RNN 1) OVF 1 2R 4 (1) AR AR «
HAT o A EED IR
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Figure 1. CNN/LSTM OVF detection system
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2.1. HFAEIREN

ARSI T — R BT B AR PG (CNN) I BRI 3,  T B s 3BGT S Z 386 (CT) B 1)
REE, DUHBIIGIRIZ W . FRATRA T IR EETR 72 W 2% ResNet34 1EPRFESREUN 4%, Honf HodhAT 7 3& B2
o BRI RIS B2 W P RE AT I ZR AR

PG FIRHAE B IO R H A8 T U RHEE AR B Bk iR, XA A B B N NiRZE . AT
o e i), FATEFEAE ] CNN oK B S EATRAE IR, DS s R A R . BRI S, JATESE T
ResNet34 {ENRIESRHUM S5, (RO HOE I 51 N2 VEFA R 1 IR FEAR 22 I 2% o (AR RE T 2R I, A
T SCVFUIZRBE R KRR 45 o ETSESR T, ResNet34 KI5 IR R A5 A BLAI L RE , (5L VI 2590 FE I 18] S8 5,
DR AT T FL A D T FE ) A R e 35

FEMIZE SN J5 T, ResNet34 ARSI 33 DMEREM 1 MEERR. N TEN 70 FESIF
PERARRAIE ORI AERE, RO AT 7 osh, AP ERZ(FC 2) BT RGBS FC 2.
XMC B KR AN 512 4ERE 5 32 4, It — Mr =i,

BEAk, N 7GSRI TERE, FATEPDER R Z R I TR — AT ReLU BuE %, it
H—ALRERG IR W AR AR B A%, 3R SRR MEIFINIE S T ReLU BRBUE VAR IEHGT sk, 7T
PASE NP 28 AR L PERE T, (R IRE AN M B 22 5 M PR Y A

e R, FATRA T Sigmoid bR ECKE A HE4 2 I HAR B F O+ 0 A1 1 ZIRIERE, E&
MF = RAE55. [, R = ous8 OB VR R BCR BT = N R 5 B s A Z R 2257, TR 2
ERAE YN 2RI e o H P RCR .

HIT CT il O & 2R, ASCRH Tirssteid aeng, MRS CT F M Wim, &5
AFAESERP IR T VL F o RNV R B0 F 584 CT M R IAR2E . X — SIS ik 1 Il 2k
R, IR REEAS CT [E R TR, TABAURI AR o IIZRR A 2K bR O] AR R :

loss(3,y) =—%Z(yi log(,)+(1-y,)log(1-3,)) 1)

i

2.2, HIERS

AR SCEIS FFAE R AR BN CT U1 BRRIE 7 3R HEAT 38 Z 2 . B TRHR CT A i LA
AFFERIVIR, FHICBRATHRE R & 28 7 R0 A BT B &Y e

FET RNN FIBEEY(CNN/RNN) & —Ff L2 LSTM W45, ZMZ 45 256 MRk s, BEfE&— N4
HREEAN A S BUBGE R BUZ . A CT YIA TR 32 4E4FE F EAR S N4, WS — NI R B JE—
M. BGEZ Mg & —A 256 4. s — E R E S A ER R S B R BUR A il 2
TR 25 () 1 BTR) . A S BUBEE R BUZ AR —NE 0 B 1 Z M — I3 — KA, 03 CT H#
- OVF MMt EE V). AT BE I MBRE R EN 0.5, IXAE T X 5 51 FH R .
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Figure 2. Data collection flow chart
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FIRIRE A o S TBON R3S AT BEAF AR 12 B S AN VE RO DL, (HIX A 0205 RE ey i S A g )1
Yr. SULFEIR, DT ARG T A AR R A SC BRI R KRB, AT L UM BHEE A X R AR A AT R
AR VAN )N E T B g i

3.2. YiETALLE

NT AR R TER, BATE CT A6 M DICOM X4y JPEG2000 %38, FFLL 10:1 )%
ARLLHEAT 4. W JPEG2000 #@& KA B 1E M R4 b e AR Fr e R Eg &, XAhT
FESD B B 1 [F R, LR B A B R A1 [34]

BeAh, T ERSR B A FEHE OO R Z R R, SRR AL AR T, AT CT Y)RA HET T 218
R ME AR DA — SR B . RIS — A EE, RYEES L T RN AR S, AZE
BRI

EAERRE, RS, AR T CT O 5% o AKX U1 i
T AIBTHEAR S BT DR AE E  1y SOANAT DAyl T8 A5 BRI 4, 3 R RS 447 9 )11 2 0 4 W e
it HE .

N T SRTHEE R UG R R A I B R, BRATOCR A T BENLIE S FKFF R AR N B s F B . &
I SEER IR, FARECE S R R AR s A Y . B Sk AR I BE AL FE IR ) [35] [36]7ESRUELR b IF R ok &
EHIVEREIRT, BIIFARKRHA .

N T iE N ResNet34 WIZS NS, FRATE CT U1 A 512 x 512 T RFER] 224 x 224, FEE K] =
NGRS . 5 HAD ) O SRRE R4 JBOR LU A SO AR SRR 4 E R T APz A bR . X — S R iR
TEINBIE S WS AEE N, [F R E R T O ER(E R .

3.3. &S

3.3.1. FHERELIIZ

ResNet34 FH AL 2 FAN A TEH(FC) 2, AT — 7038 X5 26 bR ORI BE A UBA B B Sy E AT I 5
i BIEE A FC 24 1 32 4ERFAE R &= AE N 42 LSTM 73 2888103 .«

WIES 2 3B 0.01, HEK/NN 192, FlRE W IIESE FRBURAFRARE, 2 5] SRR 1) Heng
SR BB R B 47 8. Adam TRALBRIISELEN B,=0.9, B, =0.999, s=1le—8., MNikHEITH AL
F, WATRH T B R A E R (1e—4) KA g VI Zd 2 . IIZRALIEEAT 400 NEM, 2 J53RATRS,
THEE—ZFTE S5, DRI R 5] — @ R R 5 A F 4 58 Z AT VA, AT AR R 3
B RasE Mo 3k e D IRALE PR AR T FRATAERFIESR I BOIRAG T A I RFIE R IR o

3.3.2. FHER &I

N T AHREU R IE AT R S, A UL T —A LSTM J2 0 — /M8 2R —A Sigmoid JEHI I
RNN HE&HA, LSTM ML E A 256 MR IC, 1X— 9% B &l ek B i R . &
EEMRE, BEMBNEARIET BA CT UIF, MRIET M CT S i B e U .

A PE KL WK T 35 Sigmoid 2 EAS R IR TN 0.1, IR REF A T 5
YEseg, I T dropout AR p = 0.2) LR E B 2 RS T, WSS .

FERGINGERET, AT B TIHEERBUN G 1 FC 2, A SR8 le—4. YIZIEHAT
T 600 A, BEJEEUISRERMBIEEMA G BT, R8N le-6, JEAUMNETT 50 I
M. X — RIS P BRI IR T B B A R B DA, 2Ol B fEvERE .
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FEAEMEMR B i AR 55 R B

3.4. MRERTHIE

MR R R, BATRM T 'NERWAINERML S HIrE. BAME, d—4H
AT 18 VLB B A 250 IR VE O FHEE AR X ISR HEAT T B 1P o X R PPAl 7 i Or 1Pl &
WA, G T BONRHE AL Z B R AR2 WiaE RECR A RAR M, D TR i W € B PPA4 3
TOATE, XA BRI R0777%,  FIHT 250 3 5 SO B AL AL 8 6 A R VP Al T 4R
TRARTT A RENS PROZ IR W 2 (B PR A A PR R0, SOt — DD PP SR . AP E BT RS & R
OVF ZWrsBATR G IEE R AL B, BATRA T 2R AWEIRB7#AT THSMNIHE, €8
PG I T A ME AR RO ORI &, THER s FE R el IRM T ol SR A I O e s, dRe it T
— N PG B A

3.5. REIEG

TER G REVPAL I B, BATTR RS H A CT S FIMERAEIE i i s 5 . BAdokUd, FoAT148H
0.5 VBRI BRI B 1 ) R . X3RRI T 0.5 ME N BRI A, FORPHTER I ERER IS, 2
— AN B L RRME . AT TS REIMERE, BATRA TARMERINLES 2 S0P fabr, GFEHE
B, KEIR . BUERYE. RERPER F1 030, IXUSRR AR WA R J7 T S i R G PERE, X L PPl FaAR 1)
JE SN 1 PR
4. R

PEH BIRERILE 129 A CT I Fra e rh R IR =, BAARBIES L% 1. RATE BRI MERE
5 DHMC JiU B4 iz Wt FEAT T X . 4 1 % Bon, CNN/RNN A A 7R F1 0%
KRBT K teAh, BATRBLZAE AR AR F1 43205 DHMC JEUNRHZE A LRI R 52 B T i)
R oRE STV EEC

Table 1. Comparison of model performance

= 1. BRI EExTEE

e K2 (%) (TP + TN),  #ERIE (%) H (%) i (%) F1 53 %1(%)
(TP+FP+FN+TN) TP/(TP+FP)  TP/(TP+FN) TN/(TN +FP)  2TP/Q2TP + FP + FN)
BETRHEART  88.4(81.5~93.3)  100.0 (97.2~100) 81.5(73.6~87.7) 100.0 (97.2~100)  89.8 (83.4~94.5)
CNN/FKitbit 814 (73.6~87.7)  83.5(76.2~89.6) 87.7(80.6~92.7) 70.8 (61.9~782)  85.5(78.0~90.9)
CNN/FHJHAL  87.6 (80.6~92.7)  95.8(91.2~98.7) 84.0 (76.2~89.6)  93.7 (88.1~97.3)  89.5 (82.5~93.9)
CNN/# AL 88.4 (81.5~93.3) 97.1(92.3~99.1) 84.0 (76.2~89.6)  95.8 (91.2~98.7) 90.1 (83.4~94.5)
CNN/LSTM 89.2 (82.5~93.9)  97.2(92.3~99.1) 85.2(78.0~90.9) 95.8(91.2~98.7)  90.8 (84.3~95.1)

N T HE— BT RATNE R RS, AT T RGERIE TARRHE(ROC), fRHL 1 FR
FEANFRAE T RITERE, XIEDY 0 2 1o BATER BN BHERA RN T HRE . R FT 575K ROC i
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& NHARAAUCO) BT 0.9, (EIRATMES] CNN/LSTM J5 i) ROC B2k 5 MU RHE A £ DAL, 455
R, FATH) CNN/LSTM J7iELE 12 W i i AA VEME I & T (OVFs) 77 R B AR s Al v, ke 5%
MV R AEAE 2

BeAh, FATBERHA T — Rl T A AR 3R IRIGUE R AT RS IR B CT H4 B T b PR A A5 Hr 4
TERIAE G B 3 JROR T XM AL BRI AN RG], X s g F R R R T84 CT YA |k
R EITiOR= £/

Figure 3. Performance of visualization technology in diagnostic atlases

Bl 3. AR AEISHTEISE ERYARIR

5. REFS 94

AW TR T — AN TR IER . IEERA R CT AR 7 B BB FA T AE AR5 HT (O VIF) FR IR B 4o 28 X 2%
B ZBRTEMAAE B BE S SERR O BHE A A 2, HAEMERA R F1 0 805 2 APl fadn LR B
Hea . TAVEH T —FpE T BRI E M4 (CNN) RIS OVE £l 7%, Je MBS CT U HR R IURHE,
FEE AT A2 25 (RNN) P B 43 R 85 T A X SURFAE, AT T34 CT Hfik T2 . e emtse k],
L GR AT TR R 2R A 1 45 SR TR A B A S i P R X SRR AR 12 AT 45 R HERR Y

AR RNN A HE T 5o K A R 12 M (LSTM)4E K, BB Ab 3 — R4 CT YIA HI&
YERFAE, HRHATHET B CT HHMLEE . 5HET U HRE M 2 FRUNRHE R & JEMEL, RS
I RNN RA LI T i B2 Wi i 1 a2 (R B A i A AUC SR FUBURE AL 5 T80 RS AR 1 1 e
ZEREIR, BATH CNN/LSTM BLAYAE OVF R IAE % o BAT R AP IHER R F1 2 3011

TEVPAl I R, AR SCRHUT A 4 i LA 5 5] ANATATIETE I i 22 . 7EMRREE B, FATHRIEL T A
SERHR S RIS WT,  DAMERE A STV S BRI PRIR5E b (O B AR R ILEAT L. 2 B AE & E
W44, BT FTE IR G 2 WS hrdE . 5385 BOVRAE SRS A L, 1D vk o B S b s ke 1 i
FHEATE NG IR S bR (R I o

FEMREE T, FRATVR B BHR S 2 W0 2= 5 E AP e R, B R A6 N R A IR 2 1R
Bl IXELPFIS ARG PR T N ROEHUR/EL TAE SRR 8“0 RS A i g A E S B =

DOI: 10.12677/csa.2025.1510264 247 HEHUR 5 R


https://doi.org/10.12677/csa.2025.1510264

BRI

PTE. stAh, OVF W IR, AGZHEAT CT B EE R, URRAIBUN BHEADY 15 A IR, FRE
S LRI 2R I LE R IR A o A IRATEE XS BE I TEAR T — LSRR 251, E38 Wi 22 70 % 5] /942
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JE RIS AL T RGN E SO RRAE R TERE . 48R B, RERITN ARG T
SRR R BLA ot B S, HER/DE] T SLEBU BB A FIA I KT

TR, FETUREEY 2K OVF HARITEZH G, T8 NP BT HBIMESTIEARZ
HEAAE (5 i BE D) 5 2 T 24K CT 43 K i 13 73 R T5 5 - AWEFUJR T 5 3, IU3AAE TR FMEIR 781,
it 7iAE, BRI 7 AT

6. &g

AHFFEHEH T —FAE T DA 7 1) BEAS RGUTE G — HOVR FE P20 I 265 A 42 r A7 o 380 3t Il 2R A0
B 2) RACKIET CT B8, AR RN s/ AT o XA R ra =) & U E
o AN, WATHIEER IR EL LA CT BRI 5 28 gika 2 A2 0.02 £, Fitt,
HUAERITHEMEL, BATHIARIR L 22 2107 k52t 7 — MRl m A AHEm 2 I T A,

7. RRMERE

AHE T SR R A R EAAIUAE LUR LA 5T . B 5, BATHNENAE — AR 8 EREAT 1T
RANVEAL,  ARLEA RN A8 30 HA S . BRI, 7Rt PIRIERE R iz AR T, ARSKRIN L
1 7 B H AL BB D AT T SO RIPE A . ek, BATHATII R AE B EEAS CT Hii 1
X, XA FEURAEERNES], A2 W HERTE. Dy 1 g A, JATTHRIT R 2 TR
FE2E 2R o BIARK, DR s W ORI EE AN AT SEE . BeAh, B0 B AR AN SR A T 4 G BN 2 ) i
FWHE Do BN, AKRAI I FIHELSCRE A B T 1R X Lo (5 2, M ITTHE 22 W B4 4 1 P A A S50t
. BRI R T AR R BER BTV, U R 5% U1 R RN I ZRAN 32 m A R
ARk, BATRARZRAE IR IR BIME S T 205305, 3t DX —Ha iR U I, JF R mi AL
BARERE

AR, BATHRIR I —J7 5 R B AR BN G AN HAt TR A de B s o A, JRATTTH&
FEIG PRI B iR th K R Gt IFEATRTIEERTIT, DIUPAE @ R A R SA IR . X s s
IR G VEAK PRI E DI A, IR R GUAE SRR RN T T R B 1, IR RENSE MLAS ] A I R 75 SR A7 35

E&WE

AT5H 1S 2N TR THRITE BT SR 2 X 28 [ LR UG A B TG AA i 1) 20 2R 792 (T
H%5: 2023K159)% B,

SE 3k
[1] Devlin, H.B. and Goldman, M. (1966) Backache Due to Osteoporosis in an Industrial Population. A Survey of 481 Patients.
Irish Journal of Medical Science, 41, 141-148. https://doi.org/10.1007/bf02943677

[2] Ott, S.M. (1991) Methods of Determining Bone Mass. Journal of Bone and Mineral Research, 6, S71-S76.
https://doi.org/10.1002/jbmr.5650061416

[3] TIto, M., Hayashi, K., Yamada, M., Uetani, M. and Nakamura, T. (1993) Relationship of Osteophytes to Bone Mineral Den-
sity and Spinal Fracture in Men. Radiology, 189, 497-502. https://doi.org/10.1148/radiology.189.2.8210380

[4] Yang,J., Pham, S. and Crabbe, D. (2003) Effects of Oestrogen Deficiency on Rat Mandibular and Tibial Microarchitecture.
Dentomaxillofacial Radiology, 32, 247-251. https://doi.org/10.1259/dmfr/12560890

DOI: 10.12677/csa.2025.1510264 248 R HURLE 5 R


https://doi.org/10.12677/csa.2025.1510264
https://doi.org/10.1007/bf02943677
https://doi.org/10.1002/jbmr.5650061416
https://doi.org/10.1148/radiology.189.2.8210380
https://doi.org/10.1259/dmfr/12560890

B

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]
[25]

[26]

Freds, FhKiz, WImelE, &5 N LR BEAEH OB AAAE o BRI S 43R 0], /N THSHL R 4t 2019, 40(9):
1839-1850.

Watanabe, M., Sakai, D., Yamamoto, Y., Sato, M. and Mochida, J. (2010) Upper Cervical Spine Injuries: Age-Specific Clin-
ical Features. Journal of Orthopaedic Science, 15, 485-492. https://doi.org/10.1007/s00776-010-1493-x

Engelke, K., Libanati, C., Liu, Y., Wang, H., Austin, M., Fuerst, T., et al. (2009) Quantitative Computed Tomography (QCT)

of the Forearm Using General Purpose Spiral Whole-Body CT Scanners: Accuracy, Precision and Comparison with Dual-
Energy X-Ray Absorptiometry (DXA). Bone, 45, 110-118. https://doi.org/10.1016/j.bone.2009.03.669

BEETE, BRR, OREH, S SR TS R M TN S A R ()], BRI AR J05, 2019, 34(5): 555-559.

Lee, J.1.Y., Aghdassi, E., Cheung, A.M., Morrison, S., Cymet, A., Peeva, V., ef al. (2012) Ten-Year Absolute Fracture Risk
and Hip Bone Strength in Canadian Women with Systemic Lupus Erythematosus. The Journal of Rheumatology, 39, 1378-
1384. https://doi.org/10.3899/jrheum.111589

Feng-tan, L., Dong, L. and Zhang, Y-T. (2013) Influence of Tube Voltage on CT Attenuation, Radiation Dose, and Image
Quality: Phantom Study. Chinese Journal of Radiology, 47, 458-461.

Li, N,, Li, X., Xu, L., Sun, W., Cheng, X. and Tian, W. (2013) Comparison of QCT and DXA: Osteoporosis Detection Rates
in Postmenopausal Women. International Journal of Endocrinology, 2013, Article ID: 895474.
https://doi.org/10.1155/2013/895474

Yang, Z., Griffith, J.F., Leung, P.C. and Lee, R. (2009) Effect of Osteoporosis on Morphology and Mobility of the Lumbar
Spine. Spine, 34, E115-E121. https://doi.org/10.1097/brs.0b013e3181895aca

Rand, T., Seidl, G., Kainberger, F., Resch, A., Hittmair, K., Schneider, B., et al. (1997) Impact of Spinal Degenerative Changes
on the Evaluation of Bone Mineral Density with Dual Energy X-Ray Absorptiometry (DXA). Calcified Tissue International,
60, 430-433. https://doi.org/10.1007/s002239900258

Ensrud, K.E., Blackwell, T.L., Cawthon, P.M., Bauer, D.C., Fink, H.A., Schousboe, J.T., et al. (2016) Degree of Trauma
Differs for Major Osteoporotic Fracture Events in Older Men versus Older Women. Journal of Bone and Mineral Research,
31, 204-207. https://doi.org/10.1002/jbmr.2589

Fechtenbaum, J., Etcheto, A., Kolta, S., Feydy, A., Roux, C. and Briot, K. (2016) Sagittal Balance of the Spine in Patients
with Osteoporotic Vertebral Fractures. Osteoporosis International, 27, 559-567.
https://doi.org/10.1007/s00198-015-3283-y

MRXisE, e, B, & ANLHBEEEENERAS QCT MEHHEN —SMM )], *EEZETHEIK
26, 2023, 29(2): 178-183.

Pisani, P., Renna, M.D., Conversano, F., Casciaro, E., Di Paola, M., Quarta, E., et al. (2016) Major Osteoporotic Fra-
gility Fractures: Risk Factor Updates and Societal Impact. World Journal of Orthopedics, T, 171-181.
https://doi.org/10.5312/wjo.v7.i3.171

Engelke, K. (2017) Quantitative Computed Tomography—Current Status and New Developments. Journal of Clinical Den-
sitometry, 20, 309-321. https://doi.org/10.1016/j.jocd.2017.06.017

Xu, X., Li, N, Li, K., Li, X., Zhang, P., Xuan, Y., et al. (2019) Discordance in Diagnosis of Osteoporosis by Quantitative
Computed Tomography and Dual-Energy X-Ray Absorptiometry in Chinese Elderly Men. Journal of Orthopaedic Trans-
lation, 18, 59-64. https://doi.org/10.1016/1.j0t.2018.11.003

Loffler, M.T., Jacob, A., Valentinitsch, A., Rienmiiller, A., Zimmer, C., Ryang, Y., et al. (2019) Improved Prediction of
Incident Vertebral Fractures Using Opportunistic QCT Compared to DXA. European Radiology, 29, 4980-4989.
https://doi.org/10.1007/s00330-019-06018-w

FLT, FoL, S, . CT SUHRRHMERE LAY ST % K A TR B 1 e 4 8 1 R TR EL[I]. LI R B 2
AR &, 2023, 34(6): 428-432.
Gausden, E.B., Nwachukwu, B.U., Schreiber, J.J., Lorich, D.G. and Lane, J.M. (2017) Opportunistic Use of CT Imag-

ing for Osteoporosis Screening and Bone Density Assessment. Journal of Bone and Joint Surgery, 99, 1580-1590.
https://doi.org/10.2106/jbjs.16.00749

Wolterink, J.M., Leiner, T., de Vos, B.D., van Hamersvelt, R. W., Viergever, M.A. and I§gum, I. (2017) Automatic Coronary
Artery Calcium Scoring in Cardiac CT Angiography Using Paired Convolutional Neural Networks. Medical Image Anal-
ysis, 34, 123-136. https://doi.org/10.1016/j.media.2016.04.004

REHE. TR SIEAE TGN AE 12 BT (A5 B JE[D]: (2200850, BiFS: 1B 2R, 2023.

Gulshan, V., Peng, L., Coram, M., Stumpe, M.C., Wu, D., Narayanaswamy, A., et al. (2016) Development and Validation
of a Deep Learning Algorithm for Detection of Diabetic Retinopathy in Retinal Fundus Photographs. JAMA, 316, 2402-
2410. https://doi.org/10.1001/jama.2016.17216

Esteva, A., Kuprel, B., Novoa, R.A., Ko, J., Swetter, S.M., Blau, H.M., et al. (2017) Dermatologist-Level Classification

DOI: 10.12677/csa.2025.1510264 249 HEHUR 5 R


https://doi.org/10.12677/csa.2025.1510264
https://doi.org/10.1007/s00776-010-1493-x
https://doi.org/10.1016/j.bone.2009.03.669
https://doi.org/10.3899/jrheum.111589
https://doi.org/10.1155/2013/895474
https://doi.org/10.1097/brs.0b013e3181895aca
https://doi.org/10.1007/s002239900258
https://doi.org/10.1002/jbmr.2589
https://doi.org/10.1007/s00198-015-3283-y
https://doi.org/10.5312/wjo.v7.i3.171
https://doi.org/10.1016/j.jocd.2017.06.017
https://doi.org/10.1016/j.jot.2018.11.003
https://doi.org/10.1007/s00330-019-06018-w
https://doi.org/10.2106/jbjs.16.00749
https://doi.org/10.1016/j.media.2016.04.004
https://doi.org/10.1001/jama.2016.17216

BRI

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]
[37]

[38]

of Skin Cancer with Deep Neural Networks. Nature, 542, 115-118. https://doi.org/10.1038/nature21056

Gonzélez, G., Ash, S.Y., Vegas-Sanchez-Ferrero, G., Onieva Onieva, J., Rahaghi, F.N., Ross, J.C., ef al. (2018) Disease Stag-
ing and Prognosis in Smokers Using Deep Learning in Chest Computed Tomography. American Journal of Respiratory and
Critical Care Medicine, 197, 193-203. https://doi.org/10.1164/rccm.201705-08600¢

FUE, PN, 220 )R BRETAALE fa i R TN R A A TR AL [)]. P R SR 44, 2011, 17(2): 166-
171.

Lee, S., Choe, E.K., Kang, H.Y., Yoon, J.W. and Kim, H.S. (2019) The Exploration of Feature Extraction and Machine
Learning for Predicting Bone Density from Simple Spine X-Ray Images in a Korean Population. Skeletal Radiology, 49,
613-618. https://doi.org/10.1007/s00256-019-03342-6

Pan, Y., Shi, D., Wang, H., Chen, T., Cui, D., Cheng, X., et al. (2020) Automatic Opportunistic Osteoporosis Screening
Using Low-Dose Chest Computed Tomography Scans Obtained for Lung Cancer Screening. European Radiology, 30, 4107-
4116. https://doi.org/10.1007/s00330-020-06679-y

Yasaka, K., Akai, H., Kunimatsu, A., Kiryu, S. and Abe, O. (2020) Prediction of Bone Mineral Density from Computed
Tomography: Application of Deep Learning with a Convolutional Neural Network. Furopean Radiology, 30,3549-3557.
https://doi.org/10.1007/s00330-020-06677-0

He, K., Zhang, X., Ren, S. and Sun, J. (2016) Deep Residual Learning for Image Recognition. 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, 27-30 June 2016, 770-778.
https://doi.org/10.1109/cvpr.2016.90

Hochreiter, S. and Schmidhuber, J. (1997) Long Short-Term Memory. Neural Computation, 9, 1735-1780.
https://doi.org/10.1162/nec0.1997.9.8.1735

Georgiev, V.T., Karahaliou, A.N., Skiadopoulos, S.G., Arikidis, N.S., Kazantzi, A.D., Panayiotakis, G.S., ef al. (2012) Quan-
titative Visually Lossless Compression Ratio Determination of JPEG2000 in Digitized Mammograms. Journal of Digital
Imaging, 26, 427-439. https://doi.org/10.1007/s10278-012-9538-7

Simard, P.Y., Steinkraus, D. and Platt, J. (2003) Best Practices for Convolutional Neural Networks Applied to Visual
Document Analysis. Institute of Electrical and Electronics Engineers, Inc.

Wu, R., Yan, S., Shan, Y., Dang, Q. and Sun, G. (2015) Deep Image: Scaling up Image Recognition. arXiv: 1501.02876.

Genant, H.K., Wu, C.Y., van Kuijk, C. and Nevitt, M.C. (1993) Vertebral Fracture Assessment Using a Semiquantitative
Technique. Journal of Bone and Mineral Research, 8, 1137-1148. https://doi.org/10.1002/jbmr.5650080915

Taylor, G.W., Fergus, R., LeCun, Y. and Bregler, C. (2010) Convolutional Learning of Spatio-Temporal Features. In:
Daniilidis, K., Maragos, P. and Paragios, N., Eds., Lecture Notes in Computer Science, Springer, 140-153.
https://doi.org/10.1007/978-3-642-15567-3 11

DOI: 10.12677/csa.2025.1510264 250 PR 55


https://doi.org/10.12677/csa.2025.1510264
https://doi.org/10.1038/nature21056
https://doi.org/10.1164/rccm.201705-0860oc
https://doi.org/10.1007/s00256-019-03342-6
https://doi.org/10.1007/s00330-020-06679-y
https://doi.org/10.1007/s00330-020-06677-0
https://doi.org/10.1109/cvpr.2016.90
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1007/s10278-012-9538-7
https://doi.org/10.1002/jbmr.5650080915
https://doi.org/10.1007/978-3-642-15567-3_11

	基于深度神经网络的骨质疏松自动检测方法
	摘  要
	关键词
	Automatic Detection Method for Osteoporosis Based on Deep Neural Networks
	Abstract
	Keywords
	1. 引言
	2. 方案设计
	2.1. 特征提取
	2.2. 特征聚合

	3. 实验
	3.1. 标准数据集获取
	3.2. 数据预处理
	3.3. 模型训练
	3.3.1. 特征提取训练
	3.3.2. 特征聚合训练

	3.4. 测试集筛选
	3.5. 模型评估

	4. 结果
	5. 研究回顾与分析
	6. 结论
	7. 局限性及展望
	基金项目
	参考文献

