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Abstract

Background and Objective: Chronic kidney disease (CKD) is a common comorbidity among individuals
with cardiovascular disease (CVD) and is closely associated with adverse outcomes. However, the key
features for identifying coexisting CKD in the CVD population have not been fully clarified, and the role
of dietary antioxidants in disease identification has not been systematically evaluated. This study
aimed to develop an interpretable machine learning model for identifying CKD among individuals with
CVD and to assess the contributions of dietary antioxidants and other relevant features to model output.
Methods: This study used data from the 2007~2008, 2009~2010, and 2017~2018 cycles of the National
Health and Nutrition Examination Survey (NHANES). Participants aged = 20 years with CVD were in-
cluded. Those who were pregnant or had unreliable dietary data, implausible energy intake, or miss-
ing key variables were excluded. CKD was defined as an estimated glomerular filtration rate < 60
mL/min/1.73 m? or a urinary albumin-to-creatinine ratio = 30 mg/g. Logistic regression, random for-
est, extremely randomized trees, gradient boosting, XGBoost, and LightGBM were used to develop mod-
els for identifying CKD. Model performance was evaluated using the area under the receiver operating
characteristic curve (AUC-ROC), the area under the precision-recall curve (AUC-PR), and other perfor-
mance metrics. SHapley Additive exPlanations (SHAP) was further used to interpret the contributions
of dietary antioxidants and other key features to model output. Results: A total of 946 participants with
CVD were included, of whom 560 had CVD alone and 386 had coexisting CKD. XGBoost showed the best
discrimination, with an AUC-ROC of 0.852 and an AUC-PR of 0.726. At the default threshold of 0.50, its
accuracy, sensitivity, and specificity were 0.742, 0.781, and 0.723, respectively. SHAP analysis showed
that age, moderate-to-vigorous physical activity, diabetes, hypertension, and body mass index made
relatively large contributions to model output. Among dietary antioxidants, apigenin, cyanidin, quer-
cetin, vitamin E, magnesium, genistein, and naringenin showed relatively high SHAP importance. Sev-
eral continuous features also showed nonlinear relationships with model output. Conclusion: Among
individuals with CVD, several dietary antioxidants may provide supplementary information for identi-
fying concurrent CKD, in addition to basic features such as age, physical activity, and metabolic condi-
tions. The interpretable XGBoost model showed good discriminatory ability. However, because this
was a cross-sectional analysis, the model is intended only to identify current CKD status and cannot be
used to predict future CKD onset. Further validation in longitudinal studies and external samples is
needed.
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O I 57 (cardiovascular disease, CVD) 5 12 14 ' 9% (chronic Kidney disease, CKD)# # FH A & A2 o 1y I
JE - BE PRI AR e 5 PR SRR I R AR R R B VIR OC[1], ShIRFEREAL . JOE B B A 28 A4 VIS
Z 5.0 B ER[2]. £CH CVD AR, S /NERIEE 2 T U I A & AR S R,
I 5% BB E SO AN B8R AR AR G [3]. BRItL, R0 CVD ABE & JF CKD /M, 0B IEPF AL
FRSE 53 = H A IS o

AL RAT B O M1 15 5 ' D e e 2 (] B SR [RI PR T o v 1 S8 A B 0 i 0 8 AL B A AS A2 1
RSB R D RERERS . R I A Y SR SR SROSLON B, T 8RR I A E AR 2R [4]. e R AL
e BRI AR DR KIS WS 5PVATTEL . BT NHANES #E it i R,
A AP E IS BUKM CKD 1 CVD 5 aT et AH9C[5] [6]; {H—I CKD BAFIHFFL &I, A
PV 435 2R B B 08 J o LA 25 =) ) SR BRAE 78 73 RS J5 A Bk 35 [ 7] B B P A AR DG FB PR TE AR RN
B B SRR — 0N .

AP PU AT 5 N D5 A TE T7 S BOR DURFIE S [RI gAML 2% 5 SR, A TR0
CVD 5 37 LLAHE PRI AT (1) CVD IR%S, Jfidit SHapley Additive exPlanations (SHAP) /7 v il
R dgr i [8] [9]. WIARRENLER 22 > O T CKD PRI ATk e KU 1A [10] [11]. Aid, #%F CVD A#E2
&I CKD, FEFEI PR 2 M H AR B & 5 AU R oTmk i S8 o s, 2 M s AL AN & 2 [A) ]
REAFAERBCAR O, BB S — P 7 M DL B L 5 AR08 . R 03 3l J O W AR T o3 3 [ 2 1 )
TEZE )

FT M, AHEFORI A NHANES 2007~2008 4. 2009~2010 4F J 2017~2018 £, LA CVD 5%
A I CKD NIRAH bR, FIB NN BEEPUAA T N D25 ARG 7 SR AR RERBURRAE , EEEOB 4R R
BENLARAR . WomBENLR . BREEHRTIR . XGBoost Al LightGBM ASFRETY iR I RS, KM SHAP J7i%:
AT AT (AR DT RR SR FE AR M R R . ABE T B AE R IX 73 848 CVD 5 CVD &7 CKD [ 2
FEAE, PEIE B PUAMFIAN R IR BINME, v CVD ABER B AR PEAS AR 7 B it 5% .
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AL 305 NHANES 2007~2008 4E. 2009~2010 4F 2 2017~2018 4F =AM 2 W8, i
g > 20 TS 55 . HEBRbRAE QS ORI RIS T EE 24 /NG R E# ;  RE 4
N (B <800 5i>4200 keal/ K, ZPE <600 5(>3500 kcal/k); LK CVD £ Kif5 /8. CKD HlEH
KL EFRbR . REE YA S AR B . b5 — P TiiE CVD S 5EE N AR,
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Figure 1. Participant selection process
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AHWEFE NHANES Hodis e 42 L 44 Bl S U B2, 0 BB 0 X 2
KA. TS558 LHEBIIE T OIE T IR 24 /N RER BT R, PIRUIRZ FARRS 3 £ 10
Ko LAPIRTTRES RPN MRS H SRR R THE . B fr 8ol 1 B B 5 240 TR B
S E A R B ) 5 8 SR T i S O SRS R AT S i S A

2.3.CVD #1 CKD EX
CVD & L AZ5# B E A BA Rl 0 )20 w0l OBU . CIUEEEAE by
FE—Fh i . CKD M i 4 3K IE 195 2 Z3(KDIGO)FR R 5E L, A ' Wk 45 14 B 0 i e I X f e ™

A, HAZWIbRAE RS LR — T Al 5 /N BERE % (eGFR) < 60 mL/min/1.73 m?; bR (1 £ /L
EE(UACR) > 30 mg/g [3]. H:H', eGFR RH CKD-EPI A AT Mg NLEF 15 [12].

2.4, BERIFAERYUTSR

SRR N DG AR R AT AR R LR AN DA R e thal. Rk
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{8 BRI AL HE 44 I F6 2 (body mass index, BMI). BEJRp e L A s i 1L . BMI YR T NHANES
G B . BRI B i A B e AR EA L W, BRpZom i . B & e . 2508 s & AR
R R AR 2 N IR s I AR I R A R RS W K BRI 2 AR DU sl ILE
MRPEH I =Fe . =% ISR AR 3 s IE R RS W R B AR 290 A 2R 6 e« RS R IR
T NHANES [n] %, A& A A S S 3k s e o
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SRR AR R A SRR DLREAT R A, SRR LU T 40% A A BRI 73 AT . 41X 44 TR B 9T
AL, THEASE AN Spearman AHOC R &L AHSC RELLEXIE R T 0.90 I, MHERILHIT R RS .
B KRG iR, AT HER AN D22 AT A HOR AL & . Bl 5 DL CKD IRZHEAT 7
JZ, 4% 7:3 ML BRI DI R AT AR o RS A SR A P LR AN AT Z-score FrifEflL, AR ER
FIABEAN G REAT MG Y . AL FE S BN R LA e R e, FER A T IR 4. 0
TR RIAFEA S A1, ANMIEH] SMOTE BRIA B RAE 7%

2.6. Gt

TE7% & NHANES & 2 B iH i 25k b, xF $i4l CVD 4181 CVD 49 CKD Il MERFAEREAT EL
B B RO R R SRR . 7 SR AR BT . SR TSR F A A ORI DY 437 e a] R
(interquartile range, IQR)IFEATHEIA, 20 7] 2 55K F & T RRIR P INAURE B0 33047 F AR 73 A8 53R FH AR s 491
HOFINAUE 73 th3or, 21 1A 2% 5K H Rao - Scott /% 1~ 4 K38 247 PEAS

ENLER 2, K= RE RN SR &7, IR IRE R INE NI EAB . AH Tt
& # [0])F (logistic regression, LR). BENLARAK(random forest, RF). 4% FEAL# (extremely randomized trees,
ET). #Z#FH# (gradient boosting machine, GBM). XGBoost #1 LightGBM 7sHf 4> 24671 . S HER LA
INGREE R AR R 455 70 2 10 138 XIRAE 58 i, JFLEL AUC-ROC 1R NS BULFE4R R . X T SCHFREAR
WEMEE, ERUTEGEREPHN NHANES HAEREE, A A 57 [ — s r a4 o EAT P RE VP
o

BRI R AE LI T AT VPAL, PPN PR AR B0 35 32 CARRHE th 4 T AR (AUC-ROC).
W% - A IR LR A (AUC-PR). Brier PF7 . #ERA . BUBE . R 5 E . RERIAA FL PF2 o HERRA.
BURREE  RERREE . RSFAZEAN FL VR 3R 40 RIBIMH 0.50 Tt 8. F1 VP43 5E SRR il 22 R B0 2 1)
A% Brier Y43 F T VPN ORI AR 14, L BU(EDBRIC S R B2 TP e ir o F— 2P 22 ROC
M4 FE#S - AR LA AEMZ, PAZEE TR RE . AL as 2 S A BT scikit-learn 4E
BRI,

TESE U R RE VPN 5, X S AR AL — 2D AT Rl B 40 #r . SR SHapley Additive exPlanations
(SHAP) T LB A i e, 8 P39 4650 SHAP (E PPl RFAE B 240, FFHRH SHAP 47 B2 1] K Ao B Jg s
RBERFAE X S A 5 tH () TR 7 [F) SRR AE AR PE R R

FIRTEG T 73 R R4.4.3 5818, B AHIFE AT 2R T survey RLSCEI s ALES 2 S BB KAH 5G4 #r R
Python 3.12 5. AT A Gt A i xiiiie s, P <0.05 WANZERA ST FE L.

DOI: 10.12677/5a.2026.159213 135 gt FE 5N


https://doi.org/10.12677/sa.2026.159213

3. &R
3.1. 5B ELFE

Table 1. Weighted baseline characteristics of CKD status grouping in CVD population

5% 1. CVD AE¥ CKD RZS AR N EL 451

- oy g cVD 4 CVD &Jf CKD & b
HAL N = 7,497,010 fnAL N = 3,888,752
(%) 68.00 (57.00, 77.00) 63.00 (54.00, 71.00) 76.00 (68.00, 80.00)  <0.001
BMI (kg/m2) 30.05 (26.06, 34.62) 29.90 (25.80, 34.00) 30.40 (26.09, 36.00) 0.497
FAE R A (keal/ k) 1776.00 (1392.50, 2270.00)  1827.50 (1456.50, 2395.50)  1708.50 (1294.00, 2038.00) <0.001
YR A 557.00 (357.50, 809.00) 544.00 (346.00, 791.00) 577.50 (372.00, 838.50)  0.591
gERC 62.80 (33.35, 116.20) 63.75 (31.25, 118.25) 59.05 (34.10, 114.15)  0.846
HERE 6.56 (4.65, 9.57) 6.75 (4.84,9.74) 6.25 (4.35, 9.28) 0.092
B 263.00 (195.50, 333.50) 272.50 (201.50, 353.00) 241.50 (184.50, 303.50)  <0.001
B 10.05 (7.00, 13.61) 10.36 (7.22, 14.03) 9.60 (6.79, 13.13) 0.069
fifi 96.60 (68.30, 128.60) 101.90 (69.40, 135.20) 88.65 (64.75,113.75)  0.002
K MR 6074.00 (2874.00, 12190.50)  6166.00 (3110.50, 12187.00) 5855.50 (2597.00, 12574.50) 0.493
JLZE R 12.87 (4.96, 65.40) 12.74 (4.76, 66.61) 13.19 (5.17, 62.55) 0.793
S R 0.01 (0.00, 0.07) 0.01 (0.00, 0.11) 0.01 (0.00, 0.04) 0.044
BAEH R 2.28 (0.23,17.43) 2.14 (0.15, 16.21) 2.89 (0.34, 18.08) 0.506
KHE -3 13.64 (4.98, 158.76) 12.97 (4.76, 156.61) 14.15 (5.39, 160.19) 0.97
e g5 L] 1.16 (0.05, 23.55) 1.27 (0.05, 23.78) 0.89 (0.05, 23.04) 0.762
S 0.54 (0.20, 1.07) 0.57 (0.23, 1.18) 0.46 (0.17, 0.91) 0.085
A i 12.53 (7.30, 21.45) 12.25 (7.29, 22.08) 13.06 (7.31, 20.60) 0.636
29 Ffr 35 i o i 65.17 (24.80, 223.48) 61.69 (24.80, 231.66) 69.85 (24.96,220.93)  0.871
M5 0.161
Bk 561 (57.8%) 335 (59.9%) 226 (53.6%)
i 385 (42.2%) 225 (40.1%) 160 (46.4%)
g 0.006
BIEFEEEA 88 (4.8%) 59 (5.0%) 29 (4.4%)
H A TG & 55 (3.7%) 37 (4.0%) 18 (3.1%)
E| iV RSN 588 (77.0%) 354 (77.2%) 234 (76.7%)
VT EA 175 (9.8%) 80 (7.7%) 95 (13.9%)
HAh e 40 (4.7%) 30 (6.1%) 10 (1.9%)
HEKF 0.442
LR 279 (21.1%) 159 (19.3%) 120 (24.8%)
ERE A 254 (28.5%) 156 (29.6%) 98 (26.1%)
o KBl 259 (27.2%) 155 (27.3%) 104 (27.0%)
KU 154 (23.3%) 90 (23.8%) 64 (22.1%)
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TEIRIRZS 0.035
CIs S5 AR R s 546 (59.8%) 344 (63.7%) 202 (52.3%)
Vol 32 (3.3%) 23 (3.8%) 9 (2.3%)
KB I A 368 (36.8%) 193 (32.4%) 175 (45.4%)
FKEEHUALL 0.086
<1 185 (14.2%) 117 (15.2%) 68 (12.1%)
1~3 473 (43.7%) 262 (40.3%) 211 (50.4%)
>3 288 (42.1%) 181 (44.5%) 107 (37.5%)
BMI 432 0.531
(ZERuR(is 11 (1.0%) 6 (0.6%) 5 (1.8%)
IEE AR E 177 (18.2%) 97 (18.4%) 80 (17.8%)
i 318 (30.2%) 194 (31.2%) 124 (28.3%)
AEHE 440 (50.5%) 263 (49.7%) 177 (52.1%)
AR 0.02
AN S 367 (40.2%) 209 (36.8%) 158 (46.6%)
BEAE: I O 404 (43.5%) 233 (44.0%) 171 (42.6%)
TR 175 (16.3%) 118 (19.2%) 57 (10.8%)
TR TES) <0.001
& 452 (40.9%) 228 (33.9%) 224 (54.3%)
& 494 (59.1%) 332 (66.1%) 162 (45.7%)
Sl 0.017
AN 233 (21.2%) 122 (18.7%) 111 (25.9%)
fH 1E<S K 568 (58.5%) 343 (56.8%) 225 (61.7%)
fH 5 %<10 & 55 (8.9%) 33 (10.8%) 22 (5.3%)
H >10 & 90 (11.4%) 62 (13.7%) 28 (7.1%)
TR ML <0.001
% 185 (23.1%) 133 (28.8%) 52 (12.1%)
2 761 (76.9%) 427 (71.2%) 334 (87.9%)
T g M 0.505
% 153 (13.3%) 90 (12.7%) 63 (14.4%)
2 793 (86.7%) 470 (87.3%) 323 (85.6%)
PR 0.001
% 561 (61.5%) 375 (68.0%) 186 (48.8%)
2 385 (38.5%) 185 (32.0%) 200 (51.2%)
A 0.79
2007~2008 367 (35.4%) 214 (36.3%) 153 (33.5%)
2009~2010 321 (32.2%) 192 (31.5%) 129 (33.4%)
2017~2018 258 (32.5%) 154 (32.1%) 104 (33.1%)

e ESARE LD AE(QL, Q3)E R, R E UIAIAR (%) FR . AR B A FUBCR F 3 T 5 2 sl B it
Kruskal-Wallis #5%, 432875 541 8] Eb 5K H Rao-Scott £ 1E Pearson R /746
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ARFFRILGIN 946 % CVD 5%, H#ai CVvD 41560 N, CVD &3 CKD 41386 N\. EETHs
J7l, CVD &3 CKD 4l Spes. BRI AN EAK T H4l CVD 41 (3 P < 0.05), WZHa 5 sl id A\ 75
MAFEZERF(P=0.044), HAGEAR. T Y. KHE bR L ETHFIARE R AR L W B2 5. BRiE
BHRHIESL, CVD A If CKD AR, AR & s e UK, & i R PR Le e . i
FERRNGRS « WSWARAS . WRHEIR S A S 2 75 T IMAFAE 22 3, MRS BB K FEETT YN EL
BMI. il ML A 2 a3 o0 A O Al (55 1)

3.2. ERHIEMTIEXERE

Epicatochin 3 gallate
Epigallocatochin 3 galate

Theafiain 3 gallate

Tota Favan 3 0t = = E B EEEEN - u HEEE = N\ o
Tota 20 fvorcics .| C E B EEEEHN:= ] ]
G P S e e PN S e @ e o e
& & S S E & § 1& 3 % @
& F S P & S 7 f& e &@’ o F S faf J«* o e
s R
o Qy,y &S
&

Figure 2. Correlation matrix of dietary antioxidants retained after excluding collinearity

[ 2. HEBRILEM S RERIEE R E LT RHE KB

FENLES A IR M T, X 44 TS B PLE L ISR N ST T Spearman AHC AT, AHSCAERE LB 3%
K S1. S 3REIR, BB R PURALR Z A SCRE R . e ORIE A, JIRRIEA R JROR . ALK,
RER-3 - B TIRNG AR ER-3- IR TIRER JLARER/NE B0 Sl 2 sl A SRR,
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3L 10 WA & . IR 34 DU PTEMTTIH T /5 SEHLA% 5 ) A & SHAP 04T, Giidke Jo FRAH A6 RS . 2k
{84 34 T B HUEALTI I T 5 L% 22 ST N2 SHAP 234, 976 J5 Y Spearman AHSSHEFE LI 2.
3.3. HBFEIJERIMEE

2 RS 6 AR S R AIE CVD A FEd RS CKD IhnAL: e, RS AR R 4E i AUC-ROC
/T 0.776~0.852 2 [i] . XGBoost [ AUC-ROC. AUC-PR FIUR FE 4354 0.852. 0.726 F1 0.781, 975
MR R . BENURMRAIER R A FL PR s, 20 0.787 Al 0.677, #EARRIIB NIHT . AR
T PR S P FURS 1K Fe =, Brrier YR e/, (EBUR MG AR . 25 A 2 TEAR, XGBoost # I AR X #5¢
U, BICH T 5% SHAP 47,

Table 2. Performance of different machine learning models in identifying CKD in CVD populations
2. FENZEZEIEEE CVD AEEHIRAI CKD AIMERE

Ay R BURE fRRE REE%¥ FLIFS AUC-ROC  AUC-PR  Brier 4y
XGBoost 0.742 0.781 0.723 0.581 0.666 0.852 0.726 0.184
BENLARAR 0.787 0.675 0.842 0.678 0.677 0.838 0.693 0.167

Toh FEE S AR 0.781 0.555 0.892 0.717 0.626 0.812 0.716 0.159
LightGBM 0.736 0.593 0.806 0.601 0.597 0.805 0.684 0.174
et AT 0.709 0.673 0.727 0.549 0.605 0.804 0.616 0.179
pezACIE| 0.716 0.686 0.731 0.557 0.615 0.776 0.577 0.188

e SPRBIEY N 050; Fbeta ¥ g =1, 5 FL 58S . FraBUEXRAH NHANES B E TR INNAEL .

FHEA ROC HIZE (14 3(A))5 PR HIZR (14 3(B)) I #A 5EE 45— . ROC i+, XGBoost flkf
HLARMR I h 28 AR BARN 5 b, BREEFR TR . LightGBM AR i B WL 1 i 22 e i, 3 % [ VA R o
BUK; PR &, XGBoost FlHREHE TR R IUARX A hF, BENLARMAD LightGBM k2, H i Bt LA #1322
WA B 255 Z TP FERR, XGBoost 7EHEAAR X 43 56 71 AT BH AN PR 1R 531 77 THI 2 BAH X B4
PR HCZASE AL — 25T & SHAP W] il B PE 4047

A. ROC curves B. Precision-recall curves
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0.8 1
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e
o
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> k=]
e @
g g
3 o
0.4 0.4
0.2 1 ‘ < —— extra_trees (AUC=0.804) 0.2 1 —— extra_trees (AUC-PR=0.616)
~— gradient_boosting (AUC=0.812) ~— gradient_boosting (AUC-PR=0.716)
—— lightgbm (AUC=0.805) —— lightgbm (AUC-PR=0.684)
—— logistic_regression (AUC=0.776) —— logistic_regression (AUC-PR=0.577)
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Figure 3. ROC curves and PR curves of different machine learning models on the test set
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Figure 4. Explanation of key features of the SHAP-based XGBoost model
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Figure S1. Spearman correlation matrix of the 44 dietary antioxidants before collinearity screening
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