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[ Abstract | Background and purpose: Breast cancer is a major global public health problem. Bone is the most common site of

distant metastasis of breast cancer, accounting for about 70% of all metastatic cases. Bone metastasis of breast cancer can cause a
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series of complications, including severe pain, pathological fracture, hypercalcemia, spinal cord compression, etc., which bring great
inconvenience to patients' physical activities and affect their quality of life. Metastatic recurrence is the leading cause of death in
breast cancer patients. Therefore, there is an urgent need to build a diagnostic model of bone metastasis in breast cancer to identify
patients with a high risk of bone metastasis. The aim of this study was to develop a predictive model based on machine learning to
predict the probability of breast cancer developing bone metastasis. Methods: Data of breast cancer patients diagnosed between
2010 and 2015 were extracted from The Surveillance, Epidemiology, and End Results (SEER) database. The variables were screened
by least absolute shrinkage and selection operator (LASSO) regression, univariate and multivariate logistic regression analysis,
and statistically significant risk factors were included to build a prediction model. In this study, nine machine learning algorithms,
including decision tree, elastic network, K-nearest neighbor, lightweight gradient elevator, logistic regression, neural network,
random forest, support vector machine and limit gradient lifting, were used to adjust the model hyperparameters through random
search and 5x cross-validation to build a breast cancer bone metastasis prediction model. The area under the receiver operating
characteristic (ROC) curve, calibration curve and decision curve were used to evaluate the model, the optimal model was obtained,
and the importance of variables was analyzed based on the optimal model. Finally, a network calculator for predicting the risk of bone
metastasis of breast cancer was established using the optimal model. Results: The study included 10 106 patients with breast cancer,
7 073 patients in the training set, and 3 033 patients in the validation set. We found that 4 494 (63.5%) patients in the training set
and 1 927 (63.5%) patients in the validation set developed bone metastases, respectively. Race, pathologic grade, estrogen receptor
(ER) status, progesterone receptor (PR) status, human epidermal growth factor receptor 2 (HER2) status, N stage, lung metastasis,
radiotherapy, chemotherapy and surgery were independent predictors of bone metastasis. The training set and verification set were
used to verify the model, and the limit gradient lifting algorithm was superior to other machine learning algorithms by integrating
the evaluation indexes such as the area under the ROC curve, calibration curve and decision curve. Finally, we used limit gradient
algorithm to build network calculator for prediction of breast cancer bone metastases (https://bcbm.shinyapps.io/DynNomapp/).
Conclusion: This study developed a predictive model based on machine learning to predict the probability of bone metastases in
breast cancer patients, hoping to help clinicians make more rational treatment decisions.

[ Key Words ] Breast cancer; Bone metastasis; Prediction model; Machine learning; Network calculator

20204, ot LM AE 2 ARG T A 230
TR B, R AR R B L 2 W
S S SEUNIET R, 90% L b 55k
B B M. L IR LRE Y 3
e ) o, BRI, REFREIA
60%~70% ** . Fe AT R IRAE BT I 75 1 S T
LR IEE O I, AT B
HRER IR B, TR emE R R E i
FERY TR 2

HLAR 2 21 7 BE 1 A FH S [ F 5 i) 254 A
WERTIU N AL 2 2T F AR A B 2R A0 5 0
WA T B £ A PR IR e 35 Ak O L AR
K, MLase>) B4z R RGN 2 Wi 45140
S, AT T SRIHL RS 5 X B IR AT
Oy, BABRT N FIAL AR 2Tk A Y
FEL {5 20 i 5 1 10 A S 00 A P
FEDIUBR DRI 1) A A

R 2 I I SR B A EE W
BEZAEE, WKAMZKIGEE, Izl
SRR, R im A Re BT Y R St TORTAL
200 S lE E SRR T R W . AT
A 2455 ( The Surveillance Epidemiology and
End Results, SEER ) {4l & — N Fil iy 2 4L
P, Bk A IS N T, , AL K 228%
HISEELN T, 280 T LA £ I R

FE BIAnTER . AR L R R AR AL L R Ay
G, EITHE G I AR  .

AR FRIEREOFPHLAS 2 > IR R B AR

H TR FEXTRIAPEAG XS L, SR IE A

FUIR I B R AL TR () T ik . AT TP A T
BT R E IR &g, JrEim IR
IEFH RIS S L R0 A i e RS Y LA
T, B AR IO PRAE bR 5000 LR S AL 1R
BEES S A R



(P @BER L) 2024/ F3455 108

905

1 ORI ik

1.1 E¥ERIE

i FHSEER*Stat 8.4.0.14fF, MSEER%#E
E20224F4 H A A “Incidence-SEER Research
Plus Data, 17 Registries, Nov 2021 Sub ( 2000—
2019) 7 rCEE L RRR A B A G BORE, RIRBET
PR H20214F 11 o FETF X IIFE Z /i, F-Al]
M SEERTHRI4EAE T8 i s, #Emi3k15 U5
() B PR RLRR o AR AT & (/R 2 E
7)) BOR, BORRRIE T A TSGR E, TR
A, AT e RS B E R E.
1.2 AN, HEBRIRE

WASRUE: D ZWAEA H20104E—2015
A Q@ Mg R R FLIR ;. B M (GEAbi%
) o HEBRARE: O BFE S BB R BOR R ;
Q@ BAEMA/NTIANA; O fmiEk a2 ik
K FE TR 1S ; @ BV BATE;, © &
F A R
1.3 TEREF

LW et o R TR oY (SN 1SN i S BN 1
ARG . D5 R, PRI A MEDK
EZAK (estrogen receptor, ER) IRZE . iR
ZAK ( progesterone receptor, PR ) JIRZE. AEK
K FF324K2 (human epidermal growth factor
receptor2, HER2) JRZE. /0 F WA [ ERFIPRIR
BEIE NI ZEZIK (hormone receptor, HR ) IR
AT N REREERAL (i L FL
G ) | BOTES . ATIER . TG
1.4 ZEitshiE

SRR R (Am) Fon, R E
AR R o (8 TR A HH B ML A A R B i
7 3ELBI A N ZR AN RUEEE , R “glmnet”
AT IR/ N XTI BRI E 2 55F (least absolute
shrinkage and selection operator, LASSO ) [=] 15
SRR AR A, XA TR R 2 R

logistic[rl 5434, #3207 XU R &5 DLk o3&
fEI g, R “tidymodels™ i fi ] b5k
# ( decision tree, DT ) . 5L 2% (elastic net,
EN) . K#gif4F (K-nearest neighbor, KNN) |
B s BTl (light gradient boosting
machine, LightGBM ) . ## [ (light gradient
boosting machine, LR) . M M4 (neural
network, NN) . BEMLEEM (random forest,
RF) . Z¥Fm &ML (support vector machine,
SVM ) FI FRAS B $2H+ (extreme gradient
boosting, Xgboost) SE9FHLEN >k, W
REAILIE 2R AN S A 28 LIS UE R HEA ARG S8, f
FLI I B A PR . AR 2210 TAE
H#1E (receiver operating characteristic, ROC ) [ifj
e 4 F Y (area under curve, AUC) |
HEM PR R Y DX O3 B e B, TSR fh 407
RS A I R SE R MME . P<0.05 k&R A 41t
RN CRHREAM (43.004) 5EEES T
ST

2 4k H

2.1 BEELBME

HE 4 8 A bm fE FIHEBR b5 7, ANSEERZ#
FEREEELL0 1066155 B UM B A, BEPLY
R4 (7 07361 ) FIEUELE (3 03341 )
WAL R B R R 2 R B H ik E L
(P>0.05) . WIABEMIELFHEIF,
22 FBEEREXEBEBHMNTERE

fii FHL ASSO a1 5 43 A7 X6l S B A 7116 R 4
TEZERE, 19001 RAR 45 2 10414 I R & L)
b, A RBIRRRR . EHEESE S . ERIRZAS . PR
ARZS . HER2IRZS . N4r) . WifERS | iy . fk
57 FAR () o K LR AR g gy A SR %
fZ H FlogisticH3 4T i 7x, LASSORIIH 43
BT A5 2 11 10442 55 35 5 5 % B AH DG 1 2l 7 PR 32
(#£2) .



906 EREEY, F BT WSS IR REEHRB NG
R OEEHE
Tab.1 Characteristics of the patients
[n(%)]
Total Training set Validation set
Variable P value
(n=10 106) (n=7073) (n=3 033)
Age/year
<40 787 (7.8) 549 (7.8) 238(7.8) 0.916
=40 9319 (92.2) 6524 (92.2) 2795 (92.2)
Race
White 7 633 (75.5) 5357(75.7) 2276 (75.0) 0.652
Black 1647 (16.3) 1137 (16.1) 510 (16.8)
Others’ 826 (8.2) 579 (8.2) 247 (8.1)
Gender
Male 118 (1.2) 87(1.2) 31(1.0) 0.429
Female 9988 (98.8) 6986 (98.8) 3002 (99.0)
Marital status
Unmarried” 5249 (51.9) 3670 (51.9) 1579 (52.1) 0.890
Married 4857 (48.1) 3403 (48.1) 1 454 (47.9)
Laterality
Bilateral 23(0.2) 17 (0.2) 6(0.2) 0.593
Right 4895 (48.4) 3447 (48.7) 1448 (47.7)
Left 5188 (51.3) 3609 (51.0) 1579 (52.1)
Grade
I 813 (8.0) 570 (8.1) 243 (8.0) 0.993
I 4215 (41.7) 2954 (41.8) 1261 (41.6)
I 5001 (49.5) 3496 (49.4) 1505 (49.6)
v 77 (0.8) 53(0.7) 24 (0.8)
Pathological type
Ductal 8418 (83.3) 5885 (83.2) 2533 (83.5) 0.105
Others 683 (6.8) 500 (7.1) 183 (6.0)
Lobular 1005 (9.9) 688 (9.7) 317 (10.5)
ER status
Positive 7 608 (75.3) 5300 (74.9) 2308 (76.1) 0.223
Negative 2498 (24.7) 1773 (25.1) 725 (23.9)
PR status
Positive 6215 (61.5) 4340 (61.4) 1875 (61.8) 0.680
Negative 3891 (38.5) 2733 (38.6) 1158 (38.2)
HER?2 status
Positive 2618 (25.9) 1849 (26.1) 769 (25.4) 0.422
Negative 7488 (74.1) 5224 (73.9) 2264 (74.6)
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F1(4)
Total Training set Validation set
Variable P value
(n=10 106) (n=7073) (n=3 033)
Breast subtype
HR/HER2 1447 (14.3) 1013 (14.3) 434 (14.3) 0.452
HR/HER2" 893 (8.8) 646 (9.1) 247 (8.1)
HR'/HER2 6041 (59.8) 4211 (59.5) 1 830 (60.3)
HR'/HER2' 1725 (17.1) 1203 (17.0) 522 (17.2)
T stage
T1 1470 (14.5) 1022 (14.4) 448 (14.8) 0.501
T2 3446 (34.1) 2385 (33.7) 1061 (35.0)
T3 1838 (18.2) 1305 (18.5) 533 (17.6)
T4 3352(33.2) 2361 (33.4) 991 (32.7)
N stage
NO 2370 (23.5) 1 669 (23.6) 701 (23.1) 0.078
N1 4585 (45.4) 3157 (44.6) 1428 (47.1)
N2 1352 (13.4) 978 (13.8) 374 (12.3)
N3 1799 (17.8) 1269 (17.9) 530 (17.5)
Brain metastasis
No 9464 (93.6) 6630 (93.7) 2834 (93.4) 0.604
Yes 642 (6.4) 443 (6.3) 199 (6.6)
Liver metastasis
No 7 743 (76.6) 5418 (76.6) 2325 (76.7) 0.972
Yes 2363 (23.4) 1655 (23.4) 708 (23.3)
Lung metastasis
No 7 144 (70.7) 5001 (70.7) 2143 (70.7) 0.979
Yes 2962 (29.3) 2072 (29.3) 890 (29.3)
Radiotherapy
Yes 3595 (35.6) 2 549 (36.0) 1046 (34.5) 0.142
No/unknown 6511 (64.4) 4524 (64.0) 1987 (65.5)
Chemotherapy
Yes 6264 (62.0) 4408 (62.3) 1856 (61.2) 0.295
No/unknown 3842 (38.0) 2 665 (37.7) 1177 (38.8)
Surgery
Yes 4232 (41.9) 2991 (42.3) 1241 (40.9) 0.208
No 5874 (58.1) 4082 (57.7) 1792 (59.1)
Bone metastasis
No 3685 (36.5) 2579 (36.5) 1106 (36.5) 1.000
Yes 6421 (63.5) 4494 (63.5) 1927 (63.5)

*: Other ethnicities included American Indian/Alaska Native, Asian or Pacific Islander; *: Unmarried included divorced, separated, widowed,
single or domestic partner.
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LASSO regression analysis for clinical feature selection

A: Coefficient distributions of models drawn for logarithmic (lambda) sequences at different penalty levels; B:10 times cross-validation error, the first
vertical line is the minimum error, the second vertical line is the cross-validation error of 1 times the minimum standard deviation.
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Tab. 2 Univariate and multivariate logistic regression analysis of influencing factors for bone metastasis in breast cancer patients in the

training set

Univariate Multivariate Univariate Multivariate
Variable Variable
OR (95% CI) Pvalue OR(95%CI) P value OR (95% CI) Pvalue OR(95%CI) P value
Race N stage
White - - - - NO - - - -
Black 0.82 (0.72-0.94) <<0.001 0.94 (0.81-1.08)  0.358 N1 0.88 (0.77-0.99)  0.040 1.00(0.88-1.15)  0.956
Others” 0.72 (0.61-0.86) <<0.001  0.77 (0.64-0.93)  0.006 N2 0.83(0.71-0.98)  0.030 1.06 (0.88-1.27)  0.550
Grade N3 0.62 (0.54-0.73) <<0.001 0.82 (0.69-0.96)  0.017
I _ - - - Lung metastasis - - - -
I 0.95(0.78-1.17) ~ 0.640 1.12(0.9-1.38)  0.300 No - - - -
I 0.42 (0.34-0.51) <<0.001  0.74 (0.6-0.91)  0.005 Yes 0.50 (0.45-0.55) <<0.001  0.50 (0.44-0.56) <<0.001
v 0.25(0.14-0.45) <<0.001 0.42(0.23-0.78)  0.006 || Radiotherapy
ER status Yes - - - -
Positive - - - - No/unknown  0.61 (0.55-0.67) <<0.001  0.53 (0.48-0.6) <<0.001
Negative 0.32(0.28-0.35) <<0.001 0.55(0.47-0.64) <<0.001 || Chemotherapy
PR status Yes - - - -
Positive - - - - No/unknown  1.72 (1.55-1.9) <<0.001 1.23 (1.09-1.38) <<0.001
Negative 0.40 (0.36-0.44) <<0.001 0.71 (0.62-0.82) <<0.001 || Surgery
HER?2 status Yes - - - -
Positive - - - - No 1.76 (1.59-1.94) <<0.001 2.01 (1.79-2.24) <0.001
Negative 1.57 (1.41-1.75) <<0.001 1.16(1.03-1.31)  0.017

*: Other ethnicities include American Indian/Alaska Native, Asian or Pacific Islander.
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Fig.2 Five-fold cross-validation graph of a machine learning
algorithm

DT: Decision tree; EN: Elastic net; KNN: K-nearest neighbor;
LightGBM: Light gradient boosting machine; LR: Logistic regression;
NN: Neural network; RF: Random forest; SVM: Support vector
machine; Xgboost: Extreme gradient boosting.
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Construct the diagnosis model of breast cancer bone metastasis based on machine
learning
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Fig. 7 A network calculator for predicting the probability of bone

metastasis in breast cancer patients
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