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Introduction

Abstract

Background and objectives: Aortic valve and aortic vascular dis-
orders represent a subset of cardiovascular conditions that can lead
to heart failure. Aortic valve diseases, such as aortic stenosis or re-
gurgitation, and aortic vascular diseases, including aortic aneurysms
and aortic dissection, can contribute to impaired cardiac function
and increase the risk of heart failure. This study aims to investigate
the risk of heart failure in patients with aortic valve and aortic vas-
cular disorders within 30-days of admission in the Intensive Care
Unit (ICU).

Methods: Patients from a US-based critical care database (MIM-
IC-1Il) who developed heart failure in the ICU within 30 days of fol-
low-up were included. Two predictive models, XGBoost and logistic
regression, were developed and evaluated using ROC, sensitivity,
specificity, and F1 measure. The dataset was split into training and
testing samples in an 8:2 ratio.

Results: Out of 2,871 patients analyzed, 1,062 (37%) developed
heart failure in the ICU during the 30-day follow-up. Key predictors
of heart failure included creatinine, phosphate, age, COPD, INR,
diabetes, CAD, magnesium, atrial fibrillation, and hyperlipidemia.
The logistic regression model outperformed XGBoost with (AU-ROC,
0.78 vs. 0.77, respectively).

Conclusions: This study demonstrates the potential of machine
learning techniques to enhance predictive modeling in critical care
research. It provides valuable insights into heart failure risk in pa-
tients with aortic valve and aortic vascular disorders admitted to the
ICU.

Keywords: Aortic disorders; Heart failure; Intensive care unit;
Length of stay; Mortality; Machine learning

Heart Failure (HF) is a clinical syndrome characterized by the
reduced ability of the heart to pump and/or fill with blood. In
2021, a consensus on the universal definition and classification
of HF was proposed, defining HF as a clinical syndrome with
symptoms and/or signs caused by cardiac abnormality [1]. HF
was categorized based on left ventricular Ejection Fraction (EF)
into HF with reduced (HFrEF), mildly reduced (HFmrEF), and
preserved EF (HFpEF). A new entity, HF with improved EF, was
also introduced. HF is considered a global pandemic, affecting
an estimated 64.3 million people worldwide in 2017, with prev-
alence expected to rise due to improved survival and longer
life expectancy. The burden of HF on healthcare expenditures
is significant, with projections indicating a substantial increase
in costs by 2030 [2]. The prevalence of Heart Failure (HF) varies

significantly between countries and regions, with the highest
rates observed in Central Europe, North Africa, and the Middle
East (ranging from 1133 to 1196 per 100,000 people) and lower
rates in Eastern Europe and Southeast Asia (ranging from 498
to 595 per 100,000 people) [3]. In the next sections, we present
a summary of epidemiological data on HF prevalence, focusing
on various geographical areas. Heart failure is a significant and
complex cardiovascular condition that poses a substantial bur-
den on public health globally. It affects millions of people and is
associated with high morbidity and mortality rates. While heart
failure is commonly studied in the general population, there is a
need for more focused investigations in specific patient cohorts
with underlying cardiovascular disorders.
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Machine learning has made significant advancements in
healthcare. Al is being used to aid in case triage and diagnoses
[4], improve image scanning and segmentation [5], assist with
decision-making [6], predict disease risk [7,8], and even in neu-
roimaging [9]. These applications have the potential to revolu-
tionize healthcare and improve patient outcomes. Researchers
have developed deep learning models to predict clinical condi-
tions using Electronic Health Records (EHRs). One study utilized
LSTM networks and CNNs to predict diseases like heart failure
and stroke, achieving improved accuracy by incorporating both
structured and unstructured data from progress and diagno-
sis notes [10]. In another study, a deep neural network model
predicted post-stroke pneumonia with high accuracy, reaching
92.8% and 90.5% AUC for 7-day and 14-day predictions, respec-
tively [7]. Additionally, ML-based models, such as SRML-Mor-
tality Predictor, demonstrated the ability to predict mortality in
specific conditions, like paralytic ileus, with an 81.30% accuracy
rate [11]. These predictive algorithms can provide valuable in-
sights for informed clinical decision-making.

The aim of this study is to investigate the risk of heart failure
in patients with aortic valve and aortic vascular disorders within
30-days of admission in the Intensive Care Unit (ICU). The sec-
ondary outcomes are to assess the 30-day mortality rate, the
Length of Hospital Stay (LoS) and to investigate the clinical im-
plications of the machine learning predictions for improving pa-
tient outcomes in this population.

Method
Data Source

In this retrospective investigation, we analyzed data re-
trieved from the Medical Information Mart for Intensive Care
(MIMIC) repositories. MIMIC databases contain extensive and
anonymized health-related information of critical care pa-
tients admitted to the Beth Israel Deaconess Medical Center,
a prominent tertiary medical facility in Boston, USA. The data-
set encompasses various variables such as demographics, vital
signs, laboratory outcomes, prescriptions, and clinical notes,
providing valuable insights into critical patient profiles [12]. In
this study, we conducted an analysis of the MIMIC databases,
specifically focusing on the most recent version, MIMIC-IIl v1.4.
The MIMIC-III clinical database encompasses data collected be-
tween 2001 and 2012, utilizing the MetaVision (iMDSoft, Wake-
field, MA, USA) and CareVue (Philips Healthcare, Cambridge,
MA, USA) systems. Notably, the original Philips CareVue system,
comprising archived data from 2001 to 2008, was subsequently
replaced by the advanced MetaVision data management sys-
tem, which remains in active use today.

Ethics and Data Use Agreement

After successfully completing the mandatory online human
research ethics training as mandated by PhysioNet Clinical Da-
tabases (Certification Number: 55140935), we obtained data
access following the prescribed procedures. The study was con-
ducted in accordance with the Declaration of Helsinki.

Definition of the Outcome of Interest (cases and controls)

In the context of the study conducted in ICU patients to ex-
plore the risk of heart failure after having aortic disorders or
aortic vascular problems within a 30-day follow-up period, the
definitions of cases and controls would be as follows:

Cases in this study refer to ICU patients who were diagnosed
with aortic disorders (such as aortic valve disorders or aortic

vascular problems) and subsequently developed heart failure
within the 30-day follow-up period. These are individuals who
experienced heart failure as an outcome of interest during their
stay in the ICU. Cases were selected based on the International
Classification of Diseases (ICD) procedure codes (ICD-9 CODE)
from the MIMIC 1l data. Controls, in this study, is defined as ICU
patients with aortic disorders who did not develop heart failure
during the 30-day follow-up period. They are individuals who
did not experience the outcome of interest (heart failure) dur-
ing their ICU stay and within the 30-day time frame (Figure 1).

The study followed a cohort design, where a group of ICU
patients with aortic disorders were observed during their stay
in the ICU and for the subsequent 30 days, then the patients
were categorized into cases or controls based on whether they
developed heart failure within the 30-day follow-up period. By
comparing the characteristics, comorbidities, and clinical out-
comes between cases and controls, researchers can investigate
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the association between aortic disorders and the risk of heart
failure in this specific cohort of critically ill patients. This ap-
proach allows for the identification of factors associated with
an increased risk of heart failure in ICU patients with aortic dis-
orders, which can have important implications for patient care
and management in critical care settings. Finally, we labeled the
data as cases (ICU patients with heart failure) (n = 1,062) and
controls (ICU patients without heart failure), (n = 1,809).

Input Variables

In this study, we analyzed routinely collected demographic,
clinical, and laboratory variables obtained during ICU admis-
sion. The candidate features included both static and dynamic
information. Patient information encompassed age and sex.
Laboratory measurements consisted of Complete Blood Count
(CBC) features like hematocrit, MCH and platelet count, as well
as chemistry measurements such as potassium, creatinine, cal-
cium, magnesium, and phosphate. Coagulation measurements
included partial international normalized ratio and comorbidi-
ties selected were diabetes, atrial fibrillation, hypertension,
CAD, COPD, hyperlipidemia, and obesity.

Two machine learning models, XGBoost, and Logistic regres-
sion, were developed for analysis. To mitigate bias, variables
with more than 30% missing values were excluded from further
analysis. For variables with fewer missing values, multiple impu-
tation methods were applied [13].

Statistical Analysis

Clinical characteristics between cases and control groups
were compared using either Student t test or rank-sum test
as appropriate. Chi-square test or Fisher’s exact test was em-
ployed to compare the differences of the categorical variables
[14]. A statistically significant was measured with a p value of
<0.05. A stepwise logistic regression model was used to select
variables which were predictive of cases in ICU. Both forward
selection and backward elimination were used, testing at each
step for variables to be included or excluded. Akaike Informa-
tion Criterion (AIC) was used as the selection criteria to elimi-
nate the predictors [13].

Extreme Gradient Boosting (XGBoost) Model

The eXtreme Gradient Boosting (XGBoost) is a powerful
boosting application that combines multiple learning models to
achieve superior performance [15]. In this study, we employed
XGBoost with decision trees as weak learners and binary logis-
tic objective function to predict cases versus controls [16]. XG-
Boost, introduced by Chen Tiangi and Carlos in 2011, has been
continuously improved by researchers for subsequent studies
[17]. The model utilizes a gradient descent optimization ap-
proach to minimize the loss function [18]. The boosting method
iteratively refits weak classifiers (decision trees) to residuals of
previous models, focusing on misclassified observations in each
round of fitting [17,19,20]. A detailed information regarding the
XGBoost model can be found in the literature [15,21]. We used
a loop function (grid search) to select the hyperparameters for
our analysis.

Model Evaluation

We present essential evaluation metrics for assessing our
machine learning models. These metrics are derived from True
Positive (TP), True Negative (TN), False Positive (FP), and False
Negative (FN) classifications.

Sensitivity: This metric is expressed as a probability, repre-
senting the classifier's ability to correctly predict a positive re-
sult when the corresponding ground truth is also positive. An-
other term for this metric is the true positive rate (TPR), and it
is computed using the following formula [22]:

TP
TP+ FN

Specificity: The specificity, also known as the True Negative
Rate (TNR), is a probability measure indicating the classifier's
ability to correctly predict negative outcomes when the corre-
sponding ground truth is also negative. It is calculated as follows

[231.
o TN
Specificity = TN 1 EP

Sensitivity =

AU-ROC: The area under the Receiver Operating Characteris-
tic (ROC) curve is a significant criterion for evaluating classifiers.
It is derived from the plot of True Positive Rate (TPR) against
False Positive Rate (FPR). The calculation of this metric is as fol-
lows [24]:

TN
TN+ FP

1 TP
Au_ROC*E(TPJrPN"'

F1-Score: The F1-Score is a composite measure that incor-
porates both precision and sensitivity, represented as their
weighted average. An F1-Score of 1 indicates the best perfor-
mance, while an F1-Score of 0 is considered the worst. The F1-
Score is calculated using the following formula [25]:

Precision X Recall)

F1— =2 —_—
Score X (Precz'sion + Recall

Accuracy: The presented scale holds significant importance
as it is commonly used for evaluating classifiers. It represents
the percentage of samples correctly classified by the classifier.
The calculation is as follows [26]:

TP+ TN

Accuracy = G F N T FP 1 EN

Results
Participants

Among the 2,871 patients with aortic disorders after ICU ad-
mission, 1,062 patients (37%) developed heart failure within 30
days after ICU admission and were categorized as cases, while
1,809 patients did not develop heart failure during the follow-
up and were classified as controls. Patients with a history of
heart failure before the follow-up period were excluded from
the analysis.

Table 1 presents the differences in characteristics between
the cases and control groups. The average time for aortic disor-
der patients to develop heart failure in the ICU after admission
was 4 days (SD+4.5). Those who developed the outcome were
older, with a median age of 77 years. In both cases and controls,
there were more males than females (650, 61% vs. 1,120, 62%,
respectively; p-value<0.000).

Assessment of Clinical Outcomes

Clinical outcomes including duration of hospital stay and
mortality were assessed in two groups of patients (Table 2). Al-
though the above outcomes seemed to be higher in the cases
group, there was no evident difference (P<0.05).

The XGBoost Model Model and Feature Importance

We used specific settings (hyperparameters) for our analy-
sis, like learning rate, minimum loss reduction, maximum tree
depth, subsample, and number of trees, which we deter-
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Table 1: Baseline characteristics between cases and controls

Table 3: Multivariable logistic regression model

CAD: Coronary Artery Diseases; INR: International Normalized Ratio; MCH:
Mean Corpuscular Hemoglobin; mg/dl milligrams per deciliter; pg, picograms;
IU/L International units per litre; cm, centimeter (cm); yrs. Years; HF, heart
failure; S.D Standard Deviation, K/ulL thousand per microliter, m/ul million per
microliter, % percentage, mEq/L milliequivalents per liter. Continuous values
that are normally distributed were recorded as mean (S.D) and others input as
median (IQR), and categorical values (absolute numbers and percentages). The
Chi-square test was used for the comparison of categorical variables and the
two-sample t-test for continuous variables. All p values were two-sided. Statisti-
cal significance was defined as p < 0.05.

Table 2: Assessment of clinical outcomes

Variables Cases (n=1,062) Controls (n=1,809) p-value
Length of Stay (d
ength of Stay (days) 6(2-8) 4(1-6) 0.134
median (IQR)
Mortality n (%) 119 (11.2) 98 (5.4) 0.098

mined through a grid search. The hyperparameters used in our
analysis were as follows (determine by grid search): learning
rate=0.1, maximum tree depth=7, subsample=0.6, and number
of trees=200. With these settings, we created a strong machine
learning model to predict heart failure in patients with aortic
disorders. To understand which factors are most important in
our model's predictions, we calculated "feature importance."
This tells us how much each factor contributes to making ac-
curate predictions. In our model, the top 10 important factors
are creatinine, phosphate, age, COPD, INR, diabetes, CAD, mag-
nesium, atrial fibrillation, and hyperlipidemia. With this infor-
mation, we can better understand and predict heart failure in
patients with aortic disorders, which can help doctors provide
better care and treatment.

The Logistic Regression Model

The results of logistic regression model are shown in (Table
3). Age (OR 1.67) An OR of 1.67 for age means that for every
one-year increase in age, the odds of the outcome (e.g., heart
failure in this case) increase by 67% when all other variables
are kept constant, An OR of 1.06 for gender indicates that be-
ing male is associated with a 6% increase in the odds of the
outcome compared to being female, while other factors are un-

Variables Cases (n=1,062) Controls (n=1,809) | p-value Variables OR (95% CI) p-value
Days to HF in ICU; Age 1.67 (1.360,2.040) <0.001*
4 (£ 4.5)
mean (SD) Gender 1.06 (0.844,1.198) 0.945
Age (yrs.), median 77 (22 - 88) 73 (20— 88) <0.000* Creatinine (mg/dL) 1.19 (1.090,1.300) <0.001*
(min-max) MCH (pg) 0.96 (0.920,1.000) 0.028*
[
Gender (Male) n (%) 650 (61) 1120 (62) 0.944 Platelet count (K/ul) 1.00 (0.999,1.001) 0.105
Laboratory measures Hematocrit (%) 1.08 (0.987,1.029) 0.438
- _ —_ *
Creatinine (mg/dL) 1.17(0.8-1.7) 0.94 (0.7-1.2) 0.000 Diabetes 1.55 (1.290,1.850) <0.001*
—_ *
MCH (pg) 30.3(28.9) 30.5(29.4-31.4) 0.028 Obesity 1.26 (0.940,1.700) 0.130
Platelet count (K/uL) 1928 180.0 0.104 Atrial fibrillation 1.24 (1.050,1.470) 0.012*
(143.8 —248.4) (141.3-232.6)
Hypertension 0.81 (0.660,0.980) 0.030*
Hematocrit (%) 29.7 (27.7 -31.1) 29.6 (27.6 —32.0) 0.437
Hyperlipidemia 0.78 (0.660,0.930) 0.005*
INR 1.35(1.2-1.6) 1.32(1.2-1.5) 0.002*
CAD 1.49 (1.250,1.780) <0.001*
Potassium (mEq/L) 4.19 (3.9-4.4) 4.18 (3.9-4.3) 0.004*
COPD 1.67 (1.360,2.040) <0.001*
Calcium (mg/dL) 8.47 (8.2-8.8) 8.45(8.1-8.7) 0.219
Potassium (mEq/L) 0.68 (0.530,0.890) 0.005*
Magnesium (mEq/L) 2.11(1.9-2.2) 2.00(1.9-2.2) 0.004*
Calcium (mg/dL) 1.10 (0.940,1.290) 0.223
Phosphate (mg/dL) 3.56 (3.2-4.0) 3.44(29-3.7) 0.000*
Magnesium (mEg/L) 1.59 (1.150,2.200) 0.004*
Comorbidities
Phosphate (mg/dL) 1.25(1.110,1.410) <0.001*
Diabetes (yes) 367 (35.0) 443 (24.4) < 0.000*
Obest 94(8.9 140 0128 INR 1.29(1.100,1.530) 0.002*
esity (ves) (8-9) (7.7) . CAD: Coronary Artery Diseases; INR: International Normalized Ratio; MCH:
Atrial fibrillation (yes) 593 (55.8) 828 (45.8) 0.012* Mean Corpuscular Hemoglobin; OR: Odd Ratio; Cl: Confidence Interval; mg/
Hypertension ((yes) 785 (73.9) 1339 (74.0) 0.029* dl: Milligrams per Deciliter; pg: Picograms; IU/L: International Units per Litre;
. . . cm: Centimeter (cm); yrs. Years; HF: Heart Failure; S.D: Standard Deviation, K/
Hyperlipidemia (yes) 492 (46.3) 928 (51.3) 0.004* ul thousand per microliter, m/ul million per microliter, % percentage, mEq/L
CAD (yes) 364 (34.3) 446 (24.7) <0.000* milliequivalents per liter. An OR value greater than 1 indicates that the presence
of a variable or increase in a continuous variable is associated with higher prob-
COPD (yes) 259 (24.4) 267 (14.7) < 0.000* ability of case occurrence.

Table 4: Model performance in the testing dataset.

Preci-
Model sion Flscore | AUROC | Sensitivity @ Specificity
1
XGBoost 0.69 0.70 0.77 0.70 0.68
Logistic
. 0.73 0.72 0.78 0.80 0.64
Regression

changed. An OR of 1.19 for creatinine suggests that for every
one-unit increase in creatinine levels, the odds of the outcome
(heart failure) increase by 19% when all other variables remain
the same. Similarly, for hematocrit, diabetes, obesity, atrial fi-
brillation, Coronary Artery Disease (CAD) and COPD, the ORs
of 1.08, 1.55, 1.26, 1.24, 1.49 and 1.67, respectively, indicate
the percentage increase in the odds of the outcome associated
with one-unit increases in each corresponding predictor vari-
able. Likewise, calcium and magnesium with OR 1.10 and 1.59
respectively. However, MCH (OR 0.96), hypertension (OR 0.81),
hyperlipidemia (OR 0.78), and potassium (OR 0.68) were asso-
ciated with a decrease in the likelihood of the outcome (heart
failure).

Model Performance

Model discrimination was assessed using the area under re-
ceiver operating characteristic curve (AU-ROC). The logistic re-
gression has little greater AU-ROC than the XGBoost model (AU-
ROC, 0.781; 95% Cl, 0.751 to 0.811 vs. 0.775; 95% Cl, 0.744 to
0.805, respectively; Figure 3. Table 4 describes the classification
evaluation metrics for the two models. We used model evalua-
tion metrics to see how well our models performed. We looked
at the XGBoost and LR models. The logistic regression has little
higher discrimination capability of 78% AU-ROC and precision
score of 0.73, f1 score 0.72, sensitivity 0.80 and specificity of
0.64. On the other hand, the XGBoost model had an AU-ROC of
77% on the testing set, with a sensitivity of 70% and specificity
of 68%, an F1 score of 70% and precision score of 69%. Overall,
logistic regression performed much better than XGBoost model
in our evaluation.
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Discussion

In this research, we found that certain clinical factors are
more linked to heart failure in patients with aortic disorders in
the Intensive Care Unit (ICU). By using advanced machine learn-
ing methods, we were able to identify important factors asso-
ciated with heart failure, such as creatinine, phosphate, age,
COPD, INR, diabetes, CAD, magnesium, atrial fibrillation, and
hyperlipidemia.

Our research revealed that diabetes, obesity, Coronary Ar-
tery Disease (CAD), and Chronic Obstructive Pulmonary Disease
(COPD) were also associated with a higher risk of heart failure
in these patients. Recent efforts to improve heart failure out-
comes have focused not only on the main disease but also on
related health issues. Chronic Obstructive Pulmonary Disease
(COPD) is becoming more common [27]. Up to one-third of pa-
tients with stable heart failure also have COPD, mainly due to
the shared risk factor of smoking and cumulative smoking ex-
posure [28] It's important to note that obesity-related factors
are estimated to be responsible for about 11% of heart failure
cases in men and 14% in women. Heart failure is often caused
by a condition called Coronary Artery Disease (CAD), which is
the most common reason for this condition. CAD happens when
fatty deposits build up in the arteries, making them narrower
and reducing blood flow. This can eventually lead to a heart at-
tack. About two-thirds of heart failure cases are linked to CAD
[29]. In people with heart failure, having CAD has been shown in
many studies to be independently connected to a poorer long-
term outlook [30]. Obesity can impact the heart's function by
altering blood flow and affecting the heart muscle, which may
contribute to the development of heart failure [31]. Diabe-
tes mellitus is commonly found in patients with heart failure,
particularly in those with Heart Failure and Preserved Ejection
Fraction (HFpEF). Many studies have shown that diabetes mel-
litus is closely linked to the development of heart failure, and
the risk is more than doubled in men and more than quintupled
in women [32,33].

Electrolyte abnormalities are common in heart failure [34].
In our study using a multiple regression model, we discovered
a connection between phosphate, magnesium and calcium lev-
els and an increased risk of heart failure in patients with aortic
disorder in the ICU. In individuals who have aortic disorders, like
aortic stenosis, elevated levels of serum phosphate have been
linked to a higher risk of Cardiovascular Disease (CVD) mortal-
ity, as indicated by previous studies. This association has also
been observed in patients with a history of Myocardial Infarc-
tion (MI) [35]. Magnesium plays a crucial role as a co-factor in
various enzymatic reactions that contribute to stable cardiovas-
cular function and heart rhythm. Its deficiency is common and
can be linked to risk factors and complications of heart failure
[36]. Low phosphate levels, known as hypophosphatemia, can
impact multiple organ systems, including the cardiovascular sys-
tem [37]. A depletion of phosphate may lead to ventricular ar-
rhythmias and reduced ATP synthesis, causing temporary heart
dysfunction. Studies have also shown that high-normal serum
phosphate levels can be associated with vascular and valvular
calcification [34].

In our study, we found that patients with heart failure expe-
rienced a longer stay in the ICU, with a median of 6 days, and
a higher number of mortality cases compared to those without
heart failure. Regardless of the presence of other health condi-
tions and risk factors for cardiovascular diseases, a prolonged
stay in the ICU during heart failure hospitalization is associated

with unfavorable clinical outcomes. This includes an increased
risk of life-threatening medical complications, higher readmis-
sion rates, and elevated mortality [38,39]. Numerous studies
have reported higher lengths of stay in heart failure hospitaliza-
tion in the ICU, with estimated median ranges varying from 7 to
21 days [40,41]. For example, the Sub-Saharan Africa Survey of
Heart Failure [42], which included Ethiopian patients, reported
a median length of stay of 7 days.

This study presents both strengths and limitations. The utili-
zation of the XGBoost modeling technique is a unique approach
in critical care research, offering promising applications. Previ-
ous successful implementations of XGBoost in complex scenari-
0s, such as predicting treatment failure for parapneumonic em-
pyema, demonstrated superior predictive accuracy compared
to logistic regression model [43]. The XGBoost model's ability
to capture intricate data relationships without the need for
explicit specification of high-order interactions and non-linear
functions is advantageous [44]. Moreover, the model's built-in
cross-validation and regularization mechanisms effectively com-
bat overfitting concerns [45]. In addition, limiting the analysis to
a 30-day observation window allows for a more focused investi-
gation of the short-term risk of aortic disorders in heart failure
patients. These findings highlight the potential of XGBoost to
enhance critical care epidemiological studies in the future. The
limitation includes, the size of the study cohort was just 2,871,
and this could impact the statistical power and generalizability
of the results. Incomplete or missing data in electronic health
records may affect the accuracy and completeness of the analy-
sis. And finally, as the study focuses on ICU patients, the gen-
eralizability of the findings to non-ICU settings or other patient
populations may be limited.

Potential Impacts on Clinical Utility

The study results provide valuable insights for clinicians,
enabling informed discussions with patients and families about
heart failure risk in the context of aortic valve and aortic vascu-
lar disorders. This knowledge supports shared decision-making,
informed consent, and similarly supports an emphasis on the
importance of adhering to treatment plans and lifestyle chang-
es. Clinicians will be better able to tailor treatment approaches
based on factors associated with increased heart failure risk,
optimizing medications, and considering timely surgical inter-
ventions.

Understanding length of hospital stay and 30-day mortality
rates will assist healthcare administrators to allocate resources
for healthcare administrators, optimizing patient care, staffing,
and facility requirements. Additionally, the study's outcomes
may can drive further research in heart failure risk assessment
and management for patients with aortic valve and aortic vas-
cular disorders, potentially leading to novel advancements in
biomarkers, imaging techniques, and therapeutic interventions.

Patient advocacy groups can utilize the study findings to raise
awareness about heart failure risk in individuals with these dis-
orders, supporting the development of patient education mate-
rials and support services for better heart health management.
Overall, the study's clinical usefulness has the potential to posi-
tively impact patient care, leading to improved outcomes and
reduced heart failure-related morbidity and mortality.

Conclusion

Machine learning models show promising predictive accu-
racy in identifying patients at higher risk of heart failure within
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30-days of ICU admission. These models leverage various clini-
cal and demographic variables, enabling early detection and in-
tervention for those at higher risk. Overall, the use of machine
learning in this study represents a significant advancement in
cardiovascular research and patient care, with the potential to
enhance risk assessment and improve clinical outcomes for in-
dividuals with aortic valve and aortic vascular disorders. Howev-
er, further validation and implementation in clinical practice are
necessary to fully realize the clinical benefits of this approach.
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