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Abstract

Osteoporosis (OP) is a disease characterised by increased bone turnover and decreased bone mass,
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accompanied by bone fragility, leading to an increased risk of fracture. Osteoporosis affects 10.2%
of adults over the age of 50 and is expected to increase to 13.6% by 2030. With the global trend of
population ageing progressing at a rapid pace, osteoporosis and osteoporosis-related fractures are
a common cause of morbidity and mortality in the elderly, yet osteoporosis is not clearly diagnosed
in routine practice. Dual-energy X-ray absorptiometry, the gold standard for the diagnosis of oste-
oporosis, is performed in only 2.8% of people aged = 20 years in China, compared with 3.7% of peo-
ple aged = 50 years. Therefore for better diagnosis of osteoporosis and reduced bone density, it is
necessary to seek effective, safe and cost-effective alternatives. In recent years, machine learning
(ML) has emerged as a promising technique for predicting risk. Currently, Al has been reported to
be actively applied in the field of medical diagnosis and screening to improve diagnostic accuracy,
such as the diagnosis of lung nodules and the detection of bone fractures. This paper describes the
current status of Al application to osteoporosis, with the aim of providing a new direction for future
clinical osteoporosis diagnosis.
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1. 5]

HIRBANE & —FE T, ZREM G TN, A ERIK. BHAMS WS E %
FERRAR, BmASECEIH AR BEENDSMNEL, NOZEEE™E, 5 B E K
NAER TUAE LR AR — AN H A3 UCE A S AH o MR Sl 78 0 [l ) — 100 4 [ P A 22 v R R A, 50 %7 DL
NEEHL, 2P0 5k (B TR R FA 240 N 29.13%F1 6.46% [2], THitF) 2050 4F, X — LA 43 i 48 in |
39.2%F1 7.5%. Hpr#Efhil, *EILA 4930 5 R 1090 15 B EAE G RE3]. DMEVFZ R
B, K2 B P T 16 e PRS2 W o i TRk RE o R, DR 25 BB o R RA R R B O 2 i s 191 7E A A4
JUT A A EMN, BERRAEHEA SR, Xl SBEGE R REMIET R, Kk, #he
B R SIRE JSBRAA RO B T8 50 (V) TR A i) B R X, mTDATIS R AL M AT, PR
PRI AE . Ak, AL R (artificial intelligence, Al A DLRJE 1938 5 3 T Il R 8648 50 Bhiz 7, Al
I N FE R BAARE IR A 2 W R R, o K ARG R R AN E . IR R AR SOt N T
RETE B TR P I R AT R, DASROAIE PREZ BT 297 8
2. NIERESAERGEARAPHN AR
2.1. AITEgE X &iSHE R AR

Chen-I Hsieh S5 [4]HF & 7 —/> B A0 T B RN B Hr AT % B, FERIH X 47 vPAd a3 R
. I 5164 F1 18,175 445 75/fBHE X £& 77 Al Hologic DXA & 4% T B HEATINR, & I R B AARE
FRIAS T 73 0] b 28 THRRURT IE A %820 591 9 0.89 AT 91.7%, AT B o i AAAE PRk At 74 [ fl 28 T AR AN IE A R

43 °A 0.89 F1 86.2%. Namki Hong 25 [5]HF & T — AN T B HEMIAL X 28 F BTR FE 5 ST 9F 2 B TR0 -8 J5
ERPATEFMER S 3, @ XT 2007 4E 1 H & 2018 4 12 H 7E 55 [E Severance [ERt 9276 1] 50 % DL I &3

ik

DOI: 10.12677/acm.2025.15102796 600 Il R 125 23k i


https://doi.org/10.12677/acm.2025.15102796
http://creativecommons.org/licenses/by/4.0/

TaA, BIRE

ATEAEMIAL X SR IR, 45 FE 3R B IR B 2% =) VP43 R DRI 3 (40 ME A & 47 R TR AR RE , I HLEE B
2t I PR 38 IE B8 S ok 7 v fE N BERG A 31 DXA K. Bin Zhang 25 A [613 3 — AN FE 5 A 48 j 2%
(DCNN)BELRY, Sof JEAE X 2k EHRHEAT 1 sk A8 R AA (1 7326, 45 R BB A2 W & s fa 1) AUC
J90.767, L RS E AUC A 0.787. Ryoungwoo Jang 25 A [7]44E 1001 i4E#5 K T-45T 55 % i) %
PR B DXA 5 UL IE A R0 B 40 657 B X 2R UG 22 B0AF HOR BT P4 I 46 A5 12 I OP I HETf
PE, S5 RR U] Z DNN B e AR A 5 81.2%, BUSME N 91.1%, FF5 14N 68.9%, ROC 2k NI
BN 0.867, EBHIZALAL ] AE A B BT s fa i T A BS W . dhat, N TR B2 WrE s A AT LA
AL X ZREAS ST, W] LUR) A HoAth 544% . Shintaro Sukegawa 25 A [T 32 48 T A LR 4 5
X E R E ERAASE AT 4328, I T — AU 2= G A R A S s e S I AR U, $d e 12
W R

2.2. NIEEEA CT iSHiE BFMAE PRI 3 RR

Hanns-Christian Breit Z5[9] {47 2018 4E 4 H % 2018 4F 6 H WA 232 M35 CT Al DEXA Toxt b 25
it 10,919 5, “FIER 67.7 &, FHF T A TR GEANIERHZ M 24 (CNN) FIE AL S &
H CT AR % B HERE, IR 5@ H DEXA HIHIE NS5 1R RS T I . K. Uemura 25 A
[10146 /8 F 2 T VISR IR BE 27 SRR H 340 %1 CT BUR BB AR AY o K544 = 11 Hounsfield A7
Ao B (mglem®), JEIEXS 315 F B AT N THAWRIER LR, BEALIREE 28 IR, B v b
i, A CT AR 22 i AT, foJo FE I 1 CT AR AR5 21 el R 1T, 2t 4 JE 1 30 i T B 2% 2 (CT-aBMID),
N 97536 1 R 7 fa 2B - Liwei Cheng %5 A [11]%F 616 {51 B A bR AR BEAT (BB 73BT » ATHSEHLITZ 1485 (CT)
SR BUBUR 2 A7 AE, SR Logistic B (LR) SCRF ) & HL(SVM) RIS HLAR AR (RF) 50246 22 S 2HL 2 A8
FIF 323 AR FRAE ih 2% (ROC) M B R B A AR A . I B R & logistic [F1U59 40 HT (ULRA) F1 £ [K 3=
logistic [ A 73 HT(MLRA) i € I R & 6 R 3, BTG IR, I AL — AN 4l G TSR 2 % o I PR e B DA
AR 2 5] B (R e A B A A2 W i TR B AARE . Tao Peng %8 A [12]F1 F I FE 2 ST X S MAE #EAT 73
%5, FIHMLE CT B HUNE %5, 458 ROC ik iR, IR MRERMMLINRE -, Kmpl s
N CTEET CE BT R B T =) =3R4 R A T35 AUC {E 4338 0.999. 0.970 F1 0.933.
REZE[13] 5 R AR FE M W 2 S HLA% % S Bk, BT MU IR CT P s i M a2 17 Ji ¥ i 25 P A
DAL, 7 P b e e B S ASE 2 0l i S £ 2 SR AT 28 R v, e ¢ SO T 1 % B B AR B I
B AASE 18 BB T .

2.3. ALEsEE MRI ST E BRI B R A i R

Jayasuriya, N. M. [14]%7F & 7 — M ET N TARER YOLOV8 #8Y, iZ A A m] T H gl ih HUEO R X
BANE I MR SR HEE BUR(VBQ) I/, 1AL B B AR AR R, AN xs & #% f BER DA B 1 &
SR AT, Wu F [15]53 T I8 0 200 5 THEHOR (FACT) T (AR 5 2 BU(FF) A1 R2 5t % (T2
{5150), FEERTS PN B BUBAMAE IS T ROR, 245t FACT HR AT B & B b A fE Bk e il 72 B i FF
A R2"AHREE WA A, AN B RE VPG R A T A TR B bR 5. Michail
E. Klontzas Z¢[16]if i CNN ¥R 2% 3] BT MR MG F 5 5% 715 81 i 14 B i B 4 (transient osteoporosis of
the hip, TOH) #3851 3] L & 55 5 5 5 Sk i 14 31 58 (avascular necrosis, AVN) 4 512 W, 5 Inception-Res-
Net-V2 fHEG, HEBAE R AVN 2 RS B FT TOH A 4 (el 20 B8 iy, BEPRSR IR 2 v T ) R D
[F4T(P < 0.001), IEHIVRFESJFEX 5> TOH Al AVN Jr RS Mz, B H a7 v skfe o A b 2F
R -
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FPRFAESRHRE 1, (B “SRAE” 5T e S BRI ATRREVEAN 2 o AR GENLAS 2 2 Tk BAR AT R
5, (HTER JRARRHE SR IRE J) EAEAE— @ R . H i AN L8 BeBORTE B W06 KA RE 12 Wi o (1 )82 FH &S T
2 EERSE APk, B, BURFEAS Ze MR A i . FK, Al BRG] ARREEAS A2 FT RERE
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RILATREAFAEZE T+

4. BESRE

BRI AE A — R R VEDR , HX 3 RO R S AR T R R B o T gkt Ik AR JE . D,
BT S NAEREAT I & I SRt PR T T it R A B S AR, B RS BRI A DR, BRI
ATAIZEBR, KA FOSRAME 7 2 (AT I 15 2 Pk BEAh, BRARFAERFIRIGIR TG R, WAE X 4F
2 LA (DXAVEE H FLZ T iR P B BTSRRI B AE — s FEE L2 1 & b Al 1) S 012
Wro 7 HESD N TR BEHORAE U B2 22 SURRIER A RLHT - ASKAE SE R AU JUAN T T BEAT T . B %,
TER T ARREVER ALBERY, B iiR b C A B TR Al FE RS B8 5 i RS 4R T & 5 grAs XU 77 T
FATRGS (078 71, DRI R S mT DA e 3 5 T3S 21 2 R AR AT i s (i R RS R 1 ZE W bn 5 5%), 1
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PEANA R, TR AR AR 5 2R 24 ot M B A8 B A T VA Gl Bl HESDEBIE AL 7= i R EAL B HEERE, O Al
BRI AR FE AR PEBOR ORI . AR SO N L RELE 1 SR AARE R (& 212 W U K N BUIR #EAT T R 48
FiER, $Es TN DR RERORAE R BN AE 2 Wb RV AE DL, T 1 AR I PRI Wi ARG THE (2 77 s
i N2 FH BT 5
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