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Abstract

Background: This study aimed to develop a machine learning-based predictive model for assessing frailty risk among elderly patients
with coronary heart disease (CHD). Methods: From November 2020 to May 2023, a cohort of 1170 elderly patients diagnosed with CHD
were enrolled from the Department of Cardiology of a tier-3 hospital in Anhui Province, China. Participants were randomly divided into
a development group and a validation group, each containing 585 patients in a 1:1 ratio. Least absolute shrinkage and selection operator
(LASSO) regression was employed in the development group to identify key variables influencing frailty among patients with CHD.
These variables informed the creation of a machine learning prediction model, with the most accurate model selected. Predictive accuracy
was subsequently evaluated in the validation group through receiver operating characteristic (ROC) curve analysis. Results: LASSO
regression identified the activities of daily living (ADL) score, hemoglobin, low-density lipoprotein cholesterol (LDL-C), total cholesterol
(TC), depression, cardiac function classification, cerebrovascular disease, diabetes, solitary living, and age as significant predictors of
frailty among elderly patients with CHD in the development group. These variables were incorporated into a logistic regression model and
four machine learning models: extreme gradient boosting (XGBoost), random forest (RF), light gradient boosting machine (LightGBM),
and adaptive boosting (AdaBoost). AdaBoost demonstrated the highest accuracy in the development group, achieving an area under
the ROC curve (AUC) of 0.803 in the validation group, indicating strong predictive capability. Conclusions: By leveraging key frailty
determinants in elderly patients with CHD, the AdaBoost machine learning model developed in this study has shown robust predictive

performance through validated indicators and offers a reliable tool for assessing frailty risk in this patient population.
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1. Introduction

The increasing prevalence of coronary heart disease
(CHD) among the elderly aligns with the ongoing trend
of population aging, which has introduced a distinct de-
mographic with heightened disease incidence and complex
prognoses that substantially affect health outcomes [1]. A
comprehensive review highlights the development of over
20 frailty assessment tools, with frailty prevalence among
patients with CHD ranging from 10% to 60%, contingent on
cardiovascular disease (CVD) burden, chosen assessment
tool, and frailty definition cutoffs [2]. Elderly patients with
CHD commonly present with multiple comorbidities and
reduced cardiac function [3], both of which closely corre-
late with frailty onset in this age group. Frailty, a multi-
dimensional clinical syndrome associated with aging, in-
volves a nonspecific decline in the functioning or physio-
logical reserves of multiple organ systems. Research indi-
cates that frailty prevalence in elderly patients with CHD
surpasses that in the general elderly population [4]. This
syndrome significantly diminishes quality of life, increas-
ing the risk of adverse hospital events, exacerbating disease

progression, and raising mortality risk in elderly patients
with CHD [5]. Early detection of frailty and timely inter-
vention in related risk factors can substantially prevent or
delay its progression [6].

In recent years, machine learning has been widely
applied in the medical field, optimizing predictive accu-
racy and decision-making, thereby enhancing diagnostics,
treatment, and patient care [7]. Studies affirm the value
of machine learning in risk prediction, disease diagnosis,
and personalized therapeutic strategies [8—12]. However,
specific research on applying machine learning models to
predict frailty risk in elderly patients with CHD remains
unaddressed. To fill this gap, this study aims to develop
a machine learning model for frailty prediction, serving
as a practical and efficient screening tool for healthcare
providers. Compared to the existing logistic regression
model, this study’s machine learning approach offers no-
table innovations: first, through an in-depth comparison
of diverse machine learning algorithms and logistic mod-
els, the optimal predictive model is identified, enabling a
more comprehensive capture of the complex frailty risk fac-

Copyright: © 2025 The Author(s). Published by IMR Press.
BY This is an open access article under the CC BY 4.0 license.

Publisher’s Note: IMR Press stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.


https://www.imrpress.com/journal/RCM
https://doi.org/10.31083/RCM26225
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0009-0004-1503-3005
https://orcid.org/0000-0002-9139-1064
https://orcid.org/0000-0002-1197-3751

tors and enhancing prediction accuracy. Second, the model
leverages sophisticated feature selection and parameter tun-
ing, significantly boosting generalizability and robustness.
Moreover, this study emphasizes model interpretability, al-
lowing medical professionals to better comprehend predic-
tion outcomes, thus providing a robust foundation for clin-
ical decision-making.

2. Participants and Methods
2.1 Research Participants

Between November 2020 and May 2023, a cohort of
1170 elderly patients diagnosed with CHD were recruited
from the Department of Cardiology at a tier-3 hospital in
Anhui Province, China. Participants were randomized into
adevelopment group (585 patients) and a verification group
(585 patients) with a 1:1 allocation ratio. Inclusion criteria
comprised: (1) meeting the diagnostic standards for CHD
[13]; (2) age of 65 years or older; and (3) all study partic-
ipants provided written informed consent for retrospective
data analyses at point of hospital admission before being
screened. Exclusion criteria included: (1) patients declin-
ing frailty screening; (2) individuals with incomplete clin-
ical data; and (3) cases where frailty status could not be
reliably assessed. The study protocol was approved by the
Medical Ethics Committee of the First Affiliated Hospital
of the University of Science and Technology of China and
conformed to the principles outlined in the Declaration of
Helsinki.

2.2 Data Collection Methods

Data were collected through face-to-face interviews
or by consulting the Hospital Information System (HIS)
and included: (1) Basic demographic and clinical informa-
tion, covering gender, age, living situation, smoking and
drinking history, body mass index (BMI), and comorbidi-
ties such as diabetes, hypertension, cerebrovascular disease,
and atrial fibrillation, as well as classification by the New
York Heart Association (NYHA). Diabetes criteria included
self-reported diagnosis, use of insulin or oral hypoglycemic
agents, fasting glucose >7 mmol/L, or hemoglobin Alc
(HbAlc) >6.5% [14]. Hypertension was defined according
to the European Society of Hypertension (ESH) Hyperten-
sion Guidelines as a systolic blood pressure (SBP) >140
mmHg or a diastolic blood pressure (DBP) >90 mmHg
[15]. Cerebrovascular disease, encompassing conditions
affecting cerebral blood vessels and potentially leading to
cognitive impairment or dementia, includes cerebral infarc-
tion, transient ischemic attack, cerebral hemorrhage, and
cerebral artery atherosclerosis [16]. Atrial fibrillation, a
prevalent arrhythmia, was characterized by a disordered
fibrillation wave replacing regular atrial electrical activity,
resulting in loss of normal atrial rhythm and an irregular,
rapid heart rate [17]. (2) Laboratory indices measured in-
cluded C-reactive protein (CRP) (0—-10 mg/L), hemoglobin
(130-175 g/L), serum creatinine (31.7—133.0 pmol/L), to-

tal cholesterol (TC) (3.25-5.20 mmol/L), triglycerides (TG)
(0.56-1.69 mmol/L), high-density lipoprotein cholesterol
(HDL-C) (1.2-1.6 mmol/L), and low-density lipoprotein
cholesterol (LDL-C) (3.0-3.5 mmol/L). (3) Additional in-
dicators included activities of daily living (ADL), evaluated
through the Barthel Index (BI) in its Chinese version. This
scale assesses 10 areas: eating, bathing, dressing, urinary
and fecal control, toileting, bed and chair transfers, walk-
ing, and stair use. Scores were assigned based on the pa-
tient’s level of independence in each area, yielding a total
score from 0 to 100, with higher scores indicating greater
self-care ability [ 18]. The BI assessment was conducted via
a HIS-embedded electronic questionnaire. Anxiety and de-
pression levels were measured using the Hospital Anxiety
and Depression Scale (HADS) in its Chinese version, com-
prising two subscales with 7 items each, scored on a 4-point
Likert scale (0-3) for a total range of 0-21. Scores exceed-
ing 7 on either subscale indicated the presence of anxiety or
depression, respectively [19]. This evaluation was also ad-
ministered through an HIS-embedded electronic question-
naire. Frailty assessment followed the FRAIL scale, as rec-
ommended by the International Academy of Nutrition and
Aging (IANA), adapted for the Chinese population. The
scale includes five domains: physical fatigue, decreased re-
sistance, reduced mobility, increased susceptibility to ill-
ness, and unintentional weight loss. Each domain scores
one point, with a total score of 3 or higher indicating frailty
[20]. Based on these criteria, the 1170 elderly patients were
categorized into a frailty group (402 cases) and a non-frailty
group (768 cases).

2.3 Statistical Methods

Statistical analyses were conducted using SPSS ver-
sion 19.0 (IBM Corp., Chicago, IL, USA) and R software
version 3.6.1 (R Foundation for Statistical Computing, Vi-
enna, Austria). In SPSS, all patients were randomly allo-
cated to groups using a random number generator, with an
initial seed value of 2, resulting in the random assignment
of 1170 patients into development and validation groups ac-
cording to the visualization score box. Descriptive statistics
included frequency counts, percentages, means (standard
deviation), and medians (25th, 75th percentiles). Group
comparisons utilized the Pearson chi-square test for cate-
gorical variables, the Mann-Whitney U test for ordinal or
non-parametric data, and the independent samples #-test for
continuous variables, as appropriate. In the development
group, variables related to frailty in elderly patients with
CHD were analyzed using the least absolute shrinkage and
selection operator (LASSO) regression. The predictive per-
formance of the machine learning models was assessed by
plotting receiver operating characteristic (ROC) curves for
both the development and validation groups and calculat-
ing the area under the ROC curve (AUC). Statistical signif-
icance was set at a p-value of less than 0.05.
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Fig. 1. Results of the LASSO regression analysis. Note: (A) Path diagram of variable regression coefficient. (B) Cross-validation plot

of the LASSO regression analysis. LASSO, least absolute shrinkage and selection operator.

3. Results

3.1 Comparison of Clinical Data between the
Development Group and the Verification Group

Participants were randomly allocated into develop-
ment and validation groups in a 1:1 ratio, with 585 indi-
viduals in each group. No significant differences in clini-
cal characteristics were observed between the groups (p >
0.05), confirming group homogeneity. Detailed compar-
isons are provided in Table 1.

3.2 Comparison of Clinical Data between the Frailty
Group and the Non-Frailty Group in the Development
Group

In the development group, a comparison of clini-
cal data between the frailty and non-frailty groups re-
vealed statistically significant differences (p < 0.05) across
eleven variables: living status (alone), smoking his-
tory, depression, cardiac function classification, presence
of cerebrovascular disease, diabetes, age, TC, LDL-C,
hemoglobin, and ADL score, as detailed in Table 2.

3.3 Screening of Characteristic Variables that Affect the
Frailty of Elderly Patients with Coronary Heart Disease
in Development Group

The eleven variables with a p-value less than 0.05
identified in Table 2 were included as independent vari-
ables, with frailty status in elderly patients with CHD serv-
ing as the dependent variable in the development group.
LASSO regression analysis, incorporating 10-fold cross-
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validation, was performed to identify key frailty-related
variables. The optimal A (lambda) value, corresponding to
the minimum standard error distance, was determined to be
0.016. At this threshold, the model selected 10 character-
istic variables: ADL score, hemoglobin, LDL-C, TC, de-
pression, cardiac function classification, presence of cere-
brovascular disease, diabetes, living status (alone), and age,
as depicted in Fig. 1.

3.4 Establishment and Verification of Machine Learning
Prediction Model for the Frailty Risk of Elderly Patients
with Coronary Heart Disease

In the development group, frailty risk prediction mod-
els were constructed based on the 10 characteristic variables
identified by LASSO regression. Five machine learning
models were developed: logistic regression, extreme gra-
dient boosting (XGBoost), random forest (RF), light gradi-
ent boosting machine (LightGBM), and adaptive boosting
(AdaBoost). Internal validation employed 10-fold cross-
validation, with a random seed set to 42. Model parameters
were as follows: XGBoost: objective (optimization objec-
tive function) = binary, learning_rate (learning rate) = 0.3,
max_depth (maximum tree depth) = 6, min_child weight
(minimum branch weight sum) = 2, reg_lambda (L2 regu-
larization coefficient) = 1; Logistic regression: C (regular-
ization factor) = 1.0, max_iter (number of iterations) = 100,
penalty (regularization type) = 12, tol (convergence met-
ric) =0.0001; LightGBM: boosting_type (algorithm type) =
gbdt, learning_rate (learning rate) = 0.1, max_depth (max-
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Table 1. Comparison of clinical data between the development group and the verification group.

o)

2,

(i

4

Ss3id NI

Variables Category Total (n=1170) Development group (n = 585)  Verification group (n = 585)  Statistic p-value
. No 909 (77.69) 463 (79.15) 446 (76.24)
Depression, n (%) 1.425¢ 0.233
Yes 261 (22.31) 122 (20.85) 139 (23.76)
. No 955 (81.62) 480 (82.05) 475 (81.20)
Anxiety, n (%) 0.142¢ 0.706
Yes 215 (18.38) 105 (17.95) 110 (18.80)
. . . . Grade I-1I 961 (82.14) 478 (81.71) 483 (82.56)
Cardiac function classification, n (%) 0.146* 0.703
Grade III-1V 209 (17.86) 107 (18.29) 102 (17.44)
. . . L No 1008 (86.15) 502 (85.81) 506 (86.50)
Complicated with atrial fibrillation, n (%) 0.115% 0.735
Yes 162 (13.85) 83 (14.19) 79 (13.50)
. . . No 1125 (96.15) 558 (95.38) 567 (96.92)
Combined with cerebrovascular disease, n (%) 1.872% 0.171
Yes 45 (3.85) 27 (4.62) 18 (3.08)
. o No 950 (81.20) 476 (81.37) 474 (81.03)
Combined with diabetes, n (%) 0.022% 0.881
Yes 220 (18.80) 109 (18.63) 111 (18.97)
. . . No 914 (78.12) 467 (79.83) 447 (76.41)
Complicated with hypertension, n (%) 2.000 0.157
Yes 256 (21.88) 118 (20.17) 138 (23.59)
. No 855 (73.08) 426 (72.82) 429 (73.33)
Living alone, n (%) 0.039¢ 0.843
Yes 315 (26.92) 159 (27.18) 156 (26.67)
L . No 1014 (86.67) 503 (85.98) 511 (87.35)
Drinking history, n (%) 0.4732 0.491
Yes 156 (13.33) 82 (14.02) 74 (12.65)
. . No 932 (79.66) 473 (80.85) 459 (78.46)
Smoking history, n (%) 1.034¢ 0.309
Yes 238 (20.34) 112 (19.15) 126 (21.54)
. No 768 (65.64) 375 (64.10) 393 (67.18)
Frailty, n (%) 1.228¢ 0.268
Yes 402 (34.36) 210 (35.90) 192 (32.82)
Female 448 (38.29) 230 (39.32) 218 (37.26)
Gender, n (%) 0.521@ 0.470
Male 722 (61.71) 355 (60.68) 367 (62.74)
Age, median (IQR) / 72.00 (68.00, 75.00) 72.00 (68.00, 75.00) 72.00 (68.00, 75.00) 0.154° 0.877
BMI, mean (+ SD) / 23.17 £ 1.94 2321 £ 1.96 23.12+ 191 0.729¢ 0.466
TC, mean (£ SD) / 4.13 +0.88 4.12 +£0.90 4.15+0.86 —0.689¢ 0.491
TG, median (IQR) / 1.70 (1.25, 2.15) 1.69 (1.19, 2.10) 1.70 (1.28,2.17) -1.360° 0.174
HDL-C, mean (+ SD) / 1.90 + 0.30 1.90 + 0.30 1.91 +0.30 —0.864¢ 0.388
LDLC, median (IQR) / 1.45(1.31, 1.61) 1.46 (1.32, 1.62) 1.45 (1.30, 1.59) 1.283% 0.200
CRP, median (IQR) / 5.57 (4.24, 6.94) 5.57 (4.32, 6.84) 5.54 (4.19,7.01) 0.254° 0.799
Serum creatinine, mean (£ SD) / 86.00 £ 22.58 86.21 £ 22.53 85.79 £ 22.63 0.317¢ 0.751
Hemoglobin, mean (+ SD) / 130.50 4+ 16.83 129.87 +17.23 131.13 + 16.40 —1.282¢ 0.200
ADL score, median (IQR) / 72.00 (65.00, 78.00) 72.00 (65.00, 78.00) 72.00 (65.00, 79.00) -0.705% 0.481

Note: a, Pearson chi-square test; b, Mann-Whitney rank sum test; ¢, Independent sample #-test; IQR, inter-quartile range; BMI, body mass index; TC, total cholesterol; TG, triglycerides;
HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; CRP, C-reactive protein; ADL, activities of daily living.
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Table 2. Comparison of clinical data between the frailty group and the non-frailty group in the development group.

Variables Category Total (n = 585) Non-frailty group (n=375)  Frailty group (n=210)  Statistic p-value
Male 355 (60.68) 226 (60.27) 129 (61.43)
Gender, n (%) 0.076% 0.783
Female 230 (39.32) 149 (39.73) 81 (38.57)
. No 426 (72.82) 297 (79.20) 129 (61.43)
Living alone, n (%) 21.480% <0.001
Yes 159 (27.18) 78 (20.80) 81 (38.57)
L . No 503 (85.98) 323 (86.13) 180 (85.71)
Drinking history, n (%) 0.020 0.889
Yes 82 (14.02) 52 (13.87) 30 (14.29)
. . No 473 (80.85) 292 (77.87) 181 (86.19)
Smoking history, n (%) 6.025¢ 0.014
Yes 112 (19.15) 83 (22.13) 29 (13.81)
. No 463 (79.15) 315 (84.00) 148 (70.48)
Depression, n (%) 14.916 <0.001
Yes 122 (20.85) 60 (16.00) 62 (29.52)
. No 480 (82.05) 315 (84.00) 165 (78.57)
Anxiety, n (%) 2.694 0.101
Yes 105 (17.95) 60 (16.00) 45 (21.43)
Grade [-1I 478 (81.71 317 (84.53 161 (76.67
Cardiac function classification, n (%) race ( ) ( ) ( ) 5.5744 0.018
Grade 11I-1V 107 (18.29) 58 (15.47) 49 (23.33)
. . . L No 502 (85.81) 322 (85.87) 180 (85.71)
Complicated with atrial fibrillation, n (%) 0.003% 0.960
Yes 83 (14.19) 53 (14.13) 30 (14.29)
. . . No 558 (95.38) 375 (100.00) 183 (87.14)
Combined with cerebrovascular disease, n (%) 50.550¢ <0.001
Yes 27 (4.62) 0 (0.00) 27 (12.86)
. . No 476 (81.37) 320 (85.33) 156 (74.29)
Combined with diabetes, n (%) 10.837¢ <0.001
Yes 109 (18.63) 55(14.67) 54 (25.71)
. . . No 467 (79.83) 297 (79.20) 170 (80.95)
Complicated with hypertension, n (%) 0.257« 0.612
Yes 118 (20.17) 78 (20.80) 40 (19.05)
Age, median (IQR) / 72.00 (68.00, 75.00) 72.00 (69.00, 76.00) 71.00 (68.00, 74.00) 2.595% 0.009
BMI, mean (+ SD) / 2321 £ 1.96 2322 +1.74 23.19 £2.32 0.152¢ 0.879
TC, mean (& SD) / 4.12 +£0.90 4.06 +0.78 423 +1.07 —-2.033¢ 0.043
TG, median (IQR) / 1.69 (1.19, 2.10) 1.67 (1.21, 2.06) 1.74 (1.14,2.18) -0.225 0.822
HDL-C, mean (+ SD) / 1.90 + 0.30 1.89 +£0.29 1.90 £+ 0.30 —0.044¢ 0.965
LDL-C, mean (£ SD) / 1.47 £0.23 1.43 +£0.20 1.55 £0.27 -5.319¢ <0.001
CRP, median (IQR) / 5.57 (4.32, 6.84) 5.61 (4.34,6.79) 5.48 (4.04, 6.99) 0.120° 0.905
Serum creatinine, mean (£ SD) / 86.21 £+ 22.53 85.13 £20.82 88.12 £ 25.18 —1.458¢ 0.146
Hemoglobin, median (IQR) / 130.00 (118.00, 142.00) 133.00 (123.00, 146.00) 121.00 (110.00, 134.00) ~ 7.344° <0.001
ADL score, mean (+ SD) / 71.19 +£ 9.86 74.89 + 7.89 64.58 £ 9.58 13.243¢ <0.001

Note: a, Pearson chi-square test; b, Mann-Whitney rank sum test; c, Independent sample ¢-test; BMI, body mass index; TC, total cholesterol; TG, triglycerides; HDL-C, high-density
lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; CRP, C-reactive protein; ADL, activities of daily living; IQR, inter-quartile range.
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Fig. 2. ROC curves before and after the internal validation of different models in the development group. Note: (A) ROC curves

for different models before internal validation. (B) ROC curves for different models after internal validation. ROC, receiver operating

characteristic; AUC, area under the ROC curve; XGBoost, extreme gradient boosting; LightGBM, light gradient boosting machine;

AdaBoost, adaptive boosting.

imum tree depth) =—1, n_estimators (maximum number of
trees) = 100, num_leaves (maximum number of leaves) =
31; RF: criterion (measurement index) = gini, max_depth
(maximum tree depth) = None, min_impurity decrease
(minimum branch purity gain) = 0.0, n_estimators (num-
ber of trees) = 20; AdaBoost: learning_rate (learning rate)
= 1.0, n_estimators (number of single models) = 50.

The predictive performance and evaluation metrics for
these models are detailed in Table 3. A comparison of the
ROC curves across different models is shown in Fig. 2A.
To address overfitting risks, all models underwent inter-
nal validation using 10-fold cross-validation, with results
presented in Table 4. Post-internal validation ROC curve
comparisons are depicted in Fig. 2B. Initially, Table 3 in-
dicated that the XGBoost model achieved the highest pre-
dictive performance, while Table 4 results suggested Ad-
aBoost exhibited the most stable performance following in-
ternal validation. This discrepancy implies potential over-
fitting in XGBoost, whereas AdaBoost displayed enhanced
stability, leading to its selection as the optimal model.

In the validation group, the AdaBoost model achieved
an AUC of 0.803, accuracy of 0.750, sensitivity of 0.66,
specificity of 0.79, positive predictive value of 0.61, nega-
tive predictive value of 0.83, and an F1 score of 0.63. Given
that the AUC in the validation group did not exceed that of
the development group by more than 10%, the model is con-
sidered well-fitted and demonstrates satisfactory predictive
accuracy in the validation cohort. The AdaBoost model’s
ROC curves are as follows: Fig. 3A for the development
group, Fig. 3B for post-internal validation, and Fig. 3C

for the validation group. To evaluate feature importance,
SHapley Additive Explanations (SHAP) Value plots were
utilized. SHAP analysis clarifies the contribution of each
feature to the prediction outcome, as shown in Fig. 4. In
Fig. 4A, ADL score, hemoglobin, and age are identified as
negative factors for increased frailty risk, whereas LDL-C,
TC, depression, cardiac function classification, cerebrovas-
cular disease presence, diabetes, and living status (alone)
are positive factors. Fig. 4B highlights the top five variables
influencing frailty risk: ADL score, LDL-C, hemoglobin,
cerebrovascular disease presence, and TC.

4. Discussion

4.1 Analysis of Influencing Factors of Frailty in Elderly
Patients with Coronary Heart Disease

CHD is a common chronic disease in the elderly.
Frailty can accelerate the development of CHD and lead
to adverse health outcomes [21]. Understanding the fac-
tors influencing frailty in this population is essential for
developing a personalized frailty prediction model, which
could play a pivotal role in reducing frailty incidence among
patients with CHD. This study applied LASSO regression
to identify 10 key variables associated with frailty in el-
derly patients with CHD: ADL score, hemoglobin, LDL-
C, TC, depression, cardiac function classification, cere-
brovascular disease, diabetes, living status (alone), and age.
ADL impairment often indicates muscle mass reduction,
a primary mechanism in frailty development [22]. Addi-
tionally, older adults with low ADL scores may experi-
ence decreased social engagement due to mobility limita-
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Fig. 3. ROC curve analysis of the AdaBoost model in different data sets. Note: (A) ROC curve of the AdaBoost model in the
development group. (B) ROC curve of the AdaBoost model after internal validation. (C) ROC curve of the AdaBoost model in the

verification group. ROC, receiver operating characteristic; AdaBoost, adaptive boosting; CI, confidence interval.
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tions, potentially leading to social isolation and reduced so-
cial support—manifestations of social frailty that interact
with physiological frailty [23]. Consequently, the sever-
ity of ADL impairment directly correlates with frailty risk,
with greater impairments indicating higher risk. Anemia,
marked by low hemoglobin levels, is also recognized as a
significant frailty risk factor among elderly patients [24].
Furthermore, low hemoglobin levels correlate with cogni-
tive decline, particularly in older men, as hemoglobin is es-
sential for oxygen transport throughout the body. Inade-
quate oxygen delivery due to low hemoglobin can impair
muscle function and endurance, thereby increasing frailty
susceptibility [25]. Jayanama et al. [26]. have identi-
fied TC and LDL-C as factors associated with frailty on-
set, likely due to lipid metabolism and nutritional status, a
finding also supported by Yuan et al. [27]. Li and Zhao
[28] further observed that depression and impaired cardiac
function are significant frailty risk factors among the el-
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derly, consistent with this study’s findings. Additionally,
Bakhtiari et al. [29] reported that frailty correlates with
lower levels of preoperative independence, cognitive de-
cline, depressive symptoms, and increased postoperative
complications. Another study highlighted a significant as-
sociation between cerebral microbleeds, particularly in the
brainstem, and frailty risk [30]. Burton JK et al.’s research
[31] indicates that frailty is common in patients present-
ing with acute stroke and associated with poor outcomes.
Bu fan and colleagues [32] also noted a high prevalence of
frailty among patients with middle and elderly type 2 dia-
betes, emphasizing the need for routine frailty assessment
and risk factor monitoring, aligning with this study’s out-
comes. Furthermore, living alone has been established as
an independent risk factor for cognitive decline in elderly
individuals
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Table 3. Comparison of prediction and evaluation indexes of five machine learning models in the development group.

Classification model ~AUC (SD)  Cutoff (SD)  Accuracy (SD)  Sensitivity (SD)  Specificity (SD)  Positive predictive value (SD)  Negative predictive value (SD)  F1 score (SD)  Kappa (SD)

XGBoost 1.00 (0.00)  0.72 (0.01) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)  1.00 (0.00)
Logistic 0.87 (0.00)  0.32(0.05)  0.78(0.01) 0.81 (0.05) 0.77 (0.05) 0.66 (0.04) 0.88 (0.02) 0.73(0.01)  0.55(0.02)
LightGBM 1.00 (0.00)  0.72 (0.02) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.0 (0.00)
RandomForest 1.00 (0.00)  0.49 (0.03) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 0.99 (0.00) 1.00 (0.00)  0.99 (0.01)
AdaBoost 0.95 (0.00)  0.49 (0.00)  0.86(0.01) 0.90 (0.03) 0.84 (0.04) 0.76 (0.03) 0.94 (0.02) 0.82(0.01)  0.71(0.02)

AUC, area under the ROC curve; XGBoost, extreme gradient boosting; LightGBM, light gradient boosting machine; AdaBoost, adaptive boosting.

Table 4. Comparison of prediction and evaluation indexes of five machine learning models after internal verification in the development group.

Classification model ~AUC (SD)  Cutoff (SD)  Accuracy (SD)  Sensitivity (SD)  Specificity (SD)  Positive predictive value (SD)  Negative predictive value (SD)  F1 score (SD)  Kappa (SD)

XGBoost 0.85(0.04)  0.83(0.02)  0.76(0.04) 0.86 (0.09) 0.75 (0.09) 0.74 (0.05) 0.76 (0.04) 0.80 (0.04)  0.43 (0.11)
Logistic 0.86 (0.04)  0.32(0.05)  0.76(0.03) 0.85 (0.09) 0.78 (0.12) 0.63 (0.05) 0.86 (0.05) 0.72(0.04)  0.49 (0.06)
LightGBM 0.86 (0.03)  0.72(0.02)  0.78 (0.05) 0.87 (0.09) 0.74 (0.13) 0.77 (0.07) 0.78 (0.05) 0.81 (0.04)  0.47(0.13)
RandomForest 0.85(0.04)  0.49 (0.03)  0.79 (0.04) 0.80 (0.10) 0.77 (0.14) 0.74 (0.07) 0.81 (0.04) 0.76 (0.06)  0.52(0.09)
AdaBoost 0.87 (0.06)  0.49 (0.00)  0.78 (0.04) 0.87 (0.06) 0.78 (0.08) 0.67 (0.05) 0.87 (0.07) 0.75(0.04)  0.53(0.09)

o)

2,

(i

4

Ss3id NI

AUC, area under the ROC curve; XGBoost, extreme gradient boosting; LightGBM, light gradient boosting machine; AdaBoost, adaptive boosting.
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[33], and it is recognized as a significant risk factor for
frailty [34]. The observed association between age and
frailty risk in this study also corroborates prior research
findings [35].

4.2 The Frailty Risk Prediction Model Based on a Machine
Learning Algorithm has Good Prediction Efficiency

XGBoost, a gradient boosting-based ensemble algo-
rithm, enhances predictive accuracy by constructing multi-
ple decision trees, delivering powerful predictive capabil-
ities though requiring substantial computational resources
and training time. Logistic regression, a linear classifica-
tion model suitable for binary classification tasks, is valued
for simplicity and interpretability but is limited in handling
nonlinear relationships. LightGBM, a gradient boosting
decision tree algorithm, expedites training by optimizing
the gradient of data instances, providing rapid training and
strong predictive performance; however, it can be sensi-
tive to outliers. The RF model, another ensemble algorithm
rooted in decision trees, bolsters predictive accuracy by ag-
gregating results from multiple trees, noted for its robust-
ness and predictive strength, though with higher computa-
tional demands. AdaBoost, an ensemble algorithm based
on weighted voting, boosts predictive performance by ad-
justing training sample weights, offering robustness to out-
liers though occasionally susceptible to overfitting. Con-
sidering overfitting risks among development group mod-
els, internal validation metrics are utilized for model as-
sessment. In terms of AUC, AdaBoost demonstrates the
best performance. For accuracy, RF is the leading model;
for sensitivity, both LightGBM and AdaBoost perform op-
timally. Logistic regression and AdaBoost show the highest
specificity. LightGBM and AdaBoost excel in positive pre-
dictive value and negative predictive value, respectively.
For the F1 score, LightGBM is superior, while AdaBoost
yields the highest Kappa value.

Considering all evaluation metrics, with AUC as the
primary index, this study identifies the AdaBoost algorithm
as the most effective machine learning model for frailty
prediction. The AdaBoost model achieves an AUC ex-
ceeding 0.8 in both the development and validation co-
horts, demonstrating strong predictive accuracy. Liu ef al.
[36] similarly examined elderly patients with CHD and de-
veloped a nomogram model to predict frailty, reporting a
frailty prevalence of 30.07%, comparable to the 34.36%
(402/1170) observed in our study. Liu ef al.’s findings [36]
also highlighted factors influencing frailty, such as health
status, age, limited social engagement, and impaired daily
living activities, consistent with the variables included in
our model. However, our study extends this work by incor-
porating a broader set of predictive indicators. Addition-
ally, unlike the logistic regression-based nomogram, the
AdaBoost model offers enhanced classification accuracy
and robustness by integrating multiple weak learners, al-
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lowing it to better address nonlinear relationships and noise
within the data.

The findings from this study underscore the essential
role of a frailty assessment in pre-operative evaluations,
particularly for patients scheduled for coronary artery by-
pass grafting (CABG) or other cardiac surgeries. The Ad-
aBoost algorithm, incorporating several critical variables,
enables a comprehensive evaluation of frailty in elderly
patients with CHD. The ADL score is a key measure of
functional status, indicating a patient’s capacity for basic
self-care. Hemoglobin levels reflect general health and
nutritional status, both of which are significant for recov-
ery and surgical outcomes. LDL-C and TC are key car-
diovascular risk markers, where unmanaged levels can ex-
acerbate frailty. Depression, prevalent among elderly pa-
tients, impacts both physical health and post-surgical re-
covery. Cardiac function classification provides insight
into disease severity, directly linked to frailty risk. The
presence of cerebrovascular disease can further complicate
surgery and recovery, contributing to frailty. Diabetes,
which impairs healing and elevates surgical risk, is another
vital factor. Living status, particularly for patients resid-
ing alone, affects available support and post-operative care,
potentially impacting frailty. Finally, age remains an in-
herent risk factor, with older patients facing elevated frailty
risks. By leveraging the AdaBoost algorithm to assess these
variables, healthcare professionals can better identify indi-
vidual frailty risks and customize pre-operative interven-
tions accordingly. This personalized approach supports im-
proved surgical outcomes and enhanced quality of life for
elderly patients undergoing cardiac procedures.

5. Limitations

This study acknowledges several limitations: (1) Data
collection was limited to a single tertiary hospital, which
may result in a sample that lacks diversity, potentially lim-
iting the generalizability to all elderly patients with CHD.
(2) The use of data from a single institution could introduce
selection bias, potentially impacting model accuracy and
reliability. (3) During feature selection, certain clinically
relevant indicators or biomarkers significant for predicting
frailty risk may have been inadvertently excluded. (4) The
model has not yet been validated on independent external
datasets, leaving its performance and stability in external
samples uncertain and limiting its external validity. Future
research aims to extend collaboration across multiple cen-
ters, allowing for validation on independent datasets, with
plans to gather a larger, more diverse cohort and incorpo-
rate a broader range of indicators to enhance model gener-
alizability and applicability. (5) While patients with coro-
nary artery disease (CAD) may not exhibit overtly disabling
symptoms, exertional chest pain remains a critical factor
that disrupts daily activities, lowering frailty scores and im-
pacting quality of life. Addressing this limitation is essen-
tial for accurately assessing the health status and life quality
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of patients with CAD. (6) The current prediction model re-
lies primarily on machine learning techniques, which may
present a risk of overfitting. To mitigate this, future stud-
ies could explore combining multiple algorithms for com-
prehensive prediction or apply strategies such as regulariza-
tion, data augmentation, or early stopping to enhance model
stability and accuracy.

6. Conclusions

In conclusion, the ADL score, hemoglobin levels,
LDL-C, TC, presence of depression, cardiac function sta-
tus, history of cerebrovascular disease, diabetes, living sit-
uation (solitary living), and age are identified as key deter-
minants of frailty in elderly patients with CHD. Leveraging
these factors, this study developed an AdaBoost machine
learning model capable of effectively predicting frailty risk
within this patient population.
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