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Abstract

Background/Objectives: Myocardial injury after non-cardiac surgery (MINS) is a common,
often asymptomatic complication in geriatric orthopedic patients that increases postoper-
ative mortality. The Revised Cardiac Risk Index (RCRI) may not adequately capture the
age-related loss of the physiological reserve. We investigated whether frailty indices (mFI-5,
mFI-11) improve machine-learning prediction of preoperative MINS risk, and compared an
exploratory perioperative model with ASA and RCRI. Methods: In this single-center retro-
spective study, 656 patients aged ≥ 65 years who underwent major orthopedic surgery with
postoperative ICU monitoring and troponin surveillance were analyzed; MINS occurred in
82 (12.5%). The models were as follows: Model 1 (preoperative baseline), Model 2 (+mFI-5),
Model 3 (+mFI-11), and an exploratory perioperative model, Model 4 (+intraoperative
vasopressor use and postoperative mechanical ventilation). AUCs on a 30% hold-out set
were compared with ASA/RCRI using the paired DeLong test, with Bonferroni adjustment
across 15 comparisons. A sensitivity analysis with an identical classifier and predictor set
isolated the contribution of the frailty indices. Results: Frailty indices did not provide
significant incremental value: adding mFI-5 or mFI-11 changed the AUC only marginally
(0.5744 to 0.5828 and 0.5881; all p > 0.5). Preoperative models (hold-out AUC 0.6005–0.6935)
did not differ significantly from ASA or RCRI after Bonferroni correction. Model 4, in-
corporating intra- and postoperative variables, reached an AUC of 0.7584, significantly
higher than ASA (adjusted p = 0.002) but not RCRI (adjusted p = 0.268). Conclusions: With
the algorithm and predictor set held constant, no incremental value of frailty indices was
demonstrable, and no model significantly outperformed RCRI after multiplicity correction.
The numerically higher AUC of Model 3 versus Model 2 cannot be attributed to frailty
indices, as the models differed in both predictors and algorithm. Power was limited; these
findings are hypothesis-generating. Whether frailty indices improve prediction needs to be
tested in external cohorts large enough to detect it.
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1. Introduction
Myocardial injury after non-cardiac surgery (MINS) is a serious complication charac-

terized by an elevation in postoperative cardiac troponin (cTn) levels following a surgical
intervention, occurring independently of ischemic symptoms or ECG findings [1]. The ma-
jority of MINS cases are silent [2]. In the literature, some meta-analyses report a prevalence
above 20%, and it is considered one of the major causes of postoperative mortality [3]. It
has been reported that 30-day mortality increases approximately 11-fold in patients who
develop MINS following major orthopedic surgery [4].

The Revised Cardiac Risk Index (RCRI) remains the most widely used tool in periop-
erative cardiac risk assessment. However, RCRI focuses solely on organ failures and fails to
reflect the loss of reserve associated with aging or the acute inflammatory response induced
by orthopedic surgery. For these reasons, the performance of RCRI in predicting MINS is
limited [5,6], and more sensitive tools are needed for individualized risk management.

Frailty is a multidimensional geriatric syndrome that develops as a result of the
loss of physiological reserve across systems with aging, and it is an important risk factor
reflecting biological reserve beyond chronological age [7,8]. The prevalence of frailty
exceeds 50% in patients over 85 years of age [7] and intraoperative and postoperative
complications are observed more frequently in these patients [9]. It affects 23% of patients
undergoing elective orthopedic surgery and 53% of patients undergoing emergency hip
fracture surgery [8,9]. Geriatric hip fracture patients constitute the highest-risk group for
MINS due to advanced age, high comorbidity burden, decreased physiological reserve,
and the inflammatory response induced by surgery and trauma [10]. Nevertheless, the
additional prognostic contribution of frailty scores to the prediction of MINS in the geriatric
orthopedic population remains unclear. In the literature, the relationship between frailty
and cardiac risk has mostly been examined using single frailty indices. Joseph et al.
demonstrated the contribution of frailty to surgical risk prediction but did not focus on
MINS [11]; the VISION study, on the other hand, established the prognostic role of MINS
but did not evaluate frailty scales [12]. To our knowledge, no machine learnings of the
MINS study has yet compared mFI-5 and mFI-11 within the same cohort of a geriatric
orthopedic population. This study aims to compare the discriminative power of mFI-5,
which offers ease of use in clinical practice, against mFI-11, which reflects comorbidity
burden in greater detail.

Moreover, traditional statistical methods in perioperative risk modeling may not fully
capture the complex interactions among age, comorbidity burden, biomarkers, and frailty
indices [13]. Machine learning can capture complex, non-linear relationships among clinical
variables and may complement traditional statistical models.

The primary aim of this study was to compare the discriminative performance of
baseline preoperative clinical and biochemical variables (Model 1) against sequentially de-
veloped machine learning models that integrate modified frailty indices—mFI-5 (Model 2)
and mFI-11 (Model 3)—for predicting MINS in elderly patients undergoing major or-
thopedic surgery. Secondarily, we aimed to compare an exploratory model (Model 4),
obtained by incorporating additional parameters reflecting the perioperative dynamic
course, with conventional risk scores based on the American Society of Anesthesiologists
(ASA) and RCRI.
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2. Materials and Methods
2.1. Study Design and Ethical Approval

This study is a single-center, retrospective observational cohort study including data
from patients aged 65 years and older who underwent major orthopedic surgery between
January 2021 and December 2023 and were subsequently followed in the intensive care
unit for close hemodynamic monitoring and routine clinical care due to high-risk profiles
in the postoperative period. The study protocol was approved by the Clinical Research Ethics
Committee of Dr. Abdurrahman Yurtarslan Ankara Oncology Training and Research Hospital
(Ethics Committee No: 2026-04/85) and registered on ClinicalTrials.gov (NCT07566013);
the study was conducted in accordance with the principles of the Declaration of Helsinki.

2.2. Patient Population and Primary Outcome

Patients aged 65 years and older who underwent hip fracture repair, total knee or
hip arthroplasty, revision surgery, or upper extremity surgery; had complete preoperative
clinical and laboratory data (hemoglobin, creatinine, and albumin); and had at least one
high-sensitivity cardiac troponin T (hs-cTnT) measurement within the first 72 postoperative
hours were included in the study. Troponin measurements were performed as part of
routine clinical care. Patients with a history of preoperative acute myocardial infarction or
a preoperative baseline hs-cTnT ≥ 65 ng/L, those with end-stage renal disease requiring
dialysis, and those with missing critical preoperative data or incomplete postoperative
troponin follow-up were excluded; a total of 656 patients were included in the analysis.
Patients with a baseline hs-cTnT ≥ 65 ng/L were excluded because the VISION criterion of
any postoperative value ≥ 65 ng/L cannot distinguish acute perioperative injury from pre-
existing chronic myocardial injury in this subgroup. Patients with a baseline hs-cTnT below
65 ng/L were retained, and MINS was ascertained from the postoperative change relative
to baseline. Preoperative and postoperative troponin measurements were performed using
the (Roche Diagnostics, Mannheim, Germany) Elecsys hs-cTnT assay (99th percentile upper
reference limit: 14 ng/L). The primary outcome was MINS developing within the first
72 h after surgery. MINS was defined, regardless of the presence of ischemic symptoms,
according to the VISION study criteria [12], as a postoperative hs-cTnT concentration of
20 to <65 ng/L with an absolute change of ≥5 ng/L from the preoperative baseline, or any
postoperative hs-cTnT concentration ≥ 65 ng/L, provided that non-cardiac causes capable
of elevating troponin (severe sepsis, massive pulmonary embolism) were excluded.

2.3. Data Source, Variables, and Data Preprocessing

Data were obtained through retrospective review of the institution’s hospital infor-
mation management system and anesthesia follow-up forms. The preoperative variables
recorded were age, sex, ASA physical status score, surgical urgency, type of surgical
procedure, chronic comorbidities (hypertension, diabetes, atrial fibrillation, COPD, de-
mentia/Alzheimer’s disease, heart failure, coronary artery disease), and basic laboratory
parameters (hemoglobin, serum creatinine, serum albumin). Ischemic heart disease was
defined as a history of myocardial infarction and/or coronary artery disease/prior cardiac
surgery recorded in hospital files. Preoperative medication use (Supplementary Table S1)
was extracted from medication records, and prior CABG and PCI/stent from free-text
comorbidity notes. Stent type, time since PCI, and perioperative interruption of antiplatelet
therapy were not systematically recorded. Prior CABG and PCI/stent are reported descrip-
tively and were not used as model inputs.

Frailty was quantified with the Modified Frailty Indices (mFI-5 and mFI-11) [14,15]
to express patients’ physiological reserve. The Revised Cardiac Risk Index (RCRI) [16]
and the American Society of Anesthesiologists Physical Status classification (ASA-PS) [17]
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were used only as comparators and were not entered into any machine learning model. All
scales were calculated retrospectively from preoperative data obtained from the hospital
information management system and anesthesia monitoring forms. The mFI-5 (range 0–5)
assigns one point each for diabetes mellitus, hypertension, heart failure, COPD/pneumonia,
and functional dependence. The mFI-11 (range 0–11) comprises these five items plus previ-
ous myocardial infarction, history of coronary artery disease/cardiac surgery, peripheral
vascular disease, cognitive impairment, cerebrovascular disease, and previous stroke. Each
component was scored 1 if present and 0 if absent, and the scores were summed; non-
normalized raw total scores were used in all analyses. The RCRI (range 0–6) assigns one
point each for high-risk surgery, ischemic heart disease (defined as above), heart failure,
cerebrovascular disease, insulin-treated diabetes, and serum creatinine > 2 mg/dL. The
ASA-PS (classes I–V) was taken from the anesthesia record: I, normal healthy patient; II,
mild systemic disease; III, severe systemic disease; IV, severe systemic disease that is a
constant threat to life; V, moribund patient not expected to survive without the operation.

All preprocessing steps were integrated into the cross-validation framework to prevent
data leakage. Missing values in continuous variables were imputed using K-Nearest
Neighbor (KNN, k = 5) imputation, and categorical variables were imputed using mode
imputation. Categorical features were transformed using drop-first One-Hot Encoding
to reduce multicollinearity. All transformation parameters were learned solely from the
training set and then applied to the validation/test subsets.

2.4. Variable Selection Strategy and Statistical Analysis

Variable selection during model development was performed in three stages. Initially,
from a pool of 42 candidate variables, model-configuration-specific exclusion criteria were
applied in the first stage. Accordingly, the ASA and RCRI scores, being comparator
measures, were not included in any model. The frailty index not belonging to the respective
model (e.g., mFI-11 in the mFI-5 model; mFI-5 in the mFI-11 model), the sub-clinical
components of the frailty score added to the model (to prevent redundant information
entry), and variables unknown preoperatively (vasopressor (VP) and mechanical ventilation
(MV) support requirements; reserved solely for Model 4) were removed from the candidate
pool. In the second stage, the remaining variables were subjected to Variance Inflation
Factor (VIF) analysis for multicollinearity risk, and variables with VIF > 5.0 were eliminated.
This threshold was preferred as it represents a stricter approach compared to the VIF = 10
criterion [18,19]. Because they constitute the study’s core research question, the mFI-5
and mFI-11 indices were excluded from this VIF elimination process. In the third stage,
variables that did not provide a significant contribution to the model, based on the intrinsic
importance scores and permutation mean decrease scores calculated in the inner loop
within the training dataset, were iteratively eliminated, and the final variable set for each
model was established.

The conformity of continuous variables to a normal distribution was assessed using
the Shapiro–Wilk test and visual methods (histogram, Q-Q plot). Normally distributed
data were summarized as mean ± standard deviation, and non-normally distributed data
as median (interquartile range, IQR). Categorical variables were expressed as frequency
and percentage. Comparisons between groups were performed, as appropriate, using
Student’s t-test, the Mann–Whitney U test, Pearson’s chi-square test, or Fisher’s exact test.
The threshold for statistical significance was set at p < 0.05.
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2.5. Model Architecture and Development Protocol

To predict the risk of developing MINS and to progressively evaluate the contribution
of clinical variables and frailty scales to the model, four different machine learning models
were constructed. The cohort was randomly split 70/30 into training and hold-out test sets.

Model 1 (Baseline Preoperative Model): Excludes frailty indices and perioperative
interventions, including only routine preoperative demographic, comorbidity, and labora-
tory parameters. Following the elimination processes, a total of 9 variables remained in
the model.

Model 2 (mFI-5-Layered Preoperative Model): Constructed by adding the Modified
Frailty Index-5 (mFI-5) score to the preoperative variables in Model 1. Variables consti-
tuting components of mFI-5 were removed to prevent multicollinearity. After VIF- and
contribution-based elimination, a total of 10 variables remained in the model.

Model 3 (mFI-11-Layered Preoperative Model): Constructed by adding the Modified
Frailty Index-11 (mFI-11) score to the preoperative variables in Model 1. The components
of mFI-11 were removed from the model. Following these elimination processes, a total of
6 variables remained in the model.

Model 4 (Extended Perioperative Course Model): The most comprehensive model, en-
compassing, in addition to preoperative variables, the patient’s intraoperative/postoperative
clinical course and the vasopressor (VP) and mechanical ventilation (MV) support require-
ments reflecting hemodynamic stress. Following these processes, a total of 12 variables
remained in the model.

All four models were developed independently following the same nested cross-
validation, algorithm selection, and calibration protocol, and were evaluated on the internal
hold-out test set. Models 1–3 represent the primary aim of the study, namely preoper-
ative risk prediction. Model 4, containing intraoperative/postoperative variables, falls
outside the scope of preoperative decision support and is reported solely as an exploratory
perioperative model intended to demonstrate the predictive contribution of VP use and
MV requirement.

Because of the limited number of MINS events (n = 82), the following measures were
used to mitigate overfitting and optimistic performance estimates. In the first stage, the
LazyPredict library was used to screen a broad range of baseline classifiers on the train-
ing subset; the top three algorithms by ROC-AUC were combined with seven standard
classifiers commonly used in clinical risk prediction (Logistic Regression, Random Forest,
XGBoost, LightGBM, CatBoost, Support Vector Machines, Nearest Centroid), yielding a
candidate pool of 10 models. The internal hold-out test set was not used at this stage. Fol-
lowing clinical pre-screening, multicollinearity was controlled using a fixed VIF threshold
of ≤5.0, and feature selection was conducted via iterative permutation-importance prun-
ing within the inner loop of nested cross-validation; wrapper methods such as recursive
feature elimination were not used. In the second stage, 5-fold nested cross-validation was
applied; each model was optimized in the inner loop with GridSearchCV over predefined
grids using both standard and class-weighted configurations, and subjected to probability
calibration. In the outer loop, the model with the highest mean ROC-AUC was selected as
the final model and evaluated on the internal hold-out test set, which was not included in
the model development process at any stage.

To isolate the incremental contribution of the frailty indices, a sensitivity analysis was
performed in which the model architecture was kept fully comparable across models. All
components of mFI-5 and mFI-11 were excluded from all three models. The three models
used the same classifier (class-weighted Nearest Centroid) and the same candidate predictor
pool; the only difference between them was the inclusion of no frailty index (comparable
base model), the mFI-5 score (+mFI-5 model), or the mFI-11 score (+mFI-11 model). Nearest
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Centroid was chosen because it was the algorithm selected for Models 1 and 2, so that
the frailty indices could be evaluated within the same framework as the primary baseline
model; the CatBoost algorithm selected for Model 3 was not replicated in this analysis.
To ensure an identical predictor set across the three models, VIF-based exclusion and
importance-based iterative feature selection were intentionally omitted, resulting in models
containing 25–26 variables each. These are diagnostic models designed to isolate the
independent contribution of frailty, not candidate clinical models; the variable count should
therefore not be evaluated against conventional events-per-variable (EPV) thresholds. All
other preprocessing, nested cross-validation, and probability calibration procedures were
identical to those used for the primary models. Performance was evaluated on the same
internal hold-out test set, with pairwise differences in discrimination assessed using the
paired DeLong test. Because this analysis was designed strictly to isolate the effect of
frailty rather than to optimize predictive performance, no formal comparisons were made
between the AUC values of these models and those of the primary models.

2.6. Performance Evaluation, Model Interpretability, and Software

The discriminative power of the models was evaluated using ROC-AUC, sensitivity,
and specificity, and the optimal decision threshold was determined using the Youden Index.
Calibration was assessed using the Brier score and calibration curves (reliability diagrams),
with the 95% confidence intervals for the calibration intercept and slope, as well as for AUC
were obtained by bootstrap resampling (1000 iterations) of the hold-out test set.; clinical
benefit was assessed using Decision Curve Analysis. Model performances were compared
with ASA and RCRI; differences between ROC curves were assessed using the DeLong test,
and 95% confidence intervals were calculated using the bootstrap method (1000 iterations).
Pairwise AUC comparisons among the four models were also performed using the DeLong
test, and Bonferroni correction was applied across all 15 pairwise comparisons among
the six candidates (Models 1–4, the ASA physical status classification, and RCRI); the
full corrected results are presented in Supplementary Table S2. Model interpretability
was evaluated using SHAP (SHapley Additive exPlanations) and permutation feature
importance analysis. Native importance scores were derived using algorithm-specific
metrics (PredictionValuesChange for CatBoost; Absolute Centroid Difference for Nearest
Centroid) and are not directly comparable across model types; only permutation importance
is comparable across algorithms. SHAP values were computed on the 30% hold-out test set
for all models; these analyses were performed post hoc, strictly for model interpretation,
and did not influence model selection, hyperparameter tuning, or feature elimination, all
of which were finalized exclusively on the training subset prior to hold-out evaluation.

All data preprocessing, statistical analyses, and machine learning modeling were per-
formed using Python (v3.12.3, Python Software Foundation, Wilmington, DE, USA; Spyder
environment). Pandas (v3.0.3) and NumPy (v1.26.4) were used for data manipulation;
statsmodels (v0.14.2, VIF) for multicollinearity control; and SciPy (v1.13.1, DeLong test) for
the statistical significance of model comparisons. The machine learning pipeline (including
imputation, scaling, nested cross-validation, hyperparameter optimization, and probability
calibration) was built using scikit-learn (v1.8.0); XGBoost (v2.1.3), LightGBM (v4.6.0), and
CatBoost (v1.2.10) libraries were used for algorithmic modeling and gradient boosting
architectures. Model inter-pretability was provided using SHAP (v0.48.0),permutation
feature importance was computed using scikitlearn’s permutation importance module and
graphical representations using Matplotlib (v3.8.4) and Seaborn (v0.13.2).
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3. Results
During the study period, a total of 800 patients were screened. Following evaluation,

144 patients were excluded: 53 with preoperative baseline hs-cTnT ≥ 65 ng/L, 19 with
end-stage renal disease requiring dialysis, and 72 with missing critical preoperative data
or incomplete postoperative troponin follow-up. Analyses were performed on a cohort of
656 patients (Figure 1).

Figure 1. Patient flow diagram.

The median age of patients who developed MINS was significantly higher than that
of patients who did not [80.5 (IQR: 73.0–86.0) vs. 78.0 (IQR: 72.0–83.0) years, p = 0.048].
Congestive heart failure was significantly more prevalent in the MINS group (28.0% vs.
11.3%, p < 0.001), representing the strongest univariate association observed in this co-
hort; congestive heart failure was also the top-ranked predictor in both the permutation
importance and SHAP analyses of Model 1.

History of myocardial infarction (36.6% vs. 23.5%, p = 0.010), a history of coronary
artery disease/cardiac surgery (42.7% vs. 30.0%, p = 0.028), and preoperative cognitive
impairment (36.6% vs. 23.7%, p = 0.018) were significantly more prevalent in the MINS
group. Prior CABG was also more frequent in the MINS group (17.1% vs. 6.8%, p = 0.003),
whereas documented prior PCI/stent (2.4% vs. 1.9%, p = 1.000), antiplatelet use (35.4%
vs. 27.5%, p = 0.180) and anticoagulant use (18.3% vs. 13.8%, p = 0.354) did not differ
significantly, statin use (17.1% vs. 10.3%, p = 0.101), also did not differ (Supplementary
Table S1).
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Preoperative hemoglobin [10.85 (IQR: 9.62–12.17) vs. 11.50 (IQR: 10.30–12.80)
g/dL, p = 0.018] and albumin [33.50 (IQR: 30.30–36.52) vs. 35.20 (IQR: 31.10–38.20) g/L,
p = 0.014] levels were significantly lower, while creatinine [1.02 (IQR: 0.79–1.33) vs. 0.87
(IQR: 0.69–1.11) mg/dL, p = 0.003] was significantly higher in the MINS group. These
findings are summarized in Table 1.

Table 1. Baseline demographic and clinical characteristics of patients with and without myocardial
injury after noncardiac surgery (MINS).

Variable MINS (−)
(n = 574)

MINS (+)
(n = 82) p

Age (years) 78.00 (72.00–83.00) 80.50 (73.00–86.00) 0.048
Female sex, n (%) 376 (65.5) 54 (65.9) 0.981
ASA score 3.00 (3.00–4.00) 4.00 (3.00–4.00) 0.060
Emergency surgery, n (%) 28 (4.9) 4 (4.9) 1.000
Hip surgery, n (%) 465 (81.0) 72 (87.8) 0.180
Upper extremity surgery, n (%) 58 (10.1) 9 (11.0) 0.816
Knee surgery, n (%) 35 (6.1) 2 (2.4) 0.197
Lower extremity surgery, n (%) 21 (3.7) 2 (2.4) 0.762
Malignancy surgery, n (%) 60 (10.5) 7 (8.5) 0.634
Diabetes mellitus, n (%) 198 (34.5) 32 (39.0) 0.453
Hypertension, n (%) 375 (65.3) 59 (72.0) 0.246
Congestive heart failure, n (%) 65 (11.3) 23 (28.0) <0.001
Prior myocardial infarction, n (%) 135 (23.5) 30 (36.6) 0.010
Cardiac surgery/Coronary artery disease, n (%) 172 (30.0) 35 (42.7) 0.028
Prior CABG, n (%) 39 (6.8) 14 (17.1) 0.003
Documented prior PCI/stent, n (%) 11 (1.9) 2 (2.4) 1.000
Antiplatelet use, n (%) 158 (27.5) 29 (35.4) 0.180
Clopidogrel use, n (%) 32 (5.6) 7 (8.5) 0.417
Anticoagulant use, n (%) 79 (13.8) 15 (18.3) 0.354
Peripheral vascular disease, n (%) 10 (1.7) 4 (4.9) 0.085
Cognitive impairment, n (%) 136 (23.7) 30 (36.6) 0.018
Cerebrovascular disease, n (%) 46 (8.0) 4 (4.9) 0.349
Prior stroke, n (%) 42 (7.3) 3 (3.7) 0.238
COPD/Pneumonia, n (%) 88 (15.3) 10 (12.2) 0.487
Functional dependency, n (%) 289 (50.3) 50 (61.0) 0.092
mFI-5 score 2.00 (1.00–2.00) 2.00 (1.00–3.00) 0.010
mFI-11 score 3.00 (1.00–4.00) 3.50 (2.00–5.00) 0.004
Preoperative hemoglobin (g/dL) 11.50 (10.30–12.80) 10.85 (9.62–12.17) 0.018
Creatinine (mg/dL) 0.87 (0.69–1.11) 1.02 (0.79–1.33) 0.003
Albumin (g/L) 35.20 (31.10–38.20) 33.50 (30.30–36.52) 0.014
RCRI score 1.00 (0.00–1.00) 1.00 (0.00–2.00) 0.011

Data are presented as median (interquartile range) for continuous variables and as n (%) for categorical
variables. Continuous variables were compared using the Mann–Whitney U test; categorical variables
were compared using the chi-square test or Fisher’s exact test, as appropriate. ASA, American Society
of Anesthesiologists physical status classification; COPD, chronic obstructive pulmonary disease;
MINS, myocardial injury after noncardiac surgery; mFI-5, 5-item modified frailty index; mFI-11,
11-item modified frailty index; RCRI, Revised Cardiac Risk Index. CABG, coronary artery bypass
grafting; PCI, percutaneous coronary intervention. Prior CABG and PCI/stent were identified from
free-text comorbidity records; PCI/stent was counted only when explicitly documented and may
be under-ascertained. Medication data reflect preoperative records; the timing of perioperative
interruption was not recorded.

Frailty burden was also significantly greater in the MINS group, as reflected in both
mFI-5 (2.00 [1.00–3.00] vs. 2.00 [1.00–2.00], p = 0.010) and mFI-11 (3.50 [2.00–5.00] vs. 3.00
[1.00–4.00], p = 0.004) scores, as well as the RCRI score (1.00 [0.00–2.00] vs. 1.00 [0.00–1.00],
p = 0.011).
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Intraoperative vasopressor use (22.0% vs. 7.3%, p < 0.001) and postoperative mechani-
cal ventilation requirement (9.8% vs. 2.6%, p = 0.004) were also significantly more common
among patients with MINS. No significant differences were observed between the groups
with respect to sex, ASA score, type of surgery, diabetes, or hypertension (p > 0.05 for all).
MINS developed in 12.5% (n = 82) of the study population.

Model 1 Performance and Comparative Analysis
Only preoperative variables were included in this model. According to the VIF > 5.0 rule,

9 variables were excluded from the analysis, and following iterative importance-based
selection of the remaining 27 candidates, 9 variables ultimately remained in the model.
Among the models trained on the remaining preoperative variables after multicollinearity
removal, the class-weighted Nearest Centroid algorithm exhibited the highest performance.

In the internal hold-out test set, Model 1 achieved an AUC of 0.6644 (95% CI: 0.5505–
0.7805), a sensitivity of 0.5200, and a specificity of 0.7849. The optimal clinical decision
threshold was determined as 0.119 using the Youden Index. The model showed a numeri-
cally higher AUC than the ASA score (AUC: 0.5267), with a difference of +0.1377 (DeLong
Z = 2.0552, raw p = 0.040), although this difference did not retain statistical significance
after Bonferroni correction across all 15 comparisons (adjusted p = 0.598); the difference of
+0.0543 compared with RCRI (AUC: 0.6101) did not reach statistical significance (DeLong
Z = 0.8909, p = 0.373; adjusted p = 1.000) (Figure 2).

Figure 2. Comparative receiver operating characteristic (ROC) curves for the four machine learning
models (Model 1–4) alongside the standalone ASA physical status classification and the Revised Car-
diac Risk Index (RCRI) for predicting myocardial injury after non-cardiac surgery (MINS), evaluated
on the internal hold-out test set. Model 4 (AUC = 0.758), the exploratory model incorporating intra-
operative and postoperative variables, achieved the highest discriminative performance, followed by
Model 3 (AUC = 0.693), Model 1 (AUC = 0.664), and Model 2 (AUC = 0.600). Both ASA (AUC = 0.527)
and RCRI (AUC = 0.610) are shown for reference, together with the diagonal line of no discrimination
(chance level, AUC = 0.500.

In the decision curve analysis, Model 1 showed potential net benefit at thresholds
of approximately 2–20% com-pared with the “treat all” and “treat none” strategies; at
thresholds above 23%, the net benefit became negative (Figure 3).
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Figure 3. Decision Curve Analysis for Models 1–4. (A) Model 1 (baseline preoperative variables,
NearestCentroid classifier) shows potential net clinical benefit at low decision thresholds, with the
net benefit approaching zero at approximately 0.20–0.22 and becoming negative at higher thresholds.
(B) Model 2 (baseline + mFI-5) shows a similarly modest benefit that flattens near zero shortly after the
0.10–0.20 threshold range, offering little advantage over Treat None across most of the threshold spec-
trum. (C) Model 3 (mFI-11-based preoperative model, CatBoostClassifier) shows potential net benefit
within an approximate threshold range of 8–20%, followed by negative net benefit at approximately
22–30% before converging with Treat None, consistent with its performance among the preoperative-
only models. (D) Model 4 (full perioperative model including intraoperative/postoperative variables,
exploratory) shows the highest net benefit at low-to-moderate thresholds (up to ~0.30) but with
a similar early convergence pattern, consistent with its exploratory rather than confirmatory role.
Across all panels, the red curve represents the respective model, the dashed line represents the “Treat
All” strategy, and the dotted line represents the “Treat None” strategy.

Model 2 Performance and Comparative Analysis
Following the exclusion of mFI-5 components (hypertension, diabetes mellitus, con-

gestive heart failure, COPD/pneumonia, functional dependency) and redundant, non-
preoperative variables (mFI-11, VP/MV requirement, ASA, RCRI), 9 variables were re-
moved from the analysis according to the VIF > 5.0 rule; after iterative variable selection,
10 variables remained in the final model, including the mFI-5 score. In this model, al-
bumin (VIF = 13.54) was among the nine variables removed in the multicollinearity step
(VIF > 5.0). The mFI-5 score, as the core study variable, was exempt from VIF-based elimina-
tion. Among the models trained with these variables, the class-weighted Nearest Centroid
algorithm again exhibited the highest performance.

On the internal hold-out test set, Model 2 achieved an AUC of 0.6005 (95% CI: 0.4727–
0.7236), with a sensitivity of 0.6400 and a specificity of 0.5756. The optimal clinical decision
threshold was determined as 0.111 using the Youden Index. The model did not reach
statistical significance relative to the ASA score (AUC: 0.5267), with a difference of +0.0738
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(DeLong p = 0.261: adj p = 1.000); the difference relative to RCRI (AUC: 0.6101), at −0.0096,
was likewise not significant (DeLong p = 0.885;adj p = 1.000) (Figure 2).

In decision curve analysis, Model 2 provided a limited positive net benefit compared
with the “intervene for all” and “intervene for none” strategies only within a narrow, low
threshold probability range (approximately a 11% threshold); no sustained net clinical
benefit was observed within clinically meaningful threshold ranges (Figure 3).

Model 3 Performance and Comparative Analysis
In the third model, the mFI-11 frailty index was added to the preoperative variables;

the components constituting the index were excluded from the model to prevent redun-
dant variable use. Based on the VIF > 5.0 threshold, only 3 variables (age, hip surgery,
preoperative hemoglobin) were eliminated, following these elimination steps, a total of
6 variables remained in the final model, and the CatBoostClassifier (unweighted) algorithm
demonstrated the highest performance.

In the internal hold-out test set, Model 3 achieved an AUC of 0.6935 (95% CI: 0.5828–
0.8052), with a sensitivity of 0.6400 and a specificity of 0.7500. The optimal clinical decision
threshold was determined as 0.138 using the Youden Index. The model showed a numeri-
cally higher AUC than the ASA score (AUC: 0.5267), with a difference of +0.1667 (DeLong
Z = 2.6385, raw p = 0.008), although this difference did not retain statistical significance
after Bonferroni correction across all 15 comparisons (adjusted p = 0.125); the observed
difference of +0.0834 relative to RCRI (AUC: 0.6101) did not reach statistical significance
(DeLong Z = 1.5098, p = 0.131; adjusted p = 1.000) (Figure 2). The mFI-11 score, creatinine,
and albumin emerged as the most determinant variables in the model’s decision mecha-
nism, whereas the contributions of inhaler use, emergency surgery status, and digitalis use
remained comparatively limited (Figure 4).

Figure 4. SHAP beeswarm plot for Model 3 (mFI-11–based CatBoostClassifier), computed on the 30%
internal hold-out test set. Each point represents an individual patient; the horizontal position indicates
the SHAP value (impact on model output toward higher predicted MINS risk), and color denotes the
corresponding feature value (blue = low, red/pink = high). Variables are ordered from top to bottom
by mean absolute SHAP value. The mFI-11 score showed the greatest overall contribution to model
output, followed by creatinine and albumin; inhaler use, emergency surgery status, and Digitalis
use contributed comparatively less to the model’s predictions, although digitalis use produced two
high-impact outlier predictions.

In the decision curve analysis, Model 3 showed potential net benefit within a limited
threshold probability range of approximately 8–20% compared with the “treat all” and
“treat none” strategies; above this range (approximately 22–30%), the net benefit turned
negative (Figure 3).
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To compare the discriminative performance of the frailty-based preoperative model
configurations with the baseline preoperative model, paired DeLong tests were performed
between Model 1 and Model 2 and between Model 1 and Model 3 on the same inter-
nal hold-out test set. The AUC difference for Model 2 relative to Model 1 was −0.0640
(Z = −1.504, p = 0.133; Bonferroni-adjusted p = 1.000), and the difference was not statistically
significant. The AUC difference for Model 3 relative to Model 1 was found to be +0.0291
(Z = 0.578, p = 0.563; Bonferroni-corrected p = 1.000), and this difference likewise did not
reach statistical significance (Table 2; full pairwise results with raw and Bonferroni-adjusted
p-values are presented in Supplementary Table S2).

Table 2. Pairwise DeLong Comparisons of Model Discrimination (AUC).

Model A Model B AUC (A) AUC (B)
AUC

Difference
(A-B)

Z
Score

p
Value

Bonferroni-
Corrected p

Significant After
Bonferroni
Correction

(Adjusted p

Model 1 Model 2 0.6644 0.6005 +0.0640 1.504 0.1326 1.0000 No
Model 1 Model 3 0.6644 0.6935 −0.0291 −0.578 0.5632 1.000 No
Model 1 Model 4 0.6644 0.7584 −0.0940 −1.576 0.1151 1.0000 No
Model 2 Model 3 0.6005 0.6935 −0.0930 −1.781 0.0750 1.0000 No
Model 2 Model 4 0.6005 0.7584 −0.1579 −2.349 0.0188 0.282 No
Model 3 Model 4 0.6935 0.7584 −0.0649 −1.262 0.2068 1.000 No

Bonferroni-corrected p values were adjusted across all 15 pairwise comparisons among the six
candidates (Models 1–4, the ASA physical status classification, and RCRI) and capped at a maximum
of 1.000; the full set of 15 pairwise comparisons with raw and adjusted p-values is presented in
Supplementary Table S2.

Incremental Contribution of Frailty Indices: Sensitivity Analysis with Comparable Models
To isolate the incremental contribution of frailty indices independent of variable

selection and algorithm choice, three comparable models (baseline, +mFI-5, +mFI-11)
were developed using the same classifier (class-weighted Nearest Centroid) and the same
variable set (Supplementary Table S3; Supplementary Figures S1–S3). On the internal
hold-out test set, the comparable baseline model achieved an AUC of 0.5744 (95% CI
0.4253–0.7132). It should be acknowledged that the comparable base model achieved
only modest discrimination (AUC 0.574; 95% CI 0.425–0.713, which includes 0.5); the
small incremental gains should therefore be interpreted cautiously. Adding mFI-5 yielded
a numerically slightly higher AUC of 0.5828 (95% CI 0.4428–0.7233; ∆AUC = +0.0084),
and adding mFI-11 yielded an AUC of 0.5881 (95% CI 0.4429–0.7240; ∆AUC = +0.0137).
None of the pairwise differences reached statistical significance (baseline vs. +mFI-5:
Z = −0.4493, p = 0.653; baseline vs. +mFI-11: Z = −0.6112, p = 0.541; +mFI-5 vs. +mFI-11:
Z = −0.3607, p = 0.718). Brier scores were similar across all three models (0.1089–0.1098),
and the differences between cross-validation and hold-out performance were small (0.0063–
0.0141). Because the small event count limited the power to detect subtle differences, these
findings neither establish nor exclude an incremental contribution of the frailty indices;
the performance differences between the primary models may partly reflect differences in
variable selection and algorithm choice, rather than the frailty indices alone.

Model 4 Performance and Comparative Analysis
In the fourth model, designed as an exploratory perioperative model, intraoperative

(vasopressor requirement) and postoperative (mechanical ventilator requirement) variables
were added alongside the preoperative variables; 10 variables were excluded from the
analysis based on the VIF > 5.0 rule. Total of 12 variables remained in the final model.
The CatBoostClassifier algorithm, which can accommodate class imbalance, achieved the
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highest performance, and the effect of each variable on the prediction was evaluated using
SHAP analysis.

The model showed a numerically higher AUC over the ASA score (AUC: 0.5267), with
a difference of +0.2316 (DeLong p < 0.001; Bonferroni-adjusted p = 0.002), and over RCRI
(AUC: 0.6101), with a difference of +0.1483 (DeLong p = 0.018), although the latter differ-
ence did not retain statistical significance after Bonferroni correction (adjusted p = 0.268)
(Figure 2).

In the decision curve analysis, Model 4 showed greater net benefit than the “treat-all”
and “treat-none” strategies within the 8–30% threshold range; net benefit declined at higher
thresholds. Because the model incorporates intraoperative and postoperative data, it does
not offer preoperative decision support and should be regarded as an exploratory analysis
(Figure 3).

In addition, calibration curves were evaluated for all four models (Figure 5). The
calibration intercept and slope (95% CI) were −0.76 (−2.18 to 1.07) and 0.62 (−0.07 to 1.63)
for Model 1; −0.80 (−2.97 to 1.14) and 0.57 (−0.49 to 1.59) for Model 2; 0.68 (−0.91 to
2.43) and 1.37 (0.55 to 2.34) for Model 3; and 0.36 (−0.93 to 1.69) and 1.24 (0.64 to 1.96) for
Model 4, respectively. The positive calibration intercepts of Models 3 and 4 (0.68 and 0.36)
indicate a tendency to underestimate risk, and the negative intercepts of Models 1 and
2 (−0.76 and −0.80) a tendency to overestimate risk; none of the four models achieved a
calibration intercept close to zero. Calibration slopes deviated from unity in both directions
(0.57–0.62 in Models 1–2; 1.24–1.37 in Models 3–4), and, given the small number of test-set
events, all calibration metrics should be interpreted descriptively (Figure 5).

Figure 5. Calibration curves for the four primary models evaluated on the internal hold-out test set:
(A) Model 1 (baseline preoperative model; class-weighted Nearest Centroid), (B) Model 2 (baseline
+ mFI-5; class-weighted Nearest Centroid), (C) Model 3 (baseline + mFI-11; CatBoostClassifier,
unweighted), (D) Model 4 (exploratory perioperative model including vasopressor and mechanical
ventilation requirements; CatBoostClassifier, unweighted). The diagonal dashed line represents
perfect calibration. Calibration intercept and slope (95% CI) for each model are reported in the
Section 3: (A) −0.76 (−2.18 to 1.07) and 0.62 (−0.07 to 1.63); (B) −0.80 (−2.97 to 1.14) and 0.57 (−0.49
to 1.59); (C) 0.68 (−0.91 to 2.43) and 1.37 (0.55 to 2.34); (D) 0.36 (−0.93 to 1.69) and 1.24 (0.64 to 1.96).
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Model performances evaluated on the hold-out test set are summarized in Table 3.
The exploratory perioperative model (Model 4) achieved the highest overall predictive
accuracy, driven largely by intraoperative hemodynamic support requirements. After
Bonferroni correction across all 15 pairwise comparisons (Supplementary Table S2), only
the exploratory perioperative model (Model 4) numerically higher AUC than ASA physical
status classification (adjusted p = 0.002); the advantages of Models 1 and 3 over ASA did
not retain statistical significance (adjusted p = 0.598 and 0.125, respectively), and no model
significantly outperformed the RCRI.

Table 3. Performance Summary of Machine Learning Models and Top Variables by Permutation
Importance.

Model/Algorithm Most Important Variables
(Perm. Importance)

CV Mean
AUC

Holdout AUC
(95% CI) Brier Sens./Spec. ∆AUC vs. ASA/RCRI (p)

Model 1 (Baseline
Preoperative)

NearestCentroid

CHF (0.0647)
Statin use (0.0527)

Knee surgery (0.0234)
0.5682 0.6644

(0.5505–0.7805) 0.1121 Sens: 0.5200
Spec: 0.7849

ASA: +0.1377 (p = 0.040;
adj. p = 0.598)

RCRI: +0.0543 (p = 0.373;
adj. p = 1.000)

Model 2 (+mFI-5)
NearestCentroid

Cognitive impairment
(0.0570)

Peripheral vascular disease
(0.0459)

Insulin use (0.0068)

0.6246 0.6005
(0.4727–0.7236) 0.1114 Sens: 0.6400

Spec: 0.5756

ASA: +0.0738 (p = 0.261;
adj. p = 1.000)

RCRI: −0.0096 (p = 0.885;
adj. p = 1.000)

Model 3 (+mFI-11)
CatBoostClassifier

Creatinine (0.0637)
Digitalis use (0.0534)

Inhaler (0.0364)
mFI-11 score (0.0303)

0.5677 0.6935
(0.5828–0.8052) 0.1061 Sens: 0.6400

Spec: 0.7500

ASA: +0.1667 (p = 0.008;
adj. p = 0.125)

RCRI: +0.0834 (p = 0.131;
adj. p = 1.000)

Model 4 (+VP/MV,
Exploratory)

CatBoostClassifier

Insulin use (0.0414)
Vasopressor requirement

(0.0390)
Antiparkinsonian

medication use (0.0363)

0.6727 0.7584
(0.6661–0.8407) 0.1036 Sens: 0.8000

Spec: 0.6686

ASA: +0.2316 (p ≤ 0.001;
adj. p = 0.002)

RCRI: +0.1483 (p = 0.018;
adj. p = 0.268)

Abbreviations: AUC, area under the receiver operating characteristic curve; CV, cross-validation;
CI, confidence interval; ASA, American Society of Anesthesiologists physical status classification;
RCRI, Revised Cardiac Risk Index; CHF, congestive heart failure; mFI-5, 5-item modified frailty index;
mFI-11, 11-item modified frailty index; VP, vasopressor; MV, mechanical ventilation. CV Mean AUC
denotes the mean ROC-AUC across the outer folds of the 5-fold nested cross-validation performed
on the training subset; Holdout AUC denotes performance on the internal hold-out test set.

In addition to permutation importance, SHAP analysis was performed to evaluate the
impact and direction of key variables on model predictions. The three top-ranked variables
based on mean absolute SHAP values for each model are summarized in Table 4 and the
full SHAP beeswarm distribution for the best-performing preoperative model (Model 3) is
presented in (Figure 4).

Table 4. Top Three Predictors by Mean Absolute SHAP Value for Each Model.

Model Rank 1 Rank 2 Rank 3

Model 1 (Baseline
Preoperative) CHF (0.0316) Peripheral vascular disease

(0.0051) Anticoagulant use (0.0050)

Model 2 (+mFI-5) Cognitive impairment (0.0145) Peripheral vascular disease
(0.0141) Insulin use (0.0076)

Model 3 (+mFI-11) mFI-11 score (0.0622) Creatinine (0.0574) Albumin (0.0403)

Model 4 (+VP/MV,
Exploratory)

Vasopressor requirement
(0.0539) Creatinine (0.0406) Albumin (0.0353)

Values represent mean absolute SHAP (SHapley Additive exPlanations) values computed on the 30%
hold-out test set for each model, reflecting each variable’s average contribution magnitude to individ-
ual model predictions. mFI, modified frailty index; VP, vasopressor; MV, mechanical ventilation.
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4. Discussion
In this study, the discriminative performance of sequentially constructed preoperative

machine learning models incorporating frailty indices was compared against a baseline
model, in order to investigate the preoperative predictability of postoperative MINS in
geriatric patients undergoing major orthopedic surgery. The baseline model (Model 1),
which included only routine preoperative variables, demonstrated a numerically higher
AUC than the ASA score—although this difference did not retain statistical significance
after Bonferroni correction—and showed no comparable difference against the RCRI; in this
cohort, the baseline preoperative model showed higher discrimination than ASA; however,
this finding should be interpreted cautiously given the limited discrimination of ASA and
the exploratory nature of these comparisons. The ASA showed limited discrimination in
this cohort (AUC 0.5267), setting a very low bar. In contrast RCRI showed higher discrimi-
nation than ASA in this cohort (AUC 0.6101). Testing against the RCRI was therefore the
far more relevant benchmark for incremental clinical benefit. Given that our model did not
significantly outperform the RCRI (raw p = 0.131; adjusted p = 1.000), our findings should
be interpreted with caution. While the addition of mFI-5 to the baseline model reduced its
predictive performance, the model incorporating mFI-11 achieved the numerically highest
discrimination among the preoperative models (AUC 0.69), although this improvement did
not reach statistical significance relative to the baseline model and its advantage over ASA
(raw p = 0.008) did not retain statistical significance after Bonferroni correction (adjusted
p = 0.125). Our findings suggest that the contribution of frailty indices to the model may
vary depending on the index used. However, whether a broader index provides a clinically
meaningful advantage over baseline variables remains inconclusive. This uncertainty
largely stems from the differing variable selection and algorithm choices between the
models, as well as the limited sample size of our study. To address this uncertainty, we
performed an additional sensitivity analysis in which the classifier and variable set were
held constant and only the frailty index was varied (Supplementary Table S3). Within
this directly comparable framework, adding mFI-5 and mFI-11 to the base model yielded
only small, statistically non-significant increases in AUC (∆AUC = +0.0084, p = 0.653 and
∆AUC = +0.0137, p = 0.541, respectively). These findings warrant cautious interpretation:
given the modest discrimination of the baseline model and the statistical constraints of the
sample size, the data neither definitively establish nor rule out an incremental contribution
of the frailty indices.

MINS often follows a silent course. It has been reported in the literature to increase
postoperative mortality by approximately five-fold [3] to be responsible for one-quarter of
postoperative deaths [8], and to increase the risk of in-hospital mortality by 1.37–2.28-fold in
hip fracture cases [10]. Given this silent course and its contribution to mortality, accurately
identifying at-risk patients before surgery is of major clinical importance. Current guide-
lines strongly recommend MINS screening in high-risk patients; however, risk tools capable
of performing this screening accurately, rapidly, and widely are still lacking [20]. Therefore,
unlike classical risk scores, which focus solely on a patient’s existing comorbidities, it is
important to determine whether frailty scales—which also reflect overall physiological
reserve—contribute to MINS risk prediction.

mFI-11 measures perioperative frailty by combining 11 comorbidity and functional
impairment components. Higher scores have been reported to be associated with adverse
postoperative outcomes in various surgical populations [8,21]. This association appears
to be more pronounced in orthopedic surgical groups [22,23]. mFI-11 has been reported
to be directly associated with complications and mortality in patients undergoing hip
arthroplasty [22], and in another cohort undergoing hip fracture surgery, increasing frailty
scores have been shown to significantly increase the risk of one-year mortality [23]. In
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the meta-analysis by Dong et al., frailty was shown to be an independent and strong risk
factor that increases both in-hospital and short- and long-term mortality by approximately
twofold in this patient group [24].

There are numerous studies in the literature, using different frailty measurement tools,
regarding the superiority of frailty-based scoring systems over traditional risk scores. Choi
et al. [25] reported that a multidimensional frailty index was more successful in predicting
6-month mortality than ASA score and chronological age in geriatric patients operated for
hip fracture, increasing the mortality risk by approximately 3.5-fold in the high-risk group.
Although components such as cognitive status, mobility, nutrition, and polypharmacy do
not fully align with the mFI-11 used in our study, our findings are compatible with this
literature, even if they do not definitively confirm it. Further studies are warranted to
determine the extent to which frailty assessment truly adds value beyond routine clinical
tests for evaluating surgical risk. However, further studies are needed to determine just
how much value it truly adds beyond routine clinical tests.

In our study, Model 3, based on mFI-11, achieved the highest absolute AUC value
(0.6935) among the preoperative configurations examined and demonstrated a numerically
higher AUC than the ASA classification (AUC: 0.5267; raw p = 0.008), although this differ-
ence did not retain statistical significance after Bonferroni correction (adjusted p = 0.125);
the observed increase in AUC compared with the baseline model (Model 1) also did not
reach statistical significance (Bonferroni-adjusted p = 1.000). In the SHAP analysis, the
mFI-11 score showed the largest mean absolute SHAP contribution to Model 3 predictions,
exceeding that of creatinine and albumin (Table 4). However, this did not yield a significant
improvement in AUC compared with Model 1 or RCRI. This is likely due to an overlap
with the cardiac parameters already present in the baseline model.

While the notable SHAP contribution indicates that mFI-11 strongly influenced Model
3’s predictions, this should not be taken as evidence that it offers superior independent
prognostic value or provides a distinct incremental gain in discriminative power.

mFI-5 is a frailty scale widely used in surgical practice due to its ease of calculation
from routine preoperative data [14]. It has been shown in the literature to predict mortality
and overall complications in geriatric surgical populations [14]; it has also been reported
to be successful in predicting in-hospital, 3-month, and 1-year mortality in geriatric pa-
tients with femoral fractures [26]. Although a significant association was found between
mFI-5 and MINS in univariate analysis (p = 0.010), the addition of this variable to the
model decreased the test AUC (from 0.6644 to 0.6005). This indicates that the negative
permutation importance score of mFI-5 (−0.0035) reflects an increase in model noise rather
than a contribution to predictive power in the test set. Because mFI-5 introduced multi-
collinearity (VIF > 5.0), we had to exclude albumin —an independently significant predictor
(p = 0.014)—during variable selection. This drop in performance might stem more from
differences in the resulting predictor sets across models than from a direct causal impact
of removing albumin. For this reason, mFI-5 may have caused a loss of information by
displacing other strong predictors. Unlike mFI-5, the addition of mFI-11 did not lead to
the elimination of albumin specifically, despite VIF-based removal of three other variables
(age, hip surgery, preoperative hemoglobin) from Model 3. This finding is also consistent
with the comparable-model sensitivity analysis. When the variable set was held constant,
the model including mFI-5 did not perform worse than the comparable base model (AUC
0.5828 vs. 0.5744; DeLong p = 0.653). Accordingly, the lower performance of Model 2 in the
primary analysis may be related, at least in part, to the exclusion of potentially informative
variables such as albumin; however, as the differences in the sensitivity analysis were not
statistically significant, this explanation remains speculative and a direct contribution of the
frailty score cannot be excluded. This finding indicates that frailty scores valid for mortality
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and morbidity in surgical cases cannot be directly extrapolated to specific organ injuries
such as MINS, and that simple comorbidity-based indices may be insufficient on their own
for perioperative cardiac risk stratification.

Few studies have directly compared mFI-5 and mFI-11. In direct comparisons, both in-
dices showed comparable outcome prediction [27,28]. For example, in elderly spine surgery
patients, the c-statistics of both indices were similar for major complications (0.68 vs. 0.68)
and 6-month mortality (0.83 vs. 0.81) [28]. In a trauma registry, both indices were like-
wise associated with complications and discharge disposition, although the correlation
between them was lower in older patients and in the isolated hip fracture subgroup than
in other cohorts, and neither index predicted mortality [27]. A meta-analysis in elective
spine surgery noted that mFI-5 showed more consistent associations across various clinical
outcomes, though the authors emphasized that this comparison remained indirect rather
than head-to-head, and that mFI-11 could be pooled for only three outcomes [29]. In
our study, mFI-11 yielded numerically higher discrimination for predicting MINS than
mFI-5 (AUC 0.6935 vs. 0.6005; ∆AUC = +0.093, 95% CI −0.009 to 0.195; DeLong Z = 1.781,
raw p = 0.075; Bonferroni-adjusted p = 1.000); however, this difference did not reach sta-
tistical significance, and both models showed limited discrimination (AUC < 0.70). The
comparison is also subject to confounding because the models were built using different
variable sets and algorithms. This finding may suggest that frailty indices evaluated for
general postoperative outcomes do not perform equivalently for a specific endpoint such
as MINS. One possible explanation is that mFI-11 includes additional cardiovascular items
(myocardial infarction, prior PMI/cardiac surgery, peripheral vascular disease, TIA/stroke)
that are absent from mFI-5 and may be more relevant to a cardiac endpoint. This remains a
hypothesis, underscoring the need for dedicated, direct comparative study.

RCRI is one of the risk tools developed for perioperative cardiac events and frequently
used in MINS prediction [30]. ASA physical status classification, on the other hand, is
a non-cardiac-specific assessment of the patient’s suitability for anesthesia and does not
represent the pathophysiological processes underlying MINS (ischemic heart disease,
congestive heart failure, renal dysfunction). A study by Bronheim et al. showed that ASA’s
performance in predicting major cardiac events remains markedly lower compared with
RCRI [31]. In our study, the models we developed showed numerically higher AUCs than
ASA, although only the raw p-values reached nominal significance before correction (Model
1: p = 0.040 vs. ASA and p = 0.373 vs. RCRI; Model 3: p = 0.008 vs. ASA and p = 0.131 vs.
RCRI). These comparator analyses were exploratory and were corrected for multiplicity
across all 15 pairwise comparisons (Supplementary Table S2); the Model 1 vs. ASA result
(raw p = 0.040) did not retain statistical significance after correction (adjusted p = 0.598) and
in particular should not be interpreted as a robust finding. Structural differences between
the two scores play an important role in this discrepancy. Nearly all of the components
comprising RCRI are also core components of our preoperative models. In contrast, since no
such structural overlap exists with ASA, the difference emerges more clearly. Because CHF,
creatinine, and mFI-11—the parameters that stand out in the SHAP analyses of Model 1 and
Model 3, respectively—overlap substantially with RCRI, the discriminative contribution
that the preoperative models add over RCRI has remained limited. This structural overlap
aligns with the finding that Model 4—which incorporates perioperative hemodynamic
stress (vasopressor use and mechanical ventilation) and thus shares fewer components
with RCRI—achieved numerically higher AUC over ASA (Bonferroni-adjusted p = 0.002)
but not over RCRI (Bonferroni-adjusted p = 0.268). However, since our study included only
82 MINS events, it should be noted that all DeLong comparisons—including those showing
significant differences against ASA—were conducted with limited power, resulting in wide
confidence intervals for effect size estimates. Therefore, rather than attributing the RCRI
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result solely to insufficient statistical power, both RCRI and ASA comparisons should be
interpreted with this limitation in mind.

The similarity between our model and the RCRI likely reflects the fact that both rely on
shared cardiac variables, rather than a genuine lack of added value. Even so, this remains a
plausible explanation rather than a proven fact, and it should definitely not be interpreted
as evidence that Model 3 outperforms the RCRI.

Current perioperative guidelines recommend integrating clinical risk scores with
functional capacity and cardiac biomarkers; the incremental value of biomarkers over the
RCRI has been well documented in the literature [6]. However, due to the retrospective
design of our study, NT-proBNP/BNP levels and objective functional capacity assessments
were not available; consequently, the models could only be compared against the RCRI and
the ASA physical status classification. This is a relevant limitation, as conventional cardiac
risk scores have shown limited discrimination for postoperative cardiovascular events in
external populations, including a recent prospective Brazilian cohort in which the RCRI
and ACP scores yielded AUCs below 0.70 [32].

Model 4, incorporating intraoperative vasopressor use and postoperative mechanical
ventilation requirement, provided the highest discriminative ability in our study (AUC
0.7584, sensitivity 0.8000, specificity 0.6686); It was the only model with a Bonferroni-
adjusted p below 0.05 against ASA after Bonferroni correction (adjusted p = 0.002); its
difference against RCRI did not retain statistical significance after correction (adjusted
p = 0.268). However, this model cannot be used directly as a preoperative decision-making
model. Vasopressor use and postoperative mechanical ventilation requirement, which are
included in the model, are variables that cannot be known before surgery. Intraoperative
vasopressor requirement is a direct indicator of acute hemodynamic deterioration and the
oxygen supply–demand imbalance underlying MINS [30]. The fact that the model’s net
clinical benefit in decision curve analysis remains confined to a narrow threshold range
(8–30%) further supports this limitation. Therefore, Model 4 should be interpreted solely
as an exploratory analysis illustrating the additional predictive information contained in
perioperative physiological deterioration, rather than as a preoperative risk-stratification
model [33].

According to the decision curve analysis, the preoperative models provided positive
net benefit only within narrow, model-dependent threshold ranges: Model 1 at approxi-
mately 2–20% (turning negative beyond 23%), Model 3 at approximately 8–20% (negative
between 22 and 30%), and Model 2 only at a single threshold (~11%), without a sustained
range of benefit. Because these estimates derive from a hold-out set of only ~25 events
and are not accompanied by confidence intervals, they are imprecise and should not be
taken to indicate clinical utility at any threshold. These findings are hypothesis-generating
only, and no clinical use of these models is supported until they have been externally and
prospectively validated.

Nevertheless, the decline of net benefit into negative values at higher thresholds
indicates that preoperative models alone are not sufficient to identify high-risk patients,
and these models should not be used as decision-support tools at this stage, on other
hand, the fact that Model 4, which incorporates intraoperative and postoperative variables
(vasopressor and mechanical ventilation requirement), provided benefit across a wider
range (8–30%) demonstrates that discriminative power increases only when perioperative
processes are also taken into account. However, since these variables cannot be known
preoperatively, Model 4 cannot be used as a preoperative screening tool; rather, it should
be regarded solely as a finding that underscores the importance of the risk imposed by the
surgical process and the intraoperative course.
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The cross-validation mean AUCs (0.57–0.67) indicate modest discrimination on aver-
age across folds. In Models 1, 3 and 4, the hold-out AUC was higher than the CV mean,
whereas Model 2 showed a small opposite gap (+0.0241). Given that the hold-out set
contained only ~25 MINS events, both estimates are imprecise and consistent with limited,
rather than strong, discrimination. The higher hold-out values are therefore more probably
an artifact of sampling variability in the small test cohort than evidence of better generaliza-
tion; since the hold-out set was not used at any stage of model development, information
leakage is unlikely.

5. Limitations
The single-center, retrospective design carries a risk of selection bias, and the absence

of independent external vali-dation limits the generalizability of the findings to different
populations. Only patients admitted to the intensive care unit (ICU) after surgery and
monitored with routine clinical care were included in the study. Because both criteria reflect
clinical decisions made for high-risk patients, our findings may not be generalizable to
geriatric orthopedic patients who are managed without such surveillance. The reported
MINS incidence (12.5%) should be interpreted within this context and cannot be directly
extrapolated to the broader geriatric orthopedic population. Of the 800 screened patients,
144 (18%) were excluded (53 with baseline hs-cTnT ≥ 65 ng/L, 19 with dialysis-dependent
end-stage renal disease, and 72 with missing critical data); the excluded patients may differ
systematically from the analyzed cohort, and the direction and magnitude of any resulting
selection bias are unknown.

In a retrospective, single-center design, it is difficult to reliably distinguish acute
perioperative injury from chronic myocardial injury in patients with elevated baseline
values, which can compromise the reliability of outcome ascertainment. We therefore
excluded patients with a baseline hs-cTnT ≥ 65 ng/L (n = 53). Although MINS defined by
a dynamic troponin rise can also develop in these patients, fixed VISION thresholds cannot
reliably detect acute in-jury against a chronically elevated baseline. Our models should
therefore be applied only to patients with a baseline hs-cTnT below 65 ng/L and without
dialysis-dependent end-stage renal disease, and their performance outside this subgroup
is unknown.

Because of the retrospective design, the timing of perioperative interruption of an-
tiplatelet therapy, stent type, and time since PCI could not be assessed; therefore, we could
not evaluate whether antiplatelet discontinuation contributed to MINS. Prior PCI/stent
was documented in only 13 patients and may be under-ascertained. Preoperative NT-
proBNP/BNP levels and objective functional capacity assessments (such as DASI or METs)
were unavailable, precluding a direct comparison with guideline-recommended pathways.
Future prospective studies should compare machine learning models against the guideline-
recommended approach, which combines a clinical risk score, an objective assessment of
functional capacity (DASI or METs), and preoperative NT-proBNP/BNP measurement, to
determine whether the models add prognostic value beyond this integrated approach.

Because no prior power calculation was performed, as all eligible consecutive ICU
patients during the study period were included, the number of MINS cases (n = 82) rep-
resents the natural yield of the study period rather than a pre-determined sample size.
Although conventional events-per-variable criteria were originally established for regres-
sion models and do not directly translate to all machine learning approaches, the limited
number of MINS events remains an important constraint on model complexity, potentially
compromising the stability of more complex algorithms. The number of models and pa-
rameter combinations evaluated was also relatively large compared with the number of
outcome events. Although the internal hold-out test set remained completely untouched
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during model development, the preliminary algorithm-screening step preceded the nested
cross-validation procedure and may have introduced some residual model-selection op-
timism. The study was also not powered to detect differences between the models and
the comparator scores; the wide confidence intervals around the AUC estimates (Table 3)
apply equally to significant and non-significant comparisons, so the results should not
be over-interpreted. The comparative performance of the models should be interpreted
cautiously and confirmed in larger external cohorts.

Calibration metrics were computed on the internal hold-out test set, which contained
only approximately 25 MINS events; therefore, the calibration intercept and slope estimates
have wide confidence intervals and should be interpreted cautiously. The deviation of
the calibration slopes from unity (0.57–0.62 in Models 1–2 and 1.24–1.37 in Models 3–4)
is probably attributable, at least in part, to this small sample size. Models 1, 3, and 4
produced very similar optimal decision thresholds, falling in a narrow 12–14% risk range
(0.119, 0.138, and 0.117, respectively). However, because these cut-offs rely on Youden’s
index from a single-center cohort with only about 25 test-set events, the sample is too
small to recommend them for routine screening. They would first need validation in larger,
multicenter cohorts.

Because variable selection and algorithm choice were re-optimized for each model,
the AUC differences between Model 1 and Models 2–3 reflect the combined effect of
the frailty index, the updated variable set, and the chosen algorithm—not the isolated
impact of the frailty index itself. While this approach mirrors practical clinical workflow
development, it prevents isolating the exact performance gain attributable to frailty indices.
The sensitivity analysis with a fixed classifier and a fixed variable set showed only a
small incremental contribution, which could not be reliably estimated because of low
power. It was limited to Nearest Centroid, leaving the incremental value of mFI-11 within
a gradient-boosting framework unassessed; this finding remains hypothesis-generating.
Finally, Bonferroni adjustment was applied across all 15 pairwise comparisons among the
six candidates (Models 1–4, the ASA physical status classification, and RCRI); because this
conservative correction reduces statistical power, the reported significance levels should be
interpreted cautiously.

Independent external validation studies encompassing different centers, populations,
and surgical fields are needed for these findings to be translated into clinical practice;
the current results obtained from the internal test set are, at this stage, only hypothesis-
generating. Future studies with larger samples, external and prospective validation, im-
proved calibration, and inclusion of guideline-recommended components (objective func-
tional capacity, NT-proBNP/BNP) are required to determine whether mFI-11-based models
have any incremental value; until such validation is available, no clinical use of these
models is recommended.

6. Conclusions
This study evaluated the contribution of modified frailty indices to predicting preop-

erative MINS risk in geriatric orthopedic patients. Among the preoperative models, the
mFI-11–based model (Model 3) had the highest hold-out AUC (0.6935), but it did not show
statistically significant superiority over standard risk scores (RCRI and ASA) after multiple
testing correction. Because Models 2 and 3 differed in both predictors and algorithm, this
difference cannot be attributed to the frailty index alone, and in the sensitivity analysis with
an identical classifier and predictor set no demonstrable incremental value was observed for
either index. Consequently, an advantage of mFI-based approaches over existing validated
clinical scores could not be established, and our findings remain exploratory. External
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validation in larger, independent cohorts is required before these models can be translated
into routine clinical practice.
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Nearest Centroid, 25 preoperative variables, no frailty index) from the sensitivity analysis in which
the classifier and variable set were held constant: (A) ROC curve on the internal hold-out test set, (B)
decision curve analysis, (C) native feature weights; Figure S2: Baseline + mFI-5 model (class-weighted
Nearest Centroid, 26 variables) from the sensitivity analysis: (A) ROC curve, (B) decision curve
analysis, (C) native feature weights; Figure S3: Baseline + mFI-11 model (class-weighted Nearest
Centroid, 26 variables) from the sensitivity analysis: (A) ROC curve, (B) decision curve analysis,
(C) native feature weights; Table S1: Preoperative medication use in patients with and without
myocardial injury after noncardiac surgery (MINS); Table S2: Pairwise DeLong comparisons of
discrimination (AUC) among Models 1–4, the ASA physical status classification and RCRI on the
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using the same classifier and the same candidate predictor pool.
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DCA Decision Curve Analysis
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ICU Intensive Care Unit
IQR Interquartile Range
mFI-5 5-item Modified Frailty Index
mFI-11 11-item Modified Frailty Index
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NPV Negative Predictive Value

https://doi.org/10.3390/jcm15218285

https://www.mdpi.com/article/10.3390/jcm15218285/s1
https://www.mdpi.com/article/10.3390/jcm15218285/s1
https://doi.org/10.3390/jcm15218285


J. Clin. Med. 2026, 15, 8285 22 of 23

PCA Principal Component Analysis
PPV Positive Predictive Value
RCRI Revised Cardiac Risk Index
ROC Receiver Operating Characteristic
SHAP SHapley Additive exPlanations
VIF Variance Inflation Factor

References
1. Çakmak, G.; Tunay, A.; Baltalı, S. Incidence and Predictors of Myocardial Injury After Noncardiac Surgery: A Retrospective

Cohort Analysis from a Tertiary Centre. J. Ist. Fac. Med. 2025, 88, 288–295. [CrossRef]
2. Serrano, A.B.; Gomez-Rojo, M.; Ureta, E.; Nuñez, M.; Fernández Félix, B.; Velasco, E.; Burgos, J.; Popova, E.; Urrutia, G.; Gomez,

V.; et al. Preoperative Clinical Model to Predict Myocardial Injury after Non-Cardiac Surgery: A Retrospective Analysis from the
MANAGE Cohort in a Spanish Hospital. BMJ Open 2021, 11, e045052. [CrossRef] [PubMed]

3. Strickland, S.S.; Quintela, E.M.; Wilson, M.J.; Lee, M.J. Long-Term Major Adverse Cardiovascular Events Following Myocardial
Injury after Non-Cardiac Surgery: Meta-Analysis. BJS Open 2023, 7, zrad021. [CrossRef] [PubMed]

4. Thomas, S.; Borges, F.; Bhandari, M.; De Beer, J.; Urrútia Cuchí, G.; Adili, A.; Winemaker, M.; Avram, V.; Chan, M.T.V.; Lamas,
C.; et al. Association between Myocardial Injury and Cardiovascular Outcomes of Orthopaedic Surgery: A Vascular Events in
Noncardiac Surgery Patients Cohort Evaluation (VISION) Substudy. J. Bone Jt. Surg. Am. 2020, 102, 880–888. [CrossRef] [PubMed]

5. Cicek, V.; Babaoglu, M.; Saylik, F.; Yavuz, S.; Mazlum, A.F.; Genc, M.S.; Altinisik, H.; Oguz, M.; Korucu, B.C.; Hayiroglu, M.I.; et al.
A New Risk Prediction Model for the Assessment of Myocardial Injury in Elderly Patients Undergoing Non-Elective Surgery. J.
Cardiovasc. Dev. Dis. 2024, 12, 6, Correction in J. Cardiovasc. Dev. Dis. 2026, 13, 125. [CrossRef] [PubMed]

6. Vernooij, L.M.; van Waes, J.A.; Peelen, L.M.; Biesbroek, P.S.; van Klei, W.A. The Comparative and Added Prognostic Value of
Biomarkers to the Revised Cardiac Risk Index (RCRI) for Major Adverse Cardiac Events in Non-Cardiac Surgery: A Systematic
Review. Cochrane Database Syst. Rev. 2021, 2021, CD013175.

7. Saetang, M.; Kunapaisal, T.; Chatmongkolchart, S.; Yongsata, D.; Sukitpaneenit, K. Association of Frailty with Intraoperative
Complications in Older Patients Undergoing Elective Non-Cardiac Surgery. J. Clin. Med. 2025, 14, 593. [CrossRef] [PubMed]

8. Sessler, D.I.; Khanna, A.K. Perioperative myocardial injury and the contribution of hypotension. Intensive Care Med. 2018, 44,
811–822. [CrossRef] [PubMed]

9. Birkelbach, O.; Mörgeli, R.; Spies, C.; Olbert, M.; Weiss, B.; Brauner, M.; Neuner, B.; Francis, R.C.E.; Treskatsch, S.; Balzer, F.
Routine Frailty Assessment Predicts Postoperative Complications in Elderly Patients across Surgical Disciplines—A Retrospective
Observational Study. BMC Anesthesiol. 2019, 19, 204. [CrossRef] [PubMed]

10. Rostagno, C.; Cartei, A.; Rubbieri, G.; Ceccofiglio, A.; Magni, A.; Forni, S.; Civinini, R.; Boccaccini, A. Perioperative Myocardial
Infarction/Myocardial Injury Is Associated with High Hospital Mortality in Elderly Patients Undergoing Hip Fracture Surgery. J.
Clin. Med. 2020, 9, 4043. [CrossRef] [PubMed]

11. Joseph, B.; Pandit, V.; Zangbar, B.; Kulvatunyou, N.; Hashmi, A.; Green, D.J.; O’Keeffe, T.; Tang, A.; Vercruysse, G.; Fain, M.J.;
et al. Superiority of Frailty over Age in Predicting Outcomes among Geriatric Trauma Patients: A Prospective Analysis. JAMA
Surg. 2014, 149, 766–772. [CrossRef] [PubMed]

12. Writing Committee for the VISION Study Investigators. Association of Postoperative High-Sensitivity Troponin Levels with
Myocardial Injury and 30-Day Mortality among Patients Undergoing Noncardiac Surgery. JAMA 2017, 317, 1642–1651. [CrossRef]
[PubMed]

13. Zhang, Z.; Duan, Y.; Wang, Y.; Gao, Z. Multivariable Risk Prediction Models for Postoperative Cardiac Injury in Adults
Undergoing Non-Cardiac Surgery: A Systematic Review and Meta-Analysis Protocol. BMJ Open 2025, 15, e108282. [CrossRef]
[PubMed]

14. Subramaniam, S.; Aalberg, J.J.; Soriano, R.P.; Divino, C.M. New 5-Factor Modified Frailty Index Using American College of
Surgeons NSQIP Data. J. Am. Coll. Surg. 2018, 226, 173–181.e8. [CrossRef] [PubMed]

15. Velanovich, V.; Antoine, H.; Shwartz, A.; Lieberman, D.; Farjo, C. Accumulating Deficits Model of Frailty and Postoperative
Mortality and Morbidity: Its Application to a National Database. J. Surg. Res. 2013, 183, 104–110. [CrossRef] [PubMed]

16. Lee, T.H.; Marcantonio, E.R.; Mangione, C.M.; Thomas, E.J.; Polanczyk, C.A.; Cook, E.F.; Sugarbaker, D.J.; Donaldson, M.C.; Poss,
R.; Ho, K.K.; et al. Derivation and Prospective Validation of a Simple Index for Prediction of Cardiac Risk of Major Noncardiac
Surgery. Circulation 1999, 100, 1043–1049. [CrossRef] [PubMed]

17. American Society of Anesthesiologists. ASA Physical Status Classification System. Available online: https://resources.wfsahq.
org/standards-and-guidelines/american-society-of-anesthesiologists-physical-status-classification-system/ (accessed on 5
October 2025).

https://doi.org/10.3390/jcm15218285

https://doi.org/10.26650/iuitfd.1758637
https://doi.org/10.1136/bmjopen-2020-045052
https://www.ncbi.nlm.nih.gov/pubmed/34348944
https://doi.org/10.1093/bjsopen/zrad021
https://www.ncbi.nlm.nih.gov/pubmed/37104754
https://doi.org/10.2106/JBJS.18.01305
https://www.ncbi.nlm.nih.gov/pubmed/32118652
https://doi.org/10.3390/jcdd12010006
https://www.ncbi.nlm.nih.gov/pubmed/39852284
https://doi.org/10.3390/jcm14020593
https://www.ncbi.nlm.nih.gov/pubmed/39860599
https://doi.org/10.1007/s00134-018-5224-7
https://www.ncbi.nlm.nih.gov/pubmed/29868971
https://doi.org/10.1186/s12871-019-0880-x
https://www.ncbi.nlm.nih.gov/pubmed/31699033
https://doi.org/10.3390/jcm9124043
https://www.ncbi.nlm.nih.gov/pubmed/33327599
https://doi.org/10.1001/jamasurg.2014.296
https://www.ncbi.nlm.nih.gov/pubmed/24920308
https://doi.org/10.1001/jama.2017.4360
https://www.ncbi.nlm.nih.gov/pubmed/28444280
https://doi.org/10.1136/bmjopen-2025-108282
https://www.ncbi.nlm.nih.gov/pubmed/41043850
https://doi.org/10.1016/j.jamcollsurg.2017.11.005
https://www.ncbi.nlm.nih.gov/pubmed/29155268
https://doi.org/10.1016/j.jss.2013.01.021
https://www.ncbi.nlm.nih.gov/pubmed/23415494
https://doi.org/10.1161/01.CIR.100.10.1043
https://www.ncbi.nlm.nih.gov/pubmed/10477528
https://resources.wfsahq.org/standards-and-guidelines/american-society-of-anesthesiologists-physical-status-classification-system/
https://resources.wfsahq.org/standards-and-guidelines/american-society-of-anesthesiologists-physical-status-classification-system/
https://doi.org/10.3390/jcm15218285


J. Clin. Med. 2026, 15, 8285 23 of 23

18. James, G.; Witten, D.; Hastie, T.; Tibshirani, R. An Introduction to Statistical Learning: With Applications in R; Springer: New York,
NY, USA, 2013; ISBN 978-1-4614-7137-0.

19. O’Brien, R.M. A Caution Regarding Rules of Thumb for Variance Inflation Factors. Qual. Quant. 2007, 41, 673–690. [CrossRef]
20. Meister, R.; Puelacher, C.; Glarner, N.; Menosi Gualandro, D.; Andersson, H.A.; Pargger, M.; Huré, G.; Virant, G.; Bolliger, D.;

Lampart, A.; et al. Prediction of Perioperative Myocardial Infarction/Injury in High-Risk Patients after Noncardiac Surgery. Eur.
Heart J. Acute Cardiovasc. Care 2023, 12, 729–739. [CrossRef] [PubMed]

21. Tan, H.L.; Chia, S.T.X.; Nadkarni, N.V.; Ang, S.Y.; Seow, D.C.C.; Wong, T.H. Frailty and Functional Decline after Emergency
Abdominal Surgery in the Elderly: A Prospective Cohort Study. World J. Emerg. Surg. 2019, 14, 62. [CrossRef] [PubMed]

22. Bellamy, J.; Runner, R.P.; Vu, C.L.; Schenker, M.L.; Bradbury, T.L.; Roberson, J.R. Modified Frailty Index Is an Effective Risk
Assessment Tool in Primary Total Hip Arthroplasty. J. Arthroplast. 2017, 32, 2963–2968. [CrossRef] [PubMed]

23. Daddimani, R.M.; Madhava Murthy, S.K.; Sharan, P.M.; Patil, A.D. A Prospective Study Correlating Preoperative Modified Frailty
Index with One-Year Mortality in the Elderly with Hip Fractures. Cureus 2022, 14, e30951. [CrossRef] [PubMed]

24. Dong, X.; Zhang, X.; Hu, F.; Yang, S.; Hong, Z.; Geng, Q. Association of Frailty with Adverse Outcomes in Surgically Treated
Geriatric Patients with Hip Fracture: A Meta-Analysis and Trial Sequential Analysis. PLoS ONE 2024, 19, e0305706. [CrossRef]
[PubMed]

25. Choi, J.Y.; Cho, K.J.; Kim, S.W.; Yoon, S.J.; Kang, M.G.; Kim, K.I.; Lee, Y.K.; Koo, K.H.; Kim, C.H. Prediction of Mortality and
Postoperative Complications Using the Hip-Multidimensional Frailty Score in Elderly Patients with Hip Fracture. Sci. Rep. 2017,
7, 42966. [CrossRef] [PubMed]

26. Huang, J.W.; Yang, Y.F.; Gao, X.S.; Xu, Z.H. Five-Factor Modified Frailty Index Is a Reliable Indicator for Predicting Postoperative
Mortality in Geriatric Intertrochanteric Fracture Patients Aged 80 Years and Older: A Case-Control Study. BMC Musculoskelet.
Disord. 2026, 27, 161. [CrossRef] [PubMed]

27. Tracy, B.M.; Adams, M.A.; Schenker, M.L.; Gelbard, R.B. The 5 and 11 Factor Modified Frailty Indices Are Equally Effective at
Outcome Prediction Using TQIP. J. Surg. Res. 2020, 255, 456–462. [CrossRef] [PubMed]

28. Kweh, B.T.S.; Lee, H.Q.; Tan, T.; Liew, S.; Hunn, M.; Wee Tee, J. Posterior Instrumented Spinal Surgery Outcomes in the Elderly: A
Comparison of the 5-Item and 11-Item Modified Frailty Indices. Glob. Spine J. 2024, 14, 593–602. [CrossRef] [PubMed]

29. Xu, G.D.; Kumar, N.; Yu, A.; Kumar, A.; Quraishi, D.A.; Akosman, I.; Kwok, K.; Abuqubo, R.; Hussain, I.; Akioyamen, N.; et al.
Prognostic Performance of mFI-5 and mFI-11 Frailty Indices in Elective Spine Surgery: A Systematic Review and Meta-Analysis.
World Neurosurg. 2026, 205, 124709. [CrossRef] [PubMed]

30. Kashlan, B.; Kinno, M.; Syed, M. Perioperative Myocardial Injury and Infarction after Noncardiac Surgery: A Review of
Pathophysiology, Diagnosis, and Management. Front. Cardiovasc. Med. 2024, 11, 1323425. [CrossRef] [PubMed]

31. Bronheim, R.S.; Oermann, E.; Bronheim, D.; Caridi, J. Revised Cardiac Risk Index as a Predictor for Myocardial Infarction and
Cardiac Arrest Following Posterior Lumbar Decompression. Spine 2019, 44, E187–E193. [CrossRef] [PubMed]

32. Costa, F.F.; Brandão, L.L.; Sá, F.H.G.; Jesus, P.Á.C.C.; Borges, J.V.S.; Santos, A.C.M.L.; Pinheiro, J.D.C.S.; Oliveira, L.B.; Gama,
G.G.G.; Latado, A.L. Limitations of cardiac risk scores in elective non-cardiac surgeries: A Brazilian cohort. Rev. Assoc. Med. Bras.
2026, 72, e20251821. [CrossRef] [PubMed]

33. Halvorsen, S.; Mehilli, J.; Cassese, S.; Hall, T.S.; Abdelhamid, M.; Barbato, E.; De Hert, S.; de Laval, I.; Geisler, T.; Hinterbuchner,
L.; et al. 2022 ESC Guidelines on Cardiovascular Assessment and Management of Patients Undergoing Non-Cardiac Surgery. Eur.
Heart J. 2022, 43, 3826–3924. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/jcm15218285

https://doi.org/10.1007/s11135-006-9018-6
https://doi.org/10.1093/ehjacc/zuad090
https://www.ncbi.nlm.nih.gov/pubmed/37548292
https://doi.org/10.1186/s13017-019-0280-z
https://www.ncbi.nlm.nih.gov/pubmed/31892937
https://doi.org/10.1016/j.arth.2017.04.056
https://www.ncbi.nlm.nih.gov/pubmed/28559198
https://doi.org/10.7759/cureus.30951
https://www.ncbi.nlm.nih.gov/pubmed/36465740
https://doi.org/10.1371/journal.pone.0305706
https://www.ncbi.nlm.nih.gov/pubmed/38905251
https://doi.org/10.1038/srep42966
https://www.ncbi.nlm.nih.gov/pubmed/28233870
https://doi.org/10.1186/s12891-026-09549-8
https://www.ncbi.nlm.nih.gov/pubmed/41593625
https://doi.org/10.1016/j.jss.2020.05.090
https://www.ncbi.nlm.nih.gov/pubmed/32619861
https://doi.org/10.1177/21925682221117139
https://www.ncbi.nlm.nih.gov/pubmed/35969642
https://doi.org/10.1016/j.wneu.2025.124709
https://www.ncbi.nlm.nih.gov/pubmed/41352682
https://doi.org/10.3389/fcvm.2024.1323425
https://www.ncbi.nlm.nih.gov/pubmed/38343871
https://doi.org/10.1097/brs.0000000000002783
https://www.ncbi.nlm.nih.gov/pubmed/30005044
https://doi.org/10.1590/1806-9282.20251821
https://www.ncbi.nlm.nih.gov/pubmed/42384973
https://doi.org/10.1093/eurheartj/ehac270
https://www.ncbi.nlm.nih.gov/pubmed/36017553
https://doi.org/10.3390/jcm15218285

	Introduction 
	Materials and Methods 
	Study Design and Ethical Approval 
	Patient Population and Primary Outcome 
	Data Source, Variables, and Data Preprocessing 
	Variable Selection Strategy and Statistical Analysis 
	Model Architecture and Development Protocol 
	Performance Evaluation, Model Interpretability, and Software 

	Results 
	Discussion 
	Limitations 
	Conclusions 
	References

