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Abstract

Objective: To establish an auxiliary screening model for opportunistic rapid screening of osteoporosis
in patients undergoing chest CT examination by utilizing T12 and L1 vertebral information from
routine non-contrast chest CT scans along with corresponding DXA bone mineral density results,
combined with machine learning and radiomics methods. Methods: A retrospective collection of
600 patients who underwent non-contrast chest CT and DXA examination (interval < 30 days) at the
Affiliated Hospital of Qingdao University from January 2024 to June 2025 was conducted. Patients
were randomly divided into a training set (420 cases) and an internal validation set (180 cases) at
a 7:3 ratio. Additionally, 263 patients from Jining First People’s Hospital during the same period
were included as an external validation set. Regions of interest (ROIs) of T12 and L1 vertebrae were
delineated using ITK-SNAP version 3.8 software, and radiomic features were extracted using the
Pyradiomics module. Feature selection was performed using Mann-Whitney U test, Spearman cor-
relation analysis, mRMR, LASSO, and 10-fold cross-validation. Six machine learning models (LR,
KNN, SVM, etc.) were constructed. Clinical and nomogram models were developed by incorporating
independent clinical imaging factors. Model performance was evaluated using AUC, accuracy, and
other metrics. Results: A total of 1688 radiomic features were extracted per patient, with 25 optimal
features retained after selection. Among the six models, the LR model achieved the highest AUC and
was selected as the final radiomic algorithm. The AUCs of the radiomic model in the training, inter-
nal validation, and external validation sets were 0.880, 0.803, and 0.848, with accuracies of 0.838,
0.767,and 0.791, respectively. The clinical model achieved corresponding AUCs of 0.759, 0.746, and
0.765, with accuracies of 0.757, 0.744, and 0.787. The nomogram model achieved corresponding AUCs
of 0.897, 0.849, and 0.875, with accuracies of 0.790, 0.756, and 0.871. Delong tests showed that the
predictive performance of both the nomogram model and the radiomic model was significantly su-
perior to that of the clinical model (all P < 0.05). Conclusion: Machine learning models based on radio-
mic features from non-contrast chest CT scans can effectively distinguish between osteoporotic and
non-osteoporotic patients. The nomogram model combining clinical variables and radiomic features
demonstrates the best predictive performance, providing a more comprehensive and accurate as-
sessment of osteoporosis risk and serving as a reliable quantitative tool for early clinical screening
and personalized intervention.
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Figure 1. Flowchart of patient inclusion and exclusion criteria
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Figure 2. ROI delineation
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Table 1. Comparison of patient characteristics among the three groups
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(n =420) (n =180) (n =263)
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(n=134) (n = 286) (n=58) (n=122) (n=117) (n = 146)

(%) 66.09+8.15 59.24+834 <0.001 67.72+9.20 60.92+8.17 <0.001 68.26 +9.33 56.55 + 10.64 <0.001
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5 <0.001 0.013 <0.001
T 14 (10.45%) 80 (27.97%) 8(13.79%) 38 (31.15%) 11 (9.40%) 67 (45.89%)
4% 120 (89.55%) 206 (72.03%) 50 (86.21%) 84 (68.85%) 106 (90.60%) 79 (54.11%)

Table 2. Uni- and multi-variate logistic regression analysis of clinical variables in the training set
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Lasso Selected Features with Coefficients
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Figure 3. Selection of radiomic features by the least absolute shrinkage and selection operator (LASSO) regression model. (a)
Selection of the tuning parameter (1) via ten-fold cross-validation. The vertical dashed line indicates the optimal 4 value. (b)
LASSO coefficient curves of the selected radiomic features. The vertical line is drawn at the optimal (1) value. (c) Distribution
of the selected radiomic features and their coefficients from LASSO regression. (d) Visualization of the top 25 radiomic fea-
tures with the highest selection frequency
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Figure 4. (a) Training set ROC curve, (b) internal validation set ROC curve, (c) external validation set ROC curve
4. (a) IZE ROC BhZk, (b) MIBERILIESE ROC HhZk, (c) SMERIGIES ROC HhZk
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Table 3. Value of different machine learning models in distinguishing between osteoporotic and non-osteoporotic patients
= 3. TENZEF ERTNE RENEESEERELEENNE

A AUC (95% CI) UM RERME R PPV NPV

IS 0.880 (0.845~0.915) 0.791 0.86 0.838 0.726 0.898

LR A ER IR R 0.803 (0.735~0.871) 0.759 0.77 0.767 0.611 0.87
G AT S 0.848 (0.801~0.895) 0.855 0.74 0.791 0.725 0.864

e S 0.902 (0.873~0.931) 0.791 0.846 0.829 0.707 0.896

KNN W ERIS IR SR 0.715 (0.642~0.788) 0.966 0.377 0.567 0.424 0.958

AMERIIESR 0.812 (0.763~0.860) 0.752 0.705 0.726 0.672 0.78

S 0.956 (0.939~0.974) 0.97 0.874 0.905 0.783 0.984

SVM W ERES IR SR 0.734 (0.659~0.808) 0.897 0.508 0.633 0.464 0.912
HMERIRIEAR 0.817 (0.766~0.867) 0.718 0.836 0.783 0.778 0.787

S 0.979 (0.968~0.990) 0.955 0.916 0.929 0.842 0.978

XGBoost PR G 0.799 (0.727~0.872) 0.862 0.738 0.778 0.61 0.918
HMERIRIE£E 0.838 (0.790~0.885) 0.812 0.781 0.795 0.748 0.838

RS 0.973 (0.960~0.986) 0.91 0.944 0.933 0.884 0.957

RF AN S 0.782 (0.706~0.859) 0.724 0.82 0.789 0.656 0.862
HMERIR LR 0.825 (0.776~0.875) 0.803 0.76 0.779 0.729 0.828

e S 0.985 (0.976~0.994) 0.94 0.951 0.948 0.9 0.971

LightGBM PR S G 0.782 (0.708~0.855) 0.897 0.672 0.744 0.565 0.932
HMERIRIE£E 0.794 (0.741~0.847) 0.872 0.589 0.715 0.63 0.851

LR: ZH A ARBA; KNN: K HOLARHA; SVM: LR BN, XGBoost: WREEEIRFEM,; RF: FENLZR
MER, LightGBM: 2B EAEE R TR

Table 4. Delong test results for pairwise comparisons of AUC values of different machine learning models in the external
validation set

4. HMERIIESR P A EN 2R F SJ R BUM A 8] AUC {E Delong #3845 R

LR KNN SVM XGBoost RF LightGBM
LR 1.000 0.160 0.178 0.631 0.279 0.016"
KNN 0.160 1.000 0.847 0.373 0.618 0.561
SVM 0.178 0.847 1.000 0.433 0.747 0.414
XGBoost 0.631 0.373 0.433 1.000 0.438 0.009"
RF 0.279 0.618 0.747 0.438 1.000 0.120
LightGBM 0.016" 0.561 0.414 0.009" 0.120 1.000

LR: ZHEETHA; KNN: K 4R, SVM: ZHFRENER; XGBoost: HRIRFSEIRABA,; RF: BEHLAR
MAERY; LightGBM: BRERHERFABE; "P <0.05.
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34. IRRIRE, RAGEFERR, FIRERBITNMERETAY

SEE I PR AR B e JBUR 2 SRR AR IR 51 2 BT 2R B T AR &5 SR i 6] 5 B, 78 3 AN AR, IR ABEAY
A% A1 S AR e 37 2 VR R TR F T BV L% 5 1 6()~(c) 7R T A7) T AR R 33000 14 A f) ROC fh 28 .
WGREErR, B ERAL . AR 2AE L | IR RAE AL ) AUC 43514 0.897 (95% Cl: 0.867~0.927). 0.880 (95%
Cl: 0.845~0.915). 0.759 (95% Cl: 0.710~0.808). 1|4k A AL . FAARZH 2250 AL 1 F0l 2k i 32 ¥ 25 v T I PR AL
R, %5 AFSH#E L (Delong #:%:: Z 8 =5.994, P<0.001; Z {4 =4.162, P<0.001). 414k FIRiAY
BTN BE o T AR A A R, 2 5 4iit 227 X (Delong #:56: Z i = 2.071, P =0.038 <0.05). W
IGUESE R, BILRRIBEAL . S A A L I RBE AL AUC 435114 0.849 (95% CI: 0.794~0.903). 0.803 (95%
Cl: 0.735~0.871). 0.746 (95% Cl: 0.667~0.824). 41| £& IR [ T R RE 2 2 5 T I PRASE Y B SUA5 21 2 A5
B, ZRBAAS % X (Delong ¥5:: Z 1 =2.971, P=0.003<0.05; Z{i =2.038, P=0.042<0.05).
SUAG A AR [ T M e v TR PRAR Y, (H 22 7 41t 2% X (Delong #65%:: Z { = 1.115, P = 0.265 >
0.05). ARG UESE T, BIZR IR | SR A | i RABE Y 1) AUC 43124 0.875 (95% ClI: 0.794~0.903)
0.803 (95% CI: 0.735~0.871). 0.746 (95% CI: 0.667~0.824). 41| £& RIFE Y [ T 25 A% &l 25 v T W AC AR 750 K% B
B AT, 72 5 HAA Gt %% X (Delong f %% : Z { =3.939, P<0.001; Z {6 =1.057, P=0.290>0.05).
AR AR S A ) TR R A 2 35 v T RS, 22 5 B Gt 4= U (Delong A3 %: Z {6 =2.197, P =0.028).
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Figure 5. A nomogram for predicting osteoporosis status in patients based on clinical variables and radiomics
5. ETIRART & REGEFTNEE B REMRSHTIZLE

Table 5. Value of different prediction models in distinguishing between osteoporotic and non-osteoporotic patients

F 5 TEFMEREX S EREMREESEERBMREZHNNE

B AUC (95% Cl) BURME KRRt iRTIES PPV NPV

IE%eS 0.759 (0.710~0.808) 0.582 0.839 0.757 0.629 0.811

I PRASE Y W BRI RS 0.746 (0.667~0.824) 0.586 0.820 0.744 0.607 0.806
AR TESR 0.765 (0.701~0.829) 0.726 0.836 0.787 0.78 0.792

EEES 0.880 (0.845~0.915) 0.791 0.860 0.838 0.726 0.898

MGH A NEIRIELR 0.803 (0.735~0.871) 0.759 0.770 0.767 0.611 0.870
HMEBIGAFSE  0.848 (0.801~0.895) 0.855 0.740 0.791 0.725 0.864
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Y ZREE 0.897 (0.867~0.927) 0.910 0.734 0.790 0.616 0.946
B 2 BB P SR 0.849 (0.794~0.903) 0.897 0.689 0.756 0.578 0.933
A RIS IESE 0.875 (0.828~0.922) 0.880 0.863 0.871 0.837 0.900
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Figure 6. (a) training set ROC curve, (b) Internal validation set ROC curve, (c) External validation set ROC curve
6. (a) IIZREE ROC fh%k, (b) MIZRISIESE ROC HhZk, (c) SMERIIEE ROC MiZk

B 28 AR RS v 2RV LK 7 (a)~(c), S5 RB, 512k PR AY f) T A R 5 S Bl SR B A U 1) —
FtE. DCA 55 (K 8(a)~(c)) i, PIFFIRE S XU BRI{HYE B 7E 0.18~0.46, 56 iE 4 Hh XU B 3
FEl7E 0.22~0.87 ), F2k BB B A B i 18 3R 2 o
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Figure 7. (a) Training set calibration curve, (b) internal validation set calibration curve, (c) external
validation set calibration curve

B 7. (a) NGEREZ, (b) NIBLIERRERLZ, (o) SMNPIIESRRIEEZ
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Figure 8. (a) Training set decision curve, (b) Internal validation set decision curve, (c) External validation set decision curve

[ 8. (a) WILEIRKEL, (b) NFPMIERRKLZ, (c) SMAPIIESRRIRNLZ
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4. ¥1ig

AR TR T RE B CT ~FHEME LA ¥ 1 R 4 25 5 IR R AR AR AE I S R B, T3 ik
s L eI A . A TR A BN, XA 2R R R & SR S R R I s LR TR A R RE, IZREE. K
BRI IE A SN I6AE A5 Th AUC 4391035 0.897. 0.849 1 0.875, HERAZ /%4 0.790. 0.756 F10.871. AWt
FEER G EEAR I CT #H47 B TS E N PE IR A O AL 45 SR — 3, v VRS [15) 5 T CT B
JEUSF 4 2 R AL 1B TR P T AR AUC Dy 0.85, 5 AHIF FE S48 41 24474 () AUC (0.796~0.896) 4
s YiM ZE[16]M ML A IR E 2 GRS PRI B R 6 S0 50 R SR i A i 8 AUC
9 0.87, SAHE A EBEAL AUC 45 RAHTRT .

AT TE AN FINLA 5 IR, B2k LR BLAUE AL DR L 5B, BN LR BB SR G4
FAMH: BEAR LR BALAMIRIGIESE AUC A 0.848, 15 XGBoost £5:7(0.838) Filill R Ae#HiL, %R LSkt
FEN(P = 0.631), {H LR BRGUIE ST ttmilt, EIN%E. AMKIESE. JMTRIEE AUC K3
W £% 715 (0.880, 0.803, 0.848); <M XGBoost. LightGBM %54 stk Al Zr4E AUC Hiik 0.979. 0.985,
P EBIGIESE AUC JRF4 2% 0.80 LR, SVM ALt M 0.956 4% 0.734, A HHMEEE. A4 LR AN
VR, AR B R AR A E AR B BB (TR, 3 T I PR PR AR OO s i B A A
T CBARA”, TRIEEMNTRAEDTEREE, M LOE RS IR R I B 5

KAWL SMOTE VEAEEARAT M 5, SHEMAENSR - WUEEIEREVE 2, HAZ O RN E 22
BTN 5T 2% P SHRRFAEANVCIC, SRRSO B A Re Jyid o, S FERHAR I ZRER = e 75, i LR 2R 1tk 285 0t
Mg 7 i 52 1k B s e B SRR S M DA RS A A PR B A ). EE SRR R T, it
— MRS E . TFIHBAEE, SMOTE VAN RER IEFE AL AP 10 3, JC i B B0E SRR Ak 57 o 1k
R - HHf B A UCHC S o) /R, DR b G200 e R 400 & XU

EAFE R, ARYAE = AR S T R IAFE — 8 2 7 U R UL AR RUTE VI 2R 8 b AUC 14 0.880,
EAE PR IIESE P 22 0.803, HE/RAR AL AT BEAFAE— @ PR B M Id 100 G5 177 271 28 PRI RS 2R 7 A1 0 360 TIE A v PR HE A
2(0.871) = T I ZR4EE(0.790) FH PN H1 46 UE£E (0.756), K BHIMIKAL & 5| NAE— @R AL B3 si 1 A2 fh e
71, XSEEEM LR —E. B0, Pickhardt Z[17]7F CT MLt 7 ig i, Az Gists B A
BUFRZWEe, AECE IRIR R A Bl — DR A R @M . Song 45 [18]50HT KR NS I i 5T
UESE, TERBURFEREAE FINA SRR 5 55, B3 AUC M 0.87 #2714 0.95, HEAMIIGIESEH R IL
HE Mz ALRE ). X — SR NG S AR T ], BRI 2 LB G T IR AR Iy
TEFRIE L, DL — R (R fR i T A AN

VFEW AR, CT LB MR % EAE B S 5% N & Sk DXA 1 T B H 1R I
AR, 252 119] % T T6-L1 Hifk CT 5 DXAT 2 B3 LA, Wil fds CT & 2 ik CT 14
AT RO R SR . Weber Z5[20]1F 7T 278, QCT (Quantitative Computed Tomography)ZE i) BMD T
{5 DXA FEMI(R? = 0.84). XISCEE[211FF A Al B3 & R4t 5 DXA T HmE—(r = 0.767),
W BELA B AUC 5 0.941, IESELL DXA AEArAE 5 TE CT Fifi &y A 5 QCT S5
RN FHMAE, 3B 3CRF 71X —4518.

AWFFEILGIN 863 ] 2 L B2, A NI WERIRIE AN SN IS IR . —2H T AEVER . F e
B B A RO AR AR R ) TR A 3 22 5, B AT Ee T, X 5 BEAE B 7t — B Mattia 55 [22]7E POSE
WHICHIESE, /e W2 IAERE . PR BMIL B3 BRI FBEARR R LREES, WR TG
BT AR L AT SEVE . Ebina Z5[23]H1 Cosman 25 [24] I BENLXS BEIR L& FIRER 1 1 4L IA] RE R R G B 22
ST T2 R
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A, WA R EFERE LN 56 &, Lotk 5 ELZ R T4%, B AL E 1 R R 200N 63%, 1T
T4 50 % LLE BRI 157K T (19.2%) [14] [25] [26], W] fE 5 AT il 78 0t R K REAS th Lok 5 46 K 230
IR Ve BB As B T I, FER S W42 5 BB E KCE R BT S EUE R A o8
[27]-[29]. AEEFE R A RE R E L AR N R, MEFRAWIEK, SRR, SHE =
BT, DRI A ST, P S RS B i E B TR AARE RO SRS R 3R, IR 9 RS 2R ) )
BT AP SR . Bhoh, AR FCIERT, B BRg S IX (T2, L1) )R 2 BE AL IR SO IR, P RE AL
R BRI “ T E 7 [30]-[32]. BRI ACH F ke 45 DA LB (T12, L1)HEAR Ay b2 i ROI AT AL 4
FE T FREEAE A 1 5 P AT RS HE VRS B AT R LI PR S 12 DX 2 B A A A T b e e e 4
S E R RRRDL, T TR AL OB (/] & 11[33].

AT TR R A e B AU B T R R CT fr A i, o A A & AR R 8], 3&H T2 Fh
IR, ®T 50 & DL EA AR . A5 it 2 S0 S5 it v fe N RN (R e Ak A, 7EHEAT IS CT Ji
T A A [FRT, AR AR BT B BB AARENL 2 VE IR Y, SEILBRPZE 0 1 IR0 RS VRS, X5 2 T
BRI 5 ) = —3[34]s R AN T BRI PR, B3, (EdE TR OCFARRT, nr R A BEA: IR
I CT VPAh B g b KU, F8 SR ERAEFR 58 3 AL (0 N A BB B BB SE 1) Fa2 R, B
A NTE ) B B A i 0 2 A R L, BB o i A i T 10 R 2 RS B AR 7 4HL,
JCHAE BLYRA PR 1 X 5 B AT A

AT ST B BRI FE, AN AT 8 G A7 AR e B ANE B R o A0 78 AR e R 2 B 2 N TF3h 77 =0,
AIREAT A — & B ZE, ARSI 7R DAFF A 45 FH B 3l 25 B B2 R B2 w5 RO (1)) IS B2 | /) 1] ) v i 1
F—FE . 548, ARl U 2R RS O vk ML 2 D) Sk bl 1 oladE, ARSREF AR AT LS
TS B 22 TR A 2R (R 2 SRR AIE ) Sk B M B AR R R . MR B kA T — X IE
Wi, FEEHbIR R, AR AR AU AT DL E 2 1 HhIX . 2 B BT LR SR AR, T G A
Y

5. &P

LR EPnA, AHTFERIE T HES CT Pl o S AR A S R IRBERY, (R R A L2 P O
PRI R R RREAIAR E M, IR T IR Alilm R, 5 bRl DXA 45 REA w2t B RE
FEA . SRS HEB PP A4 B A AR, Dl R I A S AR T IR AL SRR AL TR

B B
ABE TN EBPERE T, AR MR A F) MEERI, IR H SRR R it B2 o1 i

HAEGAES . QYFY-WZLL-42131). BRI FUAAE A BEAE I PR 12T h i FUR AR M B 4 A 8, AN i
P00 R% £ 3 KR T XS, BT S [R) rif H R A S TR
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