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Abstract

Objective: To develop a machine learning-based model for predicting the 2-year risk of pulmonary
metastasis in patients with osteosarcoma, and to accurately identify key predictive indicators asso-
ciated with pulmonary metastasis, thereby providing evidence for early clinical intervention. Meth-
ods: Clinical data of patients with osteosarcoma treated at the Affiliated Hospital of Qingdao Uni-
versity from January 2016 to December 2025 were retrospectively collected. Pulmonary metastasis
was defined as the presence of lung metastatic lesions confirmed by imaging examinations within a
2-year follow-up period. Core predictive variables were jointly screened using the Boruta algorithm
(with 10-fold cross-validation, selecting features identified as important in more than 9 of the 10
folds), correlation analysis, and least absolute shrinkage and selection operator (LASSO) regression.
Subsequently, eight different machine learning models were constructed. Results: After multistep
feature selection, six key predictive features were ultimately retained: albumin, soft tissue involve-
ment, hemoglobin, alkaline phosphatase, C-reactive protein, and lactate dehydrogenase. Among the
eight constructed machine learning models, the logistic regression (LR) model demonstrated the
best performance, with an area under the curve (AUC) of 0.93 in the training set and 0.92 in the test
set. The model achieved a sensitivity of 92% and a specificity of 82%, indicating good generalization
ability and reliable predictive performance. Conclusion: An interpretable model based on a multi-
layer perceptron (MLP) can effectively identify osteosarcoma patients at high risk of pulmonary
metastasis. The model demonstrates stable predictive performance and has considerable potential
for clinical application.

Keywords

Osteosarcoma, Pulmonary Metastasis, Machine Learning, Risk Prediction, Explainable Artificial
Intelligence (XAI)

Copyright © 2026 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 51§

i PR (Osteosarcoma) {1 e PR 5 5 IL RS SRR RS 7 R, B B0 8 T D 4F RAE R IR, 24
o BT TR AT BT 35% (1] M4 A% A2 B AR R d s LDz AR e R A, A M 27, 20 80%
IR M AR S 1 R R AR NI [ 2] — BUR AR RS, BB 1 5 SEAEAF 3R MATIR T 60%~70%
SRR 20% AR [3]. Rk, FIPRSHESON S w8, 3T lE MR T s IRALRE IR
s LA K 50 SR TR A 2 5C B IR R T o

HAT, ImPR_EIPAE AR B E TR, EEBUE K/ Enneking 7331 223547 5545 Gl R
FRFR, AHIZLESR FRAE TN At 7% S A KU g T (R HERA PEAFAE W R JRBR (4] JLEER, HLER ST HRAEE S
o PO s S T K N s g, FLRENS F Sl S & AR 2 AV SRR AR SR SR, A R TS Tl
RS AERES] -

DOI: 10.12677/acm.2026.1641549 2921

=
s
i
g
5
A


https://doi.org/10.12677/acm.2026.1641549
http://creativecommons.org/licenses/by/4.0/

BT FIRWTTEH S, ABETELLT B RSB B2 Bt 5 bl RSO Dy, 1A >R Boruta 5895 A
KMk HT 2 LASSO [B1HT7 R ATRAE e, IR LA 8 AL ds o SRR L e, B AETT R —
AL A8 I R SIEFH (L 1 PR i e 6 XS 99000 T L
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2.1. HFREIT
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Table 1. Comparison of baseline characteristics between training set and validation set

= 1 NIRRT IESR B E B L FHELLER

FHEH ALL TREE WL P&
TR () 35.051 +23.409 36.667 +23.768 34.359 +23.268 0.347
BMI (kg/m?) 21.807 +3.821 21.966 + 3.863 21.738 +3.809 0.726
Ji983 K /IN(em) 8.087 + 3.025 8.314+2.927 7.990 + 3.068 0.359
Tl B R G (U/L) 251.141 + 66.253 261.860 + 65.390 246.547 + 66.221 0.029
FLIE I B (U/L) 268.436 £ 49.351 265.037 £ 50.553 269.892 + 48.860 0.472
13T (mm/h) 47.922 +16.347 49.269 + 17.653 47.345 +15.757 0.548
CRP (mg/L) 7.827 £3.052 8.077 £3.232 7.720 +2.972 0.309
ML E F(g/L) 112.710 + 10.848 112.471 + 11316 112.813 + 10.663 0.828
M/NRTE (< 10%/L) 281.372 £ 40.960 282.540 + 32.852 280.871 + 44.033 0.249
HEHA(ZL) 35.118 +2.997 35.050 £ 3.174 35.147 £2.923 0.648
g7 A % 4.837 +£2.583 5.238 +2.059 4.665 +2.763 0.241
REARFFEERT ] (H) 3.485 +2.969 3.315+£2.412 3.558 +£3.179 0.909
PRV 6.251+2.317 6.210 +2.277 6.269 +2.338 0.802
PR (n, %) 0.019

% 148 (42.286) 34 (32.381) 114 (46.531)

& 202 (57.714) 71 (67.619) 131 (53.469)
JR R ER AL 0.829

0 118 (33.714) 38 (36.190) 80 (32.653)

75 (21.429) 25 (23.810) 50 (20.408)

2 42 (12.000) 11 (10.476) 31 (12.653)

3 73 (20.857) 20 (19.048) 53 (21.633)

4 42 (12.000) 11 (10.476) 31 (12.653)
EERA R 1k 0.937

0 177 (50.571) 56 (53.333) 121 (49.388)

1 53 (15.143) 14 (13.333) 39 (15.918)

2 41 (11.714) 13 (12.381) 28 (11.429)

3 49 (14.000) 14 (13.333) 35 (14.286)

4 30 (8.571) 8(7.619) 22 (8.980)
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¥ I8 43 2% 0.19
0 41 (11.714) 16 (15.238) 25 (10.204)
1 122 (34.857) 40 (38.095) 82 (33.469)
2 187 (53.429) 49 (46.667) 138 (56.327)
T 733 0.279
0 104 (29.714) 28 (26.667) 76 (31.020)
1 138 (39.429) 37 (35.238) 101 (41.224)
2 106 (30.286) 39 (37.143) 67 (27.347)
3 2(0.571) 1(0.952) 1 (0.408)
N 73 1.0
0 297 (84.857) 89 (84.762) 208 (84.898)
1 53 (15.143) 16 (15.238) 37 (15.102)
SR 0.908
0 314 (89.714) 95 (90.476) 219 (89.388)
1 36 (10.286) 10 (9.524) 26 (10.612)
WAL 1.0
0 224 (64.000) 67 (63.810) 157 (64.082)
1 126 (36.000) 38 (36.190) 88 (35.918)
AL TR 0.95
0 130 (37.143) 38 (36.190) 92 (37.551)
1 106 (30.286) 33 (31.429) 73 (29.796)
2 114 (32.571) 34 (32.381) 80 (32.653)
BRI R 0.096
0 44 (12.571) 20 (19.048) 24 (9.796)
1 94 (26.857) 29 (27.619) 65 (26.531)
2 119 (34.000) 31 (29.524) 88 (35.918)
3 93 (26.571) 25 (23.810) 68 (27.755)
MRI 58{LFR 0.323
0 97 (27.714) 29 (27.619) 68 (27.755)
1 115 (32.857) 40 (38.095) 75 (30.612)
2 138 (39.429) 36 (34.286) 102 (41.633)
Fr sy 0.003
0 52 (14.857) 6 (5.714) 46 (18.776)
1 298 (85.143) 99 (94.286) 199 (81.224)
WI7TT % 0.006
-1 52 (14.857) 6 (5.714) 46 (18.776)
0 217 (62.000) 74 (70.476) 143 (58.367)
1 81(23.143) 25 (23.810) 56 (22.857)
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I IR 0.007
-1 52 (14.857) 6 (5.714) 46 (18.776)
0 117 (33.429) 38 (36.190) 79 (32.245)
1 181 (51.714) 61 (58.095) 120 (48.980)
FABTR 0.002
0 214 (61.143) 72 (68.571) 142 (57.959)
1 85 (24.286) 13 (12.381) 72 (29.388)
2 51 (14.571) 20 (19.048) 31 (12.653)
FARIZ 0.301
-1 51 (14.571) 20 (19.048) 31 (12.653)
0 216 (61.714) 63 (60.000) 153 (62.449)
1 60 (17.143) 14 (13.333) 46 (18.776)
2 23 (6.571) 8 (7.619) 15 (6.122)
BT 0.674
0 116 (33.143) 37 (35.238) 79 (32.245)
1 234 (66.857) 68 (64.762) 166 (67.755)
REAT: iR s 0.105
0 341 (97.429) 105 (100.000) 236 (96.327)
1 9 (2.571) null 9 (3.673)
Paget Ji 0.127
0 344 (98.286) 101 (96.190) 243 (99.184)
1 6 (1.714) 4(3.810) 2(0.816)
JBT S 1.0
0 335 (95.714) 100 (95.238) 235 (95.918)

15 (4.286)

5(4.762)

10 (4.082)

4.2. FFEERE

FENZRGEP R 10 #7158 XIRUER) Boruta 5035, W4 9 RFHFIE )y confirm FAZ &, M 33 4
fRIEAL PN T 9 MEEAZRE 1(a). MRMEIAR IR E(r < 0.7). Ffi/5RH LASSO [Fl
TP, RAME 6 NEIUTIRAE: AEA. AR, M4EA. WEPRE. C kMK
B AR A B . S RAERILEME<S, 2 JEAANLE S I (E 1(b)s B 1(c)-

4.3. {RBET SWF

8 FipLasF IR AE VI ZRBA S 5 K A A i R B HEAT [R5 VAl BEATLAR PRAFAE 7™ 2 (13 30L& (14
2(a) E 2(b)). HMELZ T, B FEALR)EIR T &z i gtt, EAMUIERAAG 4R T mKF
FIFRMARE N ZREE AUC = 0.93, llil4E AUC = 0.92), 5 EL &40 5 (1) R AU (0.92) A BH 14 7 {E.(0.82),
T FLAE VR o e SR R HE BRI S N7 TS AL T At SR (1] 3(a)s ] 3(b)). PR M Mgt — 20
HESE, 7B iz (M KR BB VG Y, LR 2R RLE I KR FH H e de it R i3k 2 (B 2(c)~ & 2(d)).
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Figure 2. Subject work characteristics curves and clinical decision analysis curves of 8 machine learning algorithms
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