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Development and validation of a machine learning-based nomogram model for predicting

frailty after cardiac surgery

YANG Yue, GE Yuan, LI Minghui, GENG Dandan”

Department of Cardiovascular Surgery, the First Affiliated Hospital of Nanjing Medical University , Nanjing 210029,
China

[Abstract] Objective: To develop and externally validate a patient - level prediction model for postoperative frailty in adults
undergoing cardiac surgery. Methods: Our study included patients who underwent cardiac surgery at the First Affiliated Hospital of
Nanjing Medical University between January and December 2023. Frailty was assessed one month postoperatively using the FRAIL
scale, and patients were categorized into frailty and non-frailty groups. Three machine learning algorithms, least absolute shrinkage and
selection operator (LASSO) , random forest (RF) , and extreme gradient boosting (XGBoost) , were employed to identify common
predictors. A nomogram prediction model was subsequently constructed using Logistic regression. The model” s discriminative ability
was evaluated using the receiver operating characteristic (ROC) curve and the area under the curve (AUC). Calibration curves
assessed consistency, and decision curve analysis (DCA) evaluated clinical utility. The model was validated internally and externally.
Results: A total of 301 patients were included. Among them, 235 patients were divided into a training set (n=165) and an internal
validation set (n=70) at a ratio of 7:3, while the remaining 66 patients served as temporal validation. Based on the machine learning
results, four common predictors were identified: age, preoperative left ventricular ejection fraction (LVEF) , preoperative albumin level,

and preoperative left ventricular end - diastolic dimension (LVDd). These were used to construct the nomogram. The model
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demonstrated excellent discriminative ability in the training set (AUC=0.846, 95% CI: 0.763-0.928) , internal validation set (AUC=
0.821,95%CI: 0.701-0.940) , and temporal validation set (AUC=0.846, 95%Cl: 0.740-0.951). The calibration curve indicated high

consistency between predicted and observed risks. Decision curve analysis further confirmed its good clinical practicality. Conclusion:

The nomogram prediction model for post-cardiac surgery frailty, based on patient age, preoperative albumin level, LVEF, and LVDd,

exhibits good predictive performance and clinical applicability, facilitating the early identification of high-risk patients.
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RF: random forest; LASSO: least absolute shrinkage and selection
operator; XGBoost: extreme gradient boosting; ROC: receiver operating
characteristic; DCA: decision curve analysis.
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Table 1 Baseline characteristics of the training set and internal validation set
Variable Training set(n=165) Internal validation set(n=70) X/7Z P

Age[ years, M(Pas,Pss) ] 68.00(64.00,72.00) 68.00(65.00,71.75) -0.421 0.674
Sex[n(%) ] 0.001 0.981

Female 97(58.8) 41(58.6)

Male 68(41.2) 29(41.4)
BMI[ kg/m*, M(P»s,Pss) | 22.77(21.09,24.98) 22.88(21.33,25.99) -0.763 0.445
COPD[n(%) ] 31(18.8) 13(18.6) 0.002 0.968
Hypenension[n(%)] 53(32.1) 27(38.6) 0.907 0.341
Diabetes[n(%) ] 22(13.3) 10(14.3) 0.045 0.832
Cerebral infarction[n(%) ] 24(14.5) 10(14.3) 0.003 0.957
Smoking[n(%) ] 27(16.4) 10(14.3) 0.172 0.678
Drinking[n(%) ] 40(24.2) 19(27.1) 0.237 0.626
CABG[n(%) ] 12(7.3) 4(5.7) 0.213 0.645
Valves treatment[ n(%) | 131(79.4) 56(80.0) 0.012 0914
PSQILM(P>s, P3s) ] 9.00(7.00,11.00) 9.00(7.00,11.00) -0.508 0.611
LAD[mm, M(Pss, Pss) ] 44.00(41.00,47.00) 44.50(41.25,47.00) -0.683 0.495
LVDd[ mm,M(P»s,Pss) ] 49.00(46.00,55.00) 50.00(46.00,54.00) -0.100 0.920
LVPWT[mm,M(Pss,Pss) ] 10.00(9.00,10.00) 10.00(9.00,10.00) -0.651 0.515
LVEF[ % ,M(P:s,P5) ] 61.00(56.60,63.00) 60.95(58.00,62.68) -0.011 0.991
Albumin[g/L, M(Pss,Pss) ] 37.20(35.20,40.10) 37.45(35.02,40.62) -0.233 0.816
Surgical duration[ min, M(Pas, Pys) ] 235.00(220.00,250.00) 245.00(225.00,255.00) -1.436 0.151
FRAIL=3[n(%) ] 44(26.7) 19(27.1) 0.006 0.940

x2 NEERFAESERHARELTH
Table 2 Baseline characteristics of the frail and non-frail groups in the training set
Variable Non-frail group(n=121) Frail group(n=44) xX/7 P

Age[ years, M(Pas, Pss) | 67.00(64.00,70.00) 71.50(66.00,75.25) -4.324 <0.001
Sex[n(%) | 3.265 0.071

Female 66(54.5) 31(70.5)

Male 55(45.5) 13(29.5)
BMI[ kg/m*, M(P»s,P;s) | 22.60(20.96,24.62) 23.59(21.85,25.27) -1.174 0.240
COPD[n(%) ] 21(17.4) 10(22.7) 0.602 0.438
Hypertension[n(%)] 36(29.8) 17(38.6) 1.123 0.289
Diabetes[ n(%) | 9(7.4) 13(29.5) 13.243 <0.001
Cerebral infarction[n(%) | 17(14.0) 7(15.9) 0.089 0.765
Smoking[n(%) ] 22(18.2) 5(11.4) 1.067 0.302
Drinking[n(%) ] 31(25.6) 9(20.5) 0.424 0.515
CABG[n(%) ] 6(5.0) 6(13.6) 3.556 0.059
Valves treatment[ n(%) | 95(78.5) 36(81.8) 0.217 0.641
PSQILM(Pss, P3s) ] 9.00(7.00,11.00) 9.00(8.00,11.00) -0.728 0.467
LAD[mm, M(Pss, Pss) ] 45.00(41.00,47.00) 44.00(40.00,46.25) -1.146 0.252
LVDd[mm,M(Pss, Ps) ] 49.00(46.00,55.00) 51.00(48.00,57.25) -2.015 0.044
LVPWT[mm,M(Pss,Pss) ] 10.00(9.00,10.00) 10.00(9.00,10.00) -0.957 0.339
LVEF[% ,M(Pss,P5s) ] 61.20(57.10,63.00) 59.95(52.85,61.47) -2.153 0.031
Albumin[g/L, M(Pss,Pss) ] 38.10(35.80,40.70) 35.45(33.68,37.23) -4.239 <0.001
Surgical duration[ min, M(Pss, Pys) ] 235.00(220.00,250.00) 240.00(225.00,252.50) -0.974 0.330
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A-D: The optimal parameter A selection in the LASSO model employed 10-fold cross-validation using the one-standard-error rule (A.1se=0.059 8),

which resulted in the selection of seven variables. E=G: The XGBoost model selected the top 10 most important variables. Panel G presented the SHAP

beeswarm plot, demonstrating feature importance and the directional impact of features on the model s predictions. H-J: The RF model selected the top

10 most important variables, trained with 500 decision trees to ensure stability, and 10-fold cross-validation was applied to optimize hyperparameters

and prevent overfitting. Panel J displayed the out-of-bag (OOB) error curve of the RF model, illustrating the relationship between the model’s error rate

and the number of decision trees. K: A Venn diagram compared the overlap of variables selected by the three different methods.
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Figure 2 Machine learning analysis results
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Figure 3 Nomogram for predicting the risk of postoperative frailty after cardiac surgery
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A-C:ROC curve (A), calibration curve (B), and DCA (C) curve for the training set. D=F: ROC curve (D), calibration curve (E), and DCA (F)

curve for the internal validation set. G=1: ROC curve(G), calibration curve(H), and DCA (D) curve for the temporal validation set.
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Figure 4 Nomogram validation



%46 5452 Y] Mo 1.8 R 2RI, S ST HLES S 2T A0 E AR S5 TE 55 TR (A i 5 3IEL ) ).

202642 A R ERNR 2R CHAREF D, 2026, 46(2): 173-180, 187 * 179
3 W o® B AR PR R AR SRR T AT il W RS
Y ()

I R RPN T2 RS
RESZ G R 5 B AIE AT A AR 7 T X 2 385 4 4
H RS RIRE ) B3 B, C N FARJE 1 WK
FEN . JUHAE L AR AN RN, RS 6 AN AR 29%
1 EFH A ETRES, BB R4 R M
SR DR b, AR AR MR 0 5 g KUK R, I
5 b St XS 1 9, R T s O TR R R
R R AR REENE L. AP ARIERETIX
— IR T 2R, BRI IR IGAE T — A AT H FAMAAL
TR IEA TS 1A H 32 55 AU 19 51 26 AR A

KW FLHET 3 FPHLAS 5 2] v, AN 4
LU T R T SRR R BT A A A KRR T
LVEF fILVDd. ZA BRI ZR4E « P 3036 IR 45 K i)
(] 43 J2 30 UE 5 Hh 3 R L AR e EL AR E 1 X 4 R
W HE #1285 DCA 33— S5 AE 52 1 7000 ok e 1 R 78
FE I PR SE FH A -

AN TE G TN PR 7~ 45 5 T A 99 3 A B 2 A N A
o mis A% B A E KA 32 55 1 5 S0
T, SRR S — B 1K T A B A A R
FETEFGR A AR A SR, B FE R I K, 41
PR R IS ThRE R, SRR R LN AN S T R
L, IX AT RE S PRI SR B EAE
VM 4 58 TR B B FR 5 , 5 32 55 A7 E M)
SRAOCEME . ABEAKPFRREBFEIRRERAR,
ME AR HE TSR & kD & 1AThEE
B, SR T 48 0 R 55 R AR AU kA, FARAIG &
G R 3 R SERE N 43 i AR S L, MUAAR 75 EETHFER
B E, AR HT A KPR R A A
DL 2 X T AT AN 8 7% 7% oK, RV R H B, 2
HILE S A ZUE E LR R Thie N B L6t IF ROE
(1) 5 JE P 189 o 25 1)

KL R T O IE A B S5 15 DR R A X
ARG FEG R AEREW . BAKK LVEF 55 K1
LVDd 73 5l O i 1 T RE 55 25 0 /N 4 B $E o T 8
FRARI O E D REAk 2%, H AT R 2 SRS A UE Sk
T ZE SIS RO IR RS
A B M AN 2 B B, 3 — 2B ) - id
41 B e £ A I 2R R 110 RS 5 9 Lo 368 £ 35 3 R B
18 1 28 9 , W] RS IE L A8 1 2 HE - O LA 4Ef- 0 =
AL R R I 5 R AR T 55 X2 o R R0 T
REVRIR , T2 BB A A0

AL 4 B R =97 TAE A e 5

PG TR, 7T 7R AR B PR IS 5 0 H I 85 e . X

T LVEF (B AR < LVDd 38 K F v i 563, AR R R

A BEFE O DR A s X T AR AEE TR A R XU Y

B T SEE A E IR B 51
AHIE ST F O [ B RIE FE BT, S5 1845 7 B

BErE. 2L — B IRIE . 2R T 9995 i

H, R AR S AR SMIEIA I 18] = Bl bkEH e i

[) ) B A J A8 50 Hed AR g8\ 73 B, TR R Wi R TR

ST ARKBTIEMERT TN B T B & 24 H

P, LUK 2 R e SEA O 00 T, JF BLATAERHT L

B it S AR i 22 AN I 8] fOT FE G R PR AL, BhaS 4 5

5933 R AL, WA 5 TR BRR SR

FlzE PR AR

PR A B TE R 25 0 5%

Conflict of Interests:

All authors disclose no relevant conflict of interests.

{E& SImk A AR :

P 3A 50 5 5 20 W7 VORGSR 2 A £ St JRT R
1 BT PT 2 5 S B RSB e

Author’s Contributions:

YANG Yue was responsible for data analysis and initial
draft preparation; GE Yuan and LI Minghui were responsible
for creating charts and graphs; GENG Dandan participated in
experiment supervision and manuscript revision.

(%3]

(1] BRE, &F%E, 4 2, 5% 2T Nomogram 149 & JIE
AR5 o JIE FLAE W A 2 1 e R A A TR Y [ 1. 2 b
iz, 2025, 32(4): 56-59
WEI Q X, JIN A L, LI H, et al. Development of a nomo-
gram for predicting postoperative delirium in the cardiac
intensive care unit after cardiac surgery [J]. Journal of
Rare and Uncommon Diseases, 2025, 32(4):56-59

[2] SEESE L, SULTAN I, GLEASON T G, et al. The impact
of major postoperative complications on long-term survival
after cardiac surgery[J]. Ann Thorac Surg, 2020, 110(1):
128-135

[3] LEED H, BUTH K J, MARTIN B J, et al. Frail patients
are at increased risk for mortality and prolonged institu-
tional care after cardiac surgery [J]. Circulation, 2010,
121(8):973-978

[4] OZEREN K, TOPCU A C, KAYACIOGLU I. Frailty
assessment to improve risk stratification in elderly patients
undergoing elective cardiac surgery[J]. Braz J Cardiovasc
Surg, 2025,40(2): 20230182

[5] CHATMONGKOLCHART S, SAETANG M, KITTISOPA-



* 180 - [T

VS PN

546 5552 1
20262 A

PORN P, et al. Frailty and nutritional assessments for

predicting postoperative complications in older adults undergo-

ing non - cardiac surgery[J]. Front Med (Lausanne) , 2025, 12:
1636091

(6]

(7]

(8]

(9]

[10]

(11]

[12]

[13]

HONDA T, MURAKAMI H, TANAKA H, et al. Impact of
frailty and prefrailty on the mid-term outcomes and reha-
bilitation course after cardiac surgery [J]. Surg Today,
2024, 54(8):882-891

PR M, E M, S ZEEREMNEEEAR
JAAES SR A KR R AR /AT T L) ] E PR R A
#E,2025,46(2):156-161

LI J J, ZHAO M, WANG M, et al. Relationship between
postoperative frailty and quality of recovery in elderly
patients with gastrointestinal tumors [J]. International
Journal of Geriatrics, 2025,46(2): 156-161

VRZEGR, w o i B i B PR G HIPRES
ThRE R B HAR Gk o3 A L1 ). BLARER %, 2025, 53(4)
647-653

CHEN L N, GAO Y J. Correlation between frailty and
functional recovery in elderly patients with coronary heart
disease after PCI[J]. Modern Medical Journal, 2025, 53
(4):647-653

MANIKANDAN G, ABIRAMI S. Feature selection and
machine learning models for high-dimensional data: state-
of-the-art{ M. New York: Wiley,2021:43-63
ALMUHAYA B, SAHA B, BAZEL M A. Advances in
feature extraction for brain cancer analysis: a review
of traditional , machine learning, and deep learning
approaches [ C1//2024 ASU International Conference in
Emerging Technologies for Sustainability and Intelligent
Systems(ICETSIS). New York: IEEE, 2024: 1353-1361
ZHANG Y Y, BALDYGA K, DONG Y L, et al. The asso-
ciation between gut microbiota and postoperative delirium
in patients[ J]. Transl Psychiatry, 2023, 13(1): 156

AR S D L 2y B A, SN
i PR = 2 1 9 0 R TCZE S BE B ) . 240 I 0
FIFRI TG SR EEZIGRI ] h e E L
BRI, 2023,22(7):481-491

Geriatrics Group of Chinese Society of Cardiology, National
Clinical Research Center for Geriatric Diseases (Chinese
PLA General Hospital). Chinese expert consensus on
assessment and management of frailty in elderly patients
with cardiovascular diseases [J]. Chinese Journal of
Multiple Organ Diseases in the Elderly, 2023, 22 (7) :
481-491

NOZAKI K, KAMIYA K, HAMAZAKI N, et al. Validity
and utility of the questionnaire - based FRAIL scale in
older patients with heart failure: findings from the FRAG-

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

ILE-HF[J]. J Am Med Dir Assoc, 2021, 22(8): 1621-
1626
RODRIGUEZ - QUERALTO O, FORMIGA F, LOPEZ -
PALOP R, et al. FRAIL scale also predicts long-term out-
comes in older patients with acute coronary syndromes[]J].
J Am Med Dir Assoc,2020,21(5): 683-687
BERGMAN L, ZECEVIC E, DAMEN T, et al. Exploring
cognitive function and postoperative neurocognitive recovery
after cardiac surgery in older adults (ECPON) : a protocol
for an observational study[J]. BMJ Open, 2025, 15(6) :
€098208
MOUMNEH M B, JAMIL Y, KALRA K, et al. Frailty in
the cardiac intensive care unit: assessment and impact[ ] ].
Eur Heart J Acute Cardiovasc Care, 2024, 13 (6) : 506-
514
MIGUELENA-HYCKA J, LOPEZ-MENENDEZ J, PRA-
DA P C, et al. Changes in frailty status after cardiac
surgery. A prospective cohort study [J]. Arch Gerontol
Geriatr, 2022, 98: 104568
BAL'Y X, WANG Z H, LV Y, et al. Association between
frailty and acute kidney injury after cardiac surgery:
unraveling the moderation effect of body fat through an
international; retrospective, multicohort study [J]. Int J
Surg,2025,111(1):761-770
YAMAMOTO M, ADACHI H, ENOMOTO M, et al. Lower
albumin levels are associated with frailty measures, trace
elements, and an inflammation marker in a cross-sectional
study in Tanushimaru [J]. Environ Health Prev Med,
2021,26(1):25
SANTOSO A H, MARTIN A, JAP A N, et al. Association
of anthropometric measurement, uric acid, vitamin D,
albumin, and diabetes mellitus with frailty in the elderly a
study at bina bhakti elderly home [J]. J Riset Rumpun
[lmu Kedokteran,2025,4(1):267-276
FOUNTAIN W A, BOPP T S, BENE M, et al. Metabolic
dysfunction and the development of physical frailty: an
aging war of attrition [J]. Geroscience, 2024, 46 (4) :
3711-3721
SUN L X, LI C E, FENG B B, et al. The associations
between albumin, globulin, albumin-to-globulin ratio, and
frailty in middle - aged and older adults: evidence from
NHANES 2013-2014 [J]. Curr Pharm Des, 2025, 31
(41):3303-3311
ZHU L Y, CHEN B W, LU X J, et al. Contribution of
serum albumin to frailty-associated 1-year postoperative
mortality among older patients: mediation analysis of a
prospective cohort[ J]. Curr Probl Surg, 2025, 73: 101902
(F#% 187 )



46 552 1
20262 A

kOB T, D EL . CT P ASPECTS 5 CT EVE MG A FEAZ O AR AR AN ITE 0 52 M ] 25
SiTL)]. FE R R R F A (H AR FEARD , 2026, 46(2): 181-187

- 187 -

[15]

[16]

[17]

hours of middle cerebral artery stroke: comparison of non-
contrast CT, CT angiography source images, and CT perfu-
sion[J]. Am J Neuroradiol , 2008,29:931-936

OLIVOT J M, ALBUCHER J F, GUENEGO A, et al. Mis-
match profile influences outcome after mechanical throm-
bectomy[J]. Stroke, 2021, 52:232-240

CHU Y, MA G, XU X Q, et al. Total and regional
ASPECT score for non-contrast CT, CT angiography, and
CT perfusion: inter - rater agreement and its association
with the final infarction in acute ischemic stroke pa-
tients [J]. Acta Radiol, 2022,63:1093-1101

BONED S, PADRONI M, RUBIERA M, et al. Admission
CT perfusion may overestimate initial infarct core: the
ghost infarct core concept[J]. J Neurointerv Surg, 2017,
9:66-69

[18]

[19]

[20]

XU X Q, MA G, LU S S, et al. Predictors of ghost infarct
core on baseline computed tomography perfusion in
stroke patients with successful recanalization after me-
chanical thrombectomy [J]. Eur Radiol, 2023, 33: 1792-
1800

ABRAMS K, DABUS G. Perfusion scotoma: a potential
core underestimation in CT perfusion in the delayed time
window in patients with acute ischemic stroke [J1. AmJ
Neuroradiol , 2022,43:813-816

PENSATO U, BOSSHART S, STEBNER A. Effect of he-
moglobin and blood glucose levels on CT perfusion isch-
emic core estimation: a post hoc analysis of the ESCAPE-

NAT trial[J]. Neurology, 2024, 103: €209939

(Y #5:2025-10-16; {&[E]: 2025-12-12; F F: 2025-12-15)

(FiEsm#t: 2 KD

L e S e S S i S S e e e aa S T e S e A m ata St

(L% 180 1)

[24]

[25]

S VR I 7 o 5D B B s O
O 3 3 B D E B0 D BEAR G LA R AR 7K 1Y
FEMLY ). rh I PR (R 2% 5 2021, 24(3): 343-346
LIS, CHEN L, LIU L L, et al. Impact of frailty on cardiac
function and cardiac - related biochemical indicators in
elderly heart failure patients with normal ejection frac-
tion[J]. Chinese Journal of Clinical Healthcare, 2021, 24
(3):343-346

XUB R, XSERN, B b5, 55, S G0 25 17 SR B
R0 g vk 8 A ST TR DI RE IR D RE AN AR XU )
S ] AR 2 3, 2023, 23(24): 4651-4654
LIUY Y, LIU M L, BAI T, et al. Effects of frailty on left

[26]

ventricular diastolic function, cognitive function, and fall
risk in elderly patients with heart failure with preserved
ejection fraction [J]. Progress in Modern Biomedicine,
2023,23(24):4651-4654

TR AR s L, T KL, 45, 359 5 2 Wk ER S 1E™
HREE A ICME S Sar AR A L) . B Rt R R R 2
WCHARIERD 2025, 45(8): 1159-1169

YAO Z J, XU Y F, HE Y L, et al. Correlation between
frailty and severity of coronary syndrome in the elderly
and analysis of risk factors[J]. Journal of Nanjing Medical
University (Natural Sciences), 2025,45(8): 1159-1169

(Yr#5:2025-10-28; & @ : 2025-12-17; F FH : 2025-12-18)



