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Abstract

Objective: To analyze the predictive value of four machine learning algorithms in constructing all-
cause mortality prediction models for patients with chronic obstructive pulmonary disease (COPD)
and cardiovascular disease. Methods: Data from three survey periods (2013-2018) were extracted
from the NHANES database. Participants were screened based on their diagnosis of COPD combined
with cardiovascular disease, and 490 subjects were included. Data across periods were integrated,
and missing data, outliers, and inappropriate records were removed. After variable screening, four
machine learning algorithms were constructed to predict the risk of all-cause mortality in patients
with COPD and cardiovascular disease, using all-cause mortality as the outcome indicator. The four
prediction models were compared, and their performance was systematically evaluated using ROC
curves, calibration curves, and DCA methods. Results: Univariate and LASSO regression analyses
identified 10 predictive variables: smoking status, hemoglobin, aspartate aminotransferase (AST),
lymphocyte count, body mass index (BMI), monocyte count, age, immune-inflammatory index, low-
density lipoprotein (LDL), and total cholesterol. Using these selected variables, prediction models
were constructed with RF, SVM, logistic regression, and XGBoost. On the training set, the areas un-
der the ROC curves for Random Forest (RF), Support Vector Machine (SVM), XGBoost, and logistic
regression were 0.8353, 0.8571, 0.8289, and 0.7573, respectively. On the test set, the AUC values for
RF, SVM, XGBoost, and Logistic regression were 0.7277, 0.7294, 0.6897, and 0.7220, respectively.
Conclusion: All four models demonstrated good discrimination capabilities on the training set, with
the SVM model achieving the highest AUC and best predictive performance. In the test set, the AUCs
of LR and SVM were similar, suggesting that LR has comparable generalization and discriminative
ability. Compared to the training set, the AUC of each model decreased on the test set, yet overall
maintained above-average predictive efficacy. Based on the combined ROC curve analysis of the
training and test sets, the SVM- and LR-based model for predicting mortality risk in COPD patients
with CVD demonstrates optimal discriminative capability and good generalization performance. It
serves as an effective tool for early identification of mortality risk in COPD patients with cardiovascu-
lar disease, providing a reference for clinical risk stratification and intervention decisions.
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M PENTIR RGN, A2 RIEH 2 TR (L] [2]. BT 7R, COPD (& A AE 3 5
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BRI R oK 22 B0 F T 1Al COPD 37 il 28 Bl I 5 007 FR B A SL N AU [11], 45 COPD ¥
A (CAT). BODE f5#0%F . XEALGRA Z 42 £ K F logistic [81). Cox LAl XU (Bl V355 48 vt 7 1%
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IRFEAS A 45 R SEIR A IARAR DAL M S A & k. @it E & P81 F8 5 (National Death Index, NDI)#% %
PRAE T KIIBET RV (E R, A8 T AR AT FE 1 RS TR NPT R o 11 2 7 SR I 48 AH LA
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18 %5 (2) 15 BH ZE 1 it 97 1 4 5 AR i 2 DL AT — 2% R © SCRE Y R AN G 55 —Fb F i S,
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O NHZHECAH(DEMO): & FR . W, @ i EHdE i milE. &ifEBPQ). @ Ik
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AT EE SR AT AR, R UIZREE SR AR AT 22 e 0, PO R 5N AL R 22 57 . A9 il T
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FEAEALZE(SVM) BENLARAR(RF) 3848 [B1 VA (LR) K A% st s 2 £ (X G Boost)#E A7 T A5 A4 5, Ff
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ROC fizk s/t R E/RIIZREH SVM [ AUC {4 0.8571. RF i 0.8353. XGBoost 24 0.8289 Tfij
Logistic [A19>4 0.7573, M4+ & SVM (¥ AUC 14 0.7294. RF A 0.7277. Logistic [F1)4 0.7220.
XGBoost >y 0.6897, X — [ 2843 #7245 S 3% B DU AR B 7E I 254 1) AUC B35 3 TR (L K 3. ] 4).

MR B FERR B, SVM BIRI/E AUC (EHAIH B2 FARSASE IR, & & AT 7 22 A0 s XU
B, RE AR S VAT R 22 50, E R PR 22 77 T TE 47, LR BEAL R AR M R B A ¥
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10-fold CV for LASSO Logistic Regression
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Figure 1. Results of ten-fold cross-validation
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Figure 2. Coefficient path plot of LASSO Logistic regression
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ROC Curves (Train Set) - 4 Models
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Figure 3. ROC curves of four models in the training set
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ROC Curves (Test Set) - 4 Models
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Figure 4. ROC curves of four models in the test set
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Model Performance Comparison (Test Set, 95% Cl)

Model AUC Sensitivity Specificity Accuracy Precision Recall F1
SVM 0.7282 (0.6104-0.8372)|0.7168 (0.5294-0.8947)|0.5747 (0.4878-0.6610) (0.5995 (0.5208-0.6736) | 0.2623 (0.1607-0.3659) [0.7168 (0.5294-0.8947)(0.3815 (0.2500-0.5049)
RF 0.7259 (0.5918-0.8392) [0.5964 (0.4000-0.7779)|0.7157 (0.6333-0.7949) [0.6949 (0.6181-0.7641) [ 0.3068 (0.1800-0.4424)|0.5964 (0.4000-0.7779)|0.4020 (0.2571-0.5366)
Logistic 0.7218 (0.5963-0.8333)0.5987 (0.4090-0.7917) | 0.6658 (0.5803-0.7522)(0.6542 (0.5764-0.7361) | 0.2744 (0.1607-0.3935) [ 0.5987 (0.4090-0.7917)(0.3734 (0.2353-0.5000)
XGBoost 0.6888 (0.5560-0.8082)0.6010 (0.4000-0.7895)|0.6572 (0.5703-0.7369) [ 0.6475 (0.5693-0.7155)0.2700 (0.1579-0.3889)(0.6010 (0.4000-0.7895) 0.3698 (0.2338-0.5000)

Figure 5. Comparison of model performance on the test set
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Calibration Curves (Test Set)
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Figure 6. Calibration curve in the test set
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AT 3 2 TR T EAT DR SR L LAl (R FE 2295 ) SRS HOR BE B, SVM AT Logistic [m]JA1E 5K B 3
R REE LA S

3.4. BFERAREY
AWK SHAP MBI 204 SYM B, fi% . M Bl W, &5 KaEie g e, H
SHAP /AR . MR EIEEE) 2 T IER X ARMEGE)Z AT M X, $RRIX LS br e 5 HEsh

T % 1n) IE 28/ G 7 R ARk . AERE . BMILL WG4 A — e s AST. LDL. JH[EEE SHAP {52
i 0, SIRRE/NILE 8).

DOI: 10.12677/acm.2026.1631127

3221 I IR 2= =23t e


https://doi.org/10.12677/acm.2026.1631127

Decision Curve Analysis (Test Set)
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Figure 7. Decision curve analysis (DCA) in the test set
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Figure 8. SHAP summary plot for the SVM model in the training set
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4. ¥1ig

1 P [ 2 P4 Jifi 2 93 (COPD) A A BR LU 5 i R (12 1 P IR &R G, HL B R BT K [14], 1
O ML & COPD s WL 2 —, ELOTIUS sm 2 & 38 i,  H il COPD & IO L 5 i 58 25 (144
BREMZ, HePRBET-RYE ETF, COPD &I CVD BE M HER T A FERRE L L. Oitishhe
T E, HEAIE RGIFRE, WilhdiE T, JREHE NG RS SR T 1035 &,
B R i s, AHA O I 0 J5 A0 T KU B 2. =i [10] [13] [15]. COPD &3 CVD &
HIFET RS2 2 AR R, R AR RETRE(BMI). s AR AR R S, X
e R R 52 BTG R, ARl X RRA AR, B T e T KU VA Y 5 A P 16],
WXL GE ARG iR T el TIASHE 723 T NHANES $u¥ B, o 22 4EFE IR PR IEHEAT B0 45, SR
R Z. LASSO [RIH#EAT AR Bk, JFBES Logistic [1JH. RF. XGBoost & SVM PUFhHL 88 2% > Hik,
F4%d COPD & Ff0 LB B B8 FE T RS TR Y, 3R G BN [FIABEZRY (1) 4 70 RUCRE « AN 5 A i PR 52
A, R 2 5 ARE BER A T8 PR TR AR A -

AHFFAL I 4 FLES 2 2] 718 SCRRIR B 2R (SVYM)  BENLARAR(RF) 228 [R] VA (LR) S Al i 56 2
FETH(XGBoost), it HL#S 2% 31 (1 50T LA R i NFRIEAS BT /NRR 22, s 2 ik, &
HTAS R AL A% 2 IR A 6F COPD A 50 LA 073 J8 8 R AR A IR BE T2 %6 [ FRU R i, 345 7R I AR R eT LA
WEREA F R IAT IR SR, F T FHR1E COPD & 0 ML A s B B T U HE R, R4 bl o
EEXHEM T IS A, PR ET R, I HIRRET R4 FA4H[17] [18].

AHFFLLLEL T SVM. RF. XGBoost & LR PUFh . 7E COPD & o I P52 3 K83 8 1T ARG Tt v )
T IR SVM 35 B 15 = (AUC = 0.8571), Ml 42 H SVM (AUC =0.7294) 5 LR (AUC =0.7220)
RIFE, EZFAK, FORIEEIESE LA ek 5 AR S 1z (et Re . RHETTH, LR
(1) Brier score (0.1250)5 SVM (0.1302)#Hix HLBSAR, $E/nHAEZ FUNES € A T SVM;  Yesk th 4 70 i
R N AR IR 3R . ARLRME AR R B E M, WRESHARGR. AR KAERE
SER R R LA AZ M = G 06, (A AR (38 25 1 IE Ak S5 AR ZEHR - 258558, SVM 1R K BE
B S v O T W R ST e SR E R v I K T v N e PN a7 N
8, TESEBRAFH sl £F 5 B AR R A AT 1 0 I T R

WA RRYE, B FREEE KRR —, HEAT AERERIE, RIEATIMIIIE, BN AR ) AT REA
ST HEHATIOAE, HR RS, SR T LASSO [HHfE, AIRESHEG —tf & L As &, Tl RE
S TNGE 77, 85 BT TR R AR A, P R R TN AN 4 T

2k LFTiR, COPD & IfL MUEH B B AR ARG T A, G2 2. . &%
HRUPIRES . JE S KPR R 7 55 2 PR R I SE RIS, T KU A FH S — 4R b AR . A
WFFC3ET NHANES $di e, o 2 4k FE IR 5 50 505 BTG, R 2 L3S 2 o) S st o XA
TRIAEAY, N FIRE T ReAEVERE S PRIR 25 55 5 T AT R LI, 45w, ASRIBAY 7 0 4 e
& AR, HA SVM A Logistic [FIATELR & RIS PRIE F 1407 T BA — R iR d oz
AR VP AL R AR B T — e S E A

A B
AT T AV T2 TFEE B (NHANES) o 124005 P ) I 46 1 2 CL3R1G AH RS B2 01 2 i HE T LS
SZAREREFE . AT IO R AR R A TR AT — R, BB 34T S (R B w1 L R0 1 )

N
Bo
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