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Abstract 

Background  Elderly patients undergoing surgery for hip fractures are at high risk for perioperative Major Adverse Cardiac 
Events (MACE), which can markedly compromise postoperative outcomes. This study aims to develop a machine learning 
(ML) based, interpretable tool to predict MACE using clinical and ultrasound-based variables in this population.

Methods  We analyzed data from 877 patients in the multicenter LUSHIP study, incorporating demographics, Revised 
Cardiac Risk Index (RCRI), functional status, and preoperative lung ultrasound (LUS) scores. Multiple ML models were 
trained and validated using bootstrap resampling. The final ensemble meta-model combined GBM (Gradient Boost-
ing Machine) and GLMNET (Elastic-Net Regularized Generalized Linear Models).

Results  The ensemble model achieved an AUROC of 0.86, with sensitivity and specificity of 0.72 and 0.83, respec-
tively. These results significantly improve over traditional tools such as the Revised Cardiac Risk Index (RCRI), particu-
larly when used alone. A significant contribution of this work is the integration of lung ultrasound (LUS) as a non-inva-
sive, bedside biomarker, which notably improved risk prediction compared to the performance of the individual LUS 
marker alone (AUC = 0.78). Relevant predictors for the ML model are LUS score, RCRI score, and patient age. A web-
based Shiny application was developed to enable real-time personalized risk estimation.

Conclusion  This interpretable ML model improves perioperative cardiac risk stratification and profiling in elderly hip 
fracture patients and may guide targeted preventive strategies and resource allocation.
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Background
Hip fractures are among the most frequent and severe 
surgical emergencies in the elderly, representing a signifi-
cant global public health concern. Patients aged 65 and 
older undergoing urgent hip fracture repair face a dis-
proportionately high risk of perioperative complications, 
preeminent adverse cardiac events (MACE) such as myo-
cardial infarction, heart failure, and arrhythmia [1]. These 
events are strongly associated with increased morbidity, 
prolonged hospital stay, and elevated mortality, making 
early risk identification relevant for improving outcomes 
and guiding preoperative planning [2].

Current cardiac risk stratification strategies, such as 
the Revised Cardiac Risk Index (RCRI), offer population-
level estimates but often lack the granularity needed 
for individualized risk assessment, particularly in frail 
patients with complex comorbidities [3]. In recent years, 
point-of-care lung ultrasound (LUS) has emerged as a 
promising bedside tool to identify pulmonary pathology 
that may predispose patients to perioperative cardiac 
complications [4].

Preliminary studies suggest combining LUS with con-
ventional risk indices may improve predictive perfor-
mance [5]. However, practical tools for integrating all 
these data to tailor real-time patient care are lacking.

Artificial intelligence (AI) refers to the development of 
computer systems capable of performing tasks that typi-
cally require human intelligence, such as reasoning, deci-
sion-making, and learning, thereby simulating human 
behavior [6]. Nowadays, machine learning-based AI tech-
niques are increasingly integrated into real life. In clini-
cal research, interest in utilizing machine learning (ML) 
models for profiling patient outcomes has significantly 
increased [7–11]. The advantages of ML models rely on 
the possibility of processing massive amounts of com-
plex clinical data and catching non-linear relationships 
and interactions often overlooked by classical statistical 
methods [12], leading to identifying patterns that may 
not be detectable through traditional approaches [13]. 
Indeed, advanced ML algorithms have been developed to 
predict the progression of diabetic kidney disease using 
big data, demonstrating the potential of ML in enhanc-
ing clinical decision-making [14]. Hence, integrating 
ML with current preoperative evaluation practice might 
represent a promising strategy for improving periopera-
tive care [15]. From a clinical standpoint, an ML-based 
application that delivers actionable insights before sur-
gery could support the implementation of individualized 
interventions, improving both preoperative optimization 
and the personalization of perioperative care [16]. More-
over, unlike traditional models that depend on static, 
population-level data, ML-driven tools can dynamically 
adjust to each patient’s physiological and clinical profile, 

thereby improving the precision and responsiveness of 
medical care [17]. This skill is clinically relevant in the 
perioperative setting, where patient conditions can rap-
idly change.​

Despite increasing interest in applying ML to periop-
erative care, its routine clinical adoption remains limited, 
primarily due to concerns regarding model transparency 
and interpretability [18]. Advancing clinical integration 
requires predictive tools that combine high performance 
with interpretability, ease of use, and practical applicabil-
ity in real-time bedside decision-making.

In line with these requirements, we developed an inter-
pretable ML-based tool for predicting MACE in elderly 
patients undergoing hip fracture surgery. Using data from 
the multicenter LUSHIP (Lung Ultrasound Score  for 
the prediction of major adverse cardiac events in elderly 
patients undergoing HIP Surgery) study, we trained and 
compared multiple machine learning algorithms incor-
porating patient demographics, comorbidities, functional 
status, RCRI, and LUS scores. Our final ensemble model 
combines high predictive performance with interpret-
ability through Local Interpretable Model-Agnostic 
Explanations (LIME) [19] and the Variable Importance 
via Personalized Odds Ratio (VIPOR) framework [20]. 
We implemented the model in a Shiny web application 
for real-time risk estimation to improve clinical usability.

Method
Study setting
A dataset of 877 patients from the LUSHIP database 
was analyzed for training and developing algorithms. 
The study is multicenter observational research aimed 
at addressing the challenges of preoperative risk stratifi-
cation in elderly patients undergoing urgent orthopedic 
surgery. The research was conducted across 11 Italian 
universities and non-university hospitals; this prospec-
tive study explored the utility of preoperative lung ultra-
sound (LUS) scores as a predictive tool for major adverse 
cardiac events (MACE). Patient enrollment occurred 
between September 2019 and September 2020. All par-
ticipating centers followed a standardized scanning pro-
tocol, and the clinicians performing LUS were trained in 
accordance with current guidelines [21, 22].

The inclusion criteria targeted patients aged 65 years or 
older who presented with hip fractures requiring surgery 
within 24  h of admission. Other details concerning the 
study can be found elsewhere [3].

Statistical analysis
Data cleaning and preparation were conducted. These 
steps included importing the dataset, renaming the vari-
ables for consistency, and recording the variables for ana-
lytical purposes. Specifically, categorical variables, such 
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as ECG results, smoking status, and comorbid conditions, 
were recorded as binary or categorical, as appropriate.

MACE was defined as a new onset of atrial fibrillation 
requiring cardiologist consultation, as well as the occur-
rence of heart failure, acute myocardial infarction, or car-
diac arrest [23].

Continuous variables were summarized using medians 
and interquartile ranges, whereas categorical variables 
were summarized using frequencies and percentages. 
The association between each predictor and MACE out-
come was assessed and reported via univariable logistic 
regression Odds Ratio (OR), with 95% confidence inter-
vals. A descriptive analysis comparing major adverse 
cardiac events (MACE) across different patient charac-
teristics and clinical measures was reported elsewhere in 
the LUSHIP main publication [3].

Machine learning models
Machine learning models were trained to predict the 
occurrence of MACE, including Random Forest (RF), 
Gradient Boosting Machines (GBM), Generalized Linear 
Model (GLM), GLM via penalized maximum likelihood 
(GLMNET), Support Vector Machines with linear (SVM) 
and radial basis function kernels (SVMR), Multilayer Per-
ceptron (MLP), simple Neural Networks (NNET), and a 
Deep Learning (DL) neural network structure. Models 
were assessed with performance metrics such as the Area 
Under the Receiver Operating Characteristic (AUROC). 
The model AUROC has been compared with the classi-
cal RCRI index for preoperative risk by using a DeLong 
test [24]. The 95% CI for AUROC, sensitivity, and speci-
ficity of the final model was obtained via 500 bootstrap 
resamples. The final AUROC values reported are opti-
mism-corrected estimates obtained from the resampling 
procedure. Threshold selection was based on Youden’s J 
and determined within the bootstrap framework to avoid 
data leakage. Furthermore, resampling was stratified by 
outcome to preserve the event/non-event ratio across 
samples. Model calibration was also assessed using the 
calibration slope, the Brier score, and the expected cali-
bration error (ECE) based on decile binning.

A description of the machine-learning model is 
included and reported in the supplementary material.

Training
Model training was guided using a bootstrapping method 
with 100 resampling iterations to estimate the accuracy 
of the models. The data was pre-processed by center-
ing and scaling to improve the model’s performance. 
An oversampling procedure was conducted to handle 
the class imbalance during the training phase. The pre-
dictive performance of the models was compared using 
resampling statistics, and visualizations were generated 

to compare the distribution of AUROC values across the 
models, highlighting the variability and predictive capac-
ity of each approach.

Validation
The internal validation process involved evaluating the 
ability of the models to accurately distinguish between 
patients with and without significant adverse cardiac 
events. This was accomplished by analyzing the models’ 
AUROC, sensitivity (true positive rate), and F1 scores 
(harmonic mean of precision and sensitivity).

Violin plots were used to visualize the distribution of 
the AUROC and sensitivity values across the different 
models, providing insights into the model’s performance 
variability. Additionally, the calculation of F1 scores 
offered a balanced measure of the model’s precision and 
recall, with the results depicted in a corresponding violin 
plot to facilitate comparison.

Model ensembling
The final phase of the analysis involved creating an 
ensemble meta-model that combined the predictions of 
the leading-performing models. This ensemble approach 
aims to improve the strengths of individual models, 
potentially offering better performance by reducing 
the risk of overfitting the training data and capturing a 
broader representation of the data patterns.

Initially, separate predictive models are trained and 
internally validated. After that, the best-performing sin-
gle models are combined into a list of models that inte-
grate them into a single ensemble. This is achieved by 
using the predictions from the individual models as input 
features for a new metamodel. The metamodel is then 
trained to predict the outcome based on these inputs. In 
the stacking approach, each base model in the ensemble 
makes predictions for the same dataset. These predic-
tions are then used as input features for the GBM meta-
model. Essentially, the GBM metamodel learns how to 
best combine the predictions to obtain a final one. During 
training, the GBM focused on optimizing the AUROC in 
100 iterations. Thus, it learns the optimal weighting for 
predictions from the base models.

The efficacy of the ensemble model was evaluated using 
AUROC curve analysis to identify the optimal threshold 
for predicting major adverse cardiac events. Examina-
tion of the ensemble model’s predictions provided results 
regarding the sensitivity, specificity, accuracy, and opti-
mal cut-off point of MACE probability.

ML tool interpretation
Variable importance plots were generated to iden-
tify the most influential predictors in the model, thus 
enhancing the interpretability of the ensemble model’s 
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decision-making process. The partial dependency plot 
for the leading predictors is reported in the Supple-
mental Digital Content.

This study employed the local interpretable model-
agnostic explanation (LIME) methodology to shed 
light on the decision-making processes of complex 
machine learning models predicting MACE. This analy-
sis focused on elucidating the model’s predictions for 
selected patient records, providing a granular view of 
the influential factors driving these predictions. This 
approach highlighted the key variables impacting the 
model’s predictions. It quantified their contribution, 
offering some interpretative findings into their relative 
importance and direction of influence (positive or neg-
ative) regarding the outcome of interest. The explana-
tions were visualized using a plot function, producing 
intuitive plots that graphically represented the contri-
bution of each feature to the prediction.

The variable importance evaluation with the per-
sonalized odds ratio [20] tool was also considered for 
reporting the covariate effect on the final predictor. In 
our statistical analysis section, we use Variable Impor-
tance based on the Personalized Odds Ratio (VIPOR) 
framework to assess the importance of variables within 
nonlinear machine learning models. This model-agnos-
tic method bridges the gap between the predictive 
properties of complex algorithms and the necessity for 
interpretable insights, which are crucial in the clinical 
and biomedical domains.

The VIPOR method, grounded in the well-established 
odds ratio (OR) concept, facilitates both local and 
global interpretations of the model predictions. Locally, 
it quantifies variable importance through personalized 
odds ratio (POR), accommodating individual subject 
heterogeneity. Globally, a hierarchical structure groups 
variables into five distinct categories based on their 
POR (Personalized Odds Ratio) distributions, ranging 
from consistently positive or negative effects to more 
nuanced, mixed, or dominant effects. This categoriza-
tion enabled us to define the variable’s impact across 
the population, providing insights into their general 
behavior and influence on the predictive model.

The variables were categorized as follows: 1) positive 
if the POR was > 1 for all the subjects included in the 
model, 2) positive dominated if the POR was > 1 for at 
least 50% of patients, 3) negative if the personalized 
POR was < 1 for all subjects included in the model, 4) 
negative dominated if the POR was < 1 for at least 50% 
of patients, and 5) negligible importance variable in the 
other cases. The mean POR per variable is reported 
using a VIPOR plot. Details concerning the POR cal-
culation are reported in the Supplemental Digital 
Content.

Shiny web app
A shiny web application (https://​biost​atlab.​shiny​apps.​
io/​Lushi​pPred​ictio​neR/) was developed to obtain a final 
ensemble model that predicted MACE score probabil-
ity according to a user-defined patient profile. Users can 
typically manipulate inputs on a patient’s characteristics 
to see how they influence the MACE probability output 
in real time. Further details concerning the web app are 
provided in the Supplementary Material section.

Computations have been performed using the Caret 
[25] package in R [26] (version 4.0.1), and the Tensor-
flow [27] package in R interfacing with Python [28] 
(version 9.3). The web app was developed in the Shiny 
environment.

Results
Univariable associations with MACE risk
The dataset comprised 877 patients, with 779 (89%) hav-
ing no MACE and 98 (11%) experiencing such events [3].

Table 1 reports the univariable MACE OR (Odds Ratio) of 
the patients’ characteristics considered to train the ML mod-
els. Other descriptive details are reported elsewhere [3].

A significant increase in risk of MACE is evidenced for 
patients with scores of 2–4 RCRI compared with scores 
of 0–1. Smoking status and the presence of comorbidities 
such as coronary artery disease (CAD), congestive heart 
failure (CHF), and diabetes were significantly associated 
with MACE. Specifically, patients with these conditions 
are more likely to experience adverse events. The total 
lung ultrasound score (LUS total) and SID status (Severe 
Ischemic Disease) were strongly associated with MACE, 
indicating that patients with higher LUS scores and those 
classified as SID had significantly higher odds of experi-
encing MACE. Functional status was also a significant 
predictor, with those entirely dependent having higher 
odds than those who were independent.

Machine learning – stacked predictive modeling training 
and validation
Validation processes for the AUROC, sensitivity, and F1 
scores were conducted to ensure the robustness and reli-
ability of the single predictive models. These processes 
involved resampling techniques and comparing model 
performance metrics to identify the most effective pre-
dictors of MACE.

Figure  S1 illustrates the distribution of the AUROC 
values across different predictive models within train-
ing resampling. Each violin shape represents the 
distribution of the AUROC values for one model, high-
lighting the data’s density at different values and the 
distribution range. The GBM and GLMNET models 
showed similar distributions and central tendencies for 
AUROC values, peaking around 0.778. The RF model’s 

https://biostatlab.shinyapps.io/LushipPredictioneR/
https://biostatlab.shinyapps.io/LushipPredictioneR/
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distribution was slightly wider, indicating more vari-
ability in the AUROC values, with a median of approxi-
mately 0.770. Overall, the GBM and GLMNET models 
are the top performers based on the median AUROC 
values, indicating a higher discriminative ability for 
any outcome they predicted. Figure S2 (Supplementary 

Material) indicates that GLMNET had the highest 
median sensitivity value of 0.667, suggesting that it is 
the best among the compared models for identifying 
true positives. The distributions for GBM and GLM 
were similar, with median sensitivity values of 0.618 
and 0.600, respectively. Based on the violin plot, GLM-
NET and GBM were the most sensitive models.

The distribution of the F1 scores for the different predic-
tive models is shown in Fig. S3 (Supplementary Material). 
The F1 score is a harmonic mean of precision and recall 
that balances a model’s ability to correctly label positives 
and the completeness of positive predictions. GLMNET 
was at the top, with a median F1 score of 0.721, indicat-
ing a strong balance between precision and recall. The 
GBM machine follows closely, with a median F1 score of 
0.695, suggesting that it also effectively balances the posi-
tive predictive value and sensitivity. The plot suggests that 
while all models have some predictive value, some (such 
as GLMNET and GBM) are more consistently reliable in 
their predictive performance for the task at hand. For this 
reason, the GLMNET and GBM models were selected to 
develop the ensemble prediction model.

Ensemble meta model assessment
An ensemble model combining predictions from the 
GBM and GLMNET models showed a significant predic-
tive capability. The relative importance within the ensem-
ble model was 69.94% for GLMNET and 30.06% for 
GBM, indicating the predominant influence of the GLM-
NET model in the ensemble predictions (Fig. S4, Supple-
mentary material).

Final meta‑model performance
Figure 1 shows the AUROC curve for the ensemble final 
meta model. The curve’s progression from the bottom 
left to the top left and then toward the top right corner 
suggests that the ensemble model has a good balance 
between sensitivity and specificity with an AUROC of 
0.86 (95% CI = 0.84–0.88), while the RCRI alone showed 
an AUROC of 0.69 (95% CI = 0.63–0.74). The formal 
comparison yielded a statistically significant difference 
(p < 0.001). The sensitivity is 0.72 (95% CI = 0.62–0.87) 
and a specificity of 0.83 (95% CI = 0.66–0.91) at an opti-
mal cut-off point of 0.604 achieved by Youden Threshold.

The model achieved a Brier score of 0.15, indicating 
good overall accuracy. The calibration slope was 1.29, 
suggesting a slight tendency toward overconfident pre-
dictions. The expected calibration error (ECE) was 0.24, 
pointing to moderate miscalibration between predicted 
and observed event rates.

Table 1  Univariable logistic regression OR (odds ratio) table of 
the variables considered for the ML training algorithms

OR P-value

Gender
  Female Ref Ref

  Male 1.05 [0.64;1.66] 0.854

Age (year) 1.01 [0.98;1.03] 0.634

BMI 1.02 [0.98;1.07] 0.264

Time to surgery (days) 1.03 [0.96;1.11] 0.368

Smoke
  No Ref Ref

  Yes 1.67 [0.93;2.85] 0.084

Acute coronary heart disease
  No Ref Ref

  Yes 2.85 [1.76;4.53]  < 0.001

ASA score 2.11 [1.48;3.00]  < 0.001

CHF
  No Ref Ref

  Yes 5.60 [3.38;9.17]  < 0.001

Creatinine
  > 1.5/mgdl Ref Ref

  < = 1.5/mgdl 0.27 [0.17;0.43]  < 0.001

Diabetes
  No Ref Ref

  Yes 2.15 [1.24;3.61] 0.008

Stroke
  No Ref Ref

  Yes 1.60 [0.87;2.81] 0.128

Functional status
  Independent Ref Ref

  Partially independent 1.27 [0.79;2.03] 0.323

  Dependent 2.01 [1.11;3.57] 0.023

Hypertension
  No Ref Ref

  Yes 1.02 [0.57;1.71] 0.956

LUS score 1.20 [1.16;1.25]  < 0.001

SID
  No Ref Ref

  Yes 5.24 [3.06;9.63]  < 0.001

RCRI Score
  0–1 Ref

  2–4 5.73 [3.50;9.30]
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Model interpretation
The VIPOR plot is reported in the web app in Fig. 2. The 
figure reveals that variables such as the LUS Score, RCRI, 
and age are among the most positively impacted on the 
model’s predictions. This indicates that they were sig-
nificant contributors to the predicted outcome. In con-
trast, Creatinine ≤ 1.5  mg/dl appears to be a negatively 
dominated variable, implying that it reduces the likeli-
hood of the expected result when higher than its range. 
The classical variable importance plot (Fig.  S5, Supple-
mentary material) identified the same variables as rel-
evant, indicating consistency between the two methods 
in identifying key predictors. Partial dependency plots of 
the leading predictors are shown in Fig. S6, indicating an 
increase in the predicted probability of MACE as the LUS 
score (Panel A) and RCRI (Panel B).

Shiny web application
A Shiny web application has been developed (https://​
biost​atlab.​shiny​apps.​io/​Lushi​pPred​ictio​neR/). The user 

could open the link and insert the patients’ character-
istics as depicted in Fig.  S6. Once the characteristics 
have been selected and the calculate button selected, 
a plot reporting the predicted probability of MACE for 
the patient profile is reported, together with the LIME 
importance plot for the specific patient profile, for exam-
ple, in (Fig. S7, Supplement).

The first image displays a bar graph indicating the 
predicted probability of experiencing a major adverse 
cardiac event (MACE). There are two bars, each repre-
senting a different status: This bar is approximately 0.755, 
suggesting a 75.5% probability of the event occurring. 
The second bar indicates a 24.5% probability that MACE 
will not happen.

In the second plot, the features that increase the like-
lihood of the predicted outcome "MACE" are shown in 
blue as "Supports", while those that decrease it are in red 
as "Contradicts".

•	 The LUS Score being greater than 8 is the most sig-
nificant contributor to increasing the prediction 

Fig. 1  ROC (Receiving Operating Characteristic) curve for the ML tool final meta model ensemble. The sensitivity is 0.72 (95% CI = 0.62–0.87) 
and a specificity of 0.83 (95% CI = 0.66–0.91) at an optimal cut-off point of 0.604 achieved by Youden Threshold

https://biostatlab.shinyapps.io/LushipPredictioneR/
https://biostatlab.shinyapps.io/LushipPredictioneR/
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probability, indicating a strong influence on the 
model predicting the occurrence of MACE.

•	 A RCRI greater than 1 also supports the prediction, 
but with less weight than the LUS Score.

•	 Being of an Age less than or equal to 75 contradicts 
(reduces the likelihood of ) the occurrence of MACE.

•	 Hypertension present (equals 1) has a supporting 
effect, albeit smaller in comparison to the LUS Score 
and RCRI.

•	 The ASA score ranging from 2 to 3 has the least 
influence among the listed features but still supports 
the prediction.

Discussion
In this multicenter study, we developed and internally 
validated an interpretable machine learning–based 
model for predicting perioperative major adverse cardiac 
events (MACE) in elderly patients undergoing hip frac-
ture surgery. The ensemble final model achieved strong 
predictive performance with an AUROC of 0.86. These 
results significantly improve over traditional tools such as 
the Revised Cardiac Risk Index (RCRI), particularly when 
used alone. A significant contribution of this work is the 

integration of lung ultrasound (LUS) as a non-invasive, 
bedside biomarker, which notably enhanced risk predic-
tion compared to the performance of the individual LUS 
marker alone (AUC = 0.78) [3]. Moreover, single mark-
ers do not allow for personalized risk profiling based on 
patient characteristics when used in isolation, as is possi-
ble with an integrated machine learning approach [3, 29].

Assessing the importance of clinical predictors, LUS 
scores emerged in our model as one of the most influen-
tial variables, alongside age and RCRI, confirming previ-
ous results indicated in the literature [3] and supporting 
its integration into preoperative evaluation pathways, 
as recently recommended in international guidelines. 
Including the LUS score among the main predictive fac-
tors of the model is particularly relevant. Indeed, preop-
erative lung ultrasound assessment has proven helpful 
in identifying any subclinical pulmonary disease, such 
as interstitial syndrome, a condition strongly associ-
ated with an increased MACE risk [30]. This aligns with 
recent guidelines, emphasizing the utility of point-of-care 
lung ultrasound in preoperative evaluation for non-car-
diac surgery with a final suggestion supporting its inte-
gration into preoperative workflow [31].

Fig. 2  VIPOR plot. The x-axis shows the VIPOR values that measure the impact of each variable on the model’s predictions on the OR scale. A VIPOR 
value greater than 1 indicates a variable that tends to increase the probability of the predicted outcome when it is present (positively dominated). 
In contrast, a value less than 1 indicates the opposite effect (negatively dominated). The y-axis shows the variables used in the model. These 
include clinical variables like LUS Score (Lung Ultrasound Score (LUS), Revised Cardiac Risk Index (RCRI), patient demographics such as age and sex, 
and medical history factors such as Acute Coronary Heart Disease and Stroke. The dots were color-coded to indicate the dominance type. Red 
indicates positively dominated variables, suggesting that these factors significantly increased the likelihood of the outcome being predicted. Dark 
grey indicates variables with poor relevance that do not have a strong impact on the model’s predictions. Blue indicates negatively dominated 
variables, suggesting that these factors decreased the likelihood of the outcome. The plot also includes a shaded area (red rectangle), which seems 
to highlight the positively dominated variables. This indicates that these are variables of interest or concern in the context of the analysis
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From the clinical standpoint, the RCRI and patient age 
emerged as relevant contributors to MACE prediction, 
reaffirming their central role in perioperative risk strati-
fication. This finding aligns with longstanding evidence 
that age is a dominant, independent predictor of adverse 
perioperative outcomes, particularly in the elderly under-
going urgent orthopedic surgery [1]. With advancing 
age, the prevalence of cardiac comorbidities, frailty, and 
physiological reserve decline significantly, all of which 
contribute to heightened vulnerability to hemodynamic 
stress and myocardial ischemia during the perioperative 
period [32].

Similarly, the RCRI has been widely adopted as a 
benchmark risk assessment tool, particularly for non-
cardiac surgery [33]. However, its use alone offers only 
a coarse estimate of risk at the population level and may 
not sufficiently capture patient-specific nuances, espe-
cially in frail or polymorbid elderly patients [34]. The 
model uses its known prognostic utility by incorporating 
RCRI into a multivariable machine learning framework 
while augmenting it with dynamic, patient-specific fea-
tures. This integrative approach underscores the limita-
tions of relying on single indices and highlights the need 
for multifactorial, individualized risk-stratification strate-
gies [34].

Moreover, the interplay between LUS, RCRI, age, and 
other patient characteristics within the model suggests 
that these variables do not act in isolation but contrib-
ute additively or interactively within a broader clinical 
context. This reinforces a shift in perioperative medicine 
toward composite predictive frameworks that integrate 
demographic, functional, and physiological domains to 
inform tailored interventions [16].

Building on this foundation, machine learning offers 
complementary potential in perioperative medicine, 
improving outcome prediction, optimizing anesthesia 
planning, enabling real-time monitoring, and supporting 
more efficient, cost-effective clinical decision-making [16, 
17]. Machine learning has demonstrated considerable 
versatility in forecasting a range of specific perioperative 
complications, including post-induction hypotension, 
postoperative major adverse cardiac events (MACE), 
acute kidney injury, and major bleeding [35–40]. A sub-
stantial advancement in ML is the surgical Variational 
Autoencoder (surgVAE) model, which utilizes advanced 
representation learning to predict multiple complications 
in cardiac surgery [41]. SurgVAE achieved macro-aver-
aged AUCs of 0.831, surpassing traditional and advanced 
ML models in providing clear risk profiles [41]. Despite 
these improvements, in anesthesiology, intensive care, 
and pain medicine, the implementation of ML-based 
technology is still irregular and sporadic due to a lack of 
usability and interpretability [42].

Instead, the present study represents a new attempt 
to spread knowledge on ML applied to anesthesia and 
perioperative medicine. It provides anesthesiologists 
with an ML-driven tool to support their decision-making 
processes and improve patient outcomes, particularly in 
elderly patients scheduled for hip fracture surgery.

The development of a Shiny-based web application 
improves usability, offering physicians a real-time and 
interpretable decision support tool. Our ensemble model 
offers a more interpretable and clinically adaptable alter-
native for tabular data environments daily in periopera-
tive settings compared to deep learning models, which 
may require large datasets and remain opaque in their 
decision-making [43].

To address the challenge of clinical interpretability, 
often cited as a barrier to adopting machine learning in 
healthcare, we applied the VIPOR [20] framework to esti-
mate personalized odds ratios and the LIME [19] method 
to explain individual predictions visually. This interpret-
ability allows clinicians to understand which variables 
drive the predicted risk, building trust and facilitating 
clinical adoption.

These results point out the ability of ML techniques 
to rely on integrating multidimensional data to provide 
accurate predictions. From the technical standpoint, the 
ensemble of GBM and the GLMNET outperform the 
more complex DL approaches; GBM and GLMNET are 
particularly small-medium-sized tabular datasets with a 
limited number of patient characteristics, whereas DL, 
while powerful in domains like image recognition and 
natural language processing, in several contexts can suf-
fer of overfitting acting as a "black box" and requiring 
extensive data and tuning to generalize well [44]. Fur-
thermore, these methods are computationally efficient, 
requiring standard CPUs instead of specialized hard-
ware like GPUs, making them practical for resource-
constrained environments [45]. This research, moreover, 
incorporates some interpretative tools, offering clinicians 
a window into the influences each variable has on MACE 
outcomes beyond the “black box” [20]. Coupled with a 
Shiny app, this research provides healthcare profession-
als an interactive platform to predict MACE, making our 
findings statistically significant and clinically actionable.

Study limitations
This study is not without limitations. Despite promis-
ing results, the model was developed on a dataset from 
Italian hospitals, which may limit generalizability to 
other health systems. Therefore, external validation of 
diverse populations is needed in future research develop-
ments. Due to the progressive introduction of AI device 
technology in perioperative medicine, future research 
should focus on improving the predictive performance 
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of ML algorithms by timely integrating the data stream 
conveyed by these tools. In addition, although Decision 
Curve Analysis (DCA) could further clarify the clini-
cal net benefit of the model, we deliberately focused this 
work on model development, interpretability, and inter-
nal validation; we plan to address DCA in future external 
validation studies to better illustrate its impact on clinical 
decision-making.

Moreover, patients undergoing hip fracture surgery 
represent a heterogeneous population influenced by 
both measured and unmeasured factors, which may 
affect model development; this heterogeneity should 
be acknowledged [46], and future studies are needed to 
explore potential subgroup-specific differences in out-
comes and model performance.

Future directions include external validation, EHR 
integration, and expansion to include intraoperative and 
postoperative data or wearable sensor inputs to improve 
dynamic risk modeling. Moreover, the model was built 
on MACE definitions adopted in the LUSHIP study [3]. 
Accordingly, due to the abovementioned bias, the perfor-
mance and accuracy of the present model could be dif-
ferent in predicting the onset of MACE, which is defined 
differently.

Conclusion
This study highlights the potential of machine learning to 
improve perioperative cardiac risk stratification in elderly 
patients undergoing hip fracture surgery. We developed 
an interpretable ML-based model that provides accurate, 
individualized risk estimates by combining clinical vari-
ables with lung ultrasound data. Implemented in a user-
friendly web application, the tool offers real-time support 
for preoperative decision-making, enabling more person-
alized and informed perioperative management in this 
high-risk population.
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