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Abstract
The length of hospital stay (LOS) is crucial for assessing medical service quality. This study aimed to develop machine 
learning models for predicting risk factors of prolonged LOS in patients with aortic dissection (AD). The data of 516 AD 
patients were obtained from the hospital’s medical system, with 111 patients in the prolonged LOS (> 30 days) group based 
on three quarters of the LOS in the entire cohort. Given the screened variables and prediction models, the XGBoost model 
demonstrated superior predictive performance in identifying prolonged LOS, due to the highest area under the receiver 
operating characteristic curve, sensitivity, and F1-score in both subsets. The SHapley Additive exPlanation analysis indi-
cated that high density lipoprotein cholesterol, alanine transaminase, systolic blood pressure, percentage of lymphocyte, 
and operation time were the top five risk factors associated with prolonged LOS. These findings have a guiding value for the 
clinical management of patients with AD.
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Abbreviations
AD	� Aortic dissection
LOS	� Length of hospital stay
LICU	� Length of ICU stay
AI	� Artificial intelligence
EMR	� Electronic medical record
KNN	� K-nearest neighbors
GNB	� Gaussian naive bayes
CNB	� Complement naive bayes

MLP	� Multi-layer perceptron neural network
SVM	� Support vector machine
ROC	� Receiver operating characteristic
AUC​	� Area under the receiver operating characteristic 

curve
ACC​	� Accuracy
DCA	� Decision curve analysis
SHAP	� SHapley Additive exPlanation

Introduction

Aortic dissection (AD) typically refers to the occur-
rence of interlaminar bleeding resulting from tears in 
the intima and media layers of the vessel wall [1]. The 
Stanford classification categorizes AD involving the 
ascending aorta as type A and that affecting only the 
descending aorta as type B [2]. The prevalence of AD is 
approximately 0.003%, and mortality rate in untreated 
AD patients increases by 1–2% per hour after symptom 
onset [3]. However, when the ascending aorta of patients 
is affected, mortality rates are further elevated [4]. Sur-
gical intervention plays a crucial role in treating AD 
patients in clinical practice, and recent advancements in 
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the techniques have led to impressive clinical outcomes, 
including reduced complications and mortality rates, as 
well as shorter hospital stays [5].

Length of hospital stay (LOS) is commonly used as a 
patient-centered indicator, reflecting the quality of care and 
prognosis of hospitalized individuals [6]. A recent study has 
revealed the importance of reducing postoperative LOS in 
patients with cardiovascular disease [7]. Moreover, shorten-
ing LOS can alleviate the burden on hospital management 
and prevent unnecessary waste of medical resources [8]. 
Indeed, previous studies have extensively investigated the 
risk factors for LOS in patients undergoing heart transplan-
tation or coronary artery bypass grafting [9, 10]. However, 
there is a dearth of research investigating the risk factors of 
prolonged LOS in AD.

The recent progress in data mining technology has 
resulted in the widespread adoption of artificial intelligence 
(AI)-based machine learning algorithms for data analysis 
and the development of robust predictive models [11]. The 
automated analysis of large volumes of data enables AI to 
accurately model intricate relationships within the exten-
sive datasets at an accelerated pace. In the medical field, 
machine learning algorithm-based models are frequently 
used to enhance the ability in the diagnosis and prognosis 
of disease, thereby improving overall healthcare [12]. The 
application of machine learning models in clinical practice, 
such as heart failure, is gradually gaining traction to ensure 
their practicality [13–15]. This study aimed to use clinical 
data and develop machine learning models to predict pro-
longed LOS risk in patients with AD during hospitalization.

Methods

Patient Population

The protocol of this study was approved by the Ethical 
Review Committee of the First Affiliated Hospital of Soo-
chow University (Ethics number: No. 2021–424). The study 
protocol was in accordance with the Declaration of Helsinki 
(revised in 2013). Considering the retrospective nature of 
this study, informed consent from the patients was waived 
by the Ethical Review Committee of the First Affiliated Hos-
pital of Soochow University.

This study enrolled 586 patients diagnosed with AD at 
the Department of Cardiovascular Surgery of the First Affili-
ated Hospital of Soochow University from January 2020 to 
May 2024. The inclusion criteria for patients [16] were as 
follows: (1) age over 18 years old; (2) received surgical treat-
ment during hospitalization; (3) pathologic anatomy con-
sistent with AD disease based on imaging examinations or 
surgical observation; and (4) clinical symptom onset within 
14 days prior to surgical treatment. The exclusion criteria 

for patients included: (1) abandonment of surgery or preop-
erative dissection rupture; (2) rheumatic and autoimmune 
disorders; (3) hematologic conditions; (4) malignant tumors; 
(5) severe coronary and heart disease; (6) history of antico-
agulant medication before hospitalization; (6) LOS less than 
3 days; and (7) data missing more than 30%. A total of 70 
patients were eventually excluded from this study. The AD 
patients were classified based on the third quartile of hospi-
talization duration in the entire study cohort (Q3 = 30 days). 
Among 516 patients diagnosed with AD, a total of 111 indi-
viduals experienced a prolonged LOS (exceeding 30 days).

Data Collection

The collected variables are displayed in Table S1. Patients’ 
clinical data were collected using electronic medical record 
(EMR) system of the hospital. These data mainly included 
demographics (gender, age, height, weight, body surface 
area [BSA], body mass index [BMI], systolic blood pres-
sure [SBP], diastolic blood pressure [DBP] upon admission, 
length of ICU stay [LICU], and LOS). The comorbidities 
were recorded from EMR system, such as hypertension 
(HTN), coronary heart disease (CHD), diabetes mellitus 
(DM), cerebral infarction history (CIH), arrhythmia, hepatic 
insufficiency (HepIS), and acute renal dysfunction (ARD). 
Additionally recorded indicators were echocardiography 
parameters (left ventricular ejection fraction [LVEF] and 
diameter of aorta [AA]), cardiac valve diseases, opera-
tion time (OT), and hospital costs (HOS). Some laboratory 
parameters, including routine blood tests, ratio of neutrophil 
to lymphocyte (NLR), ratio of platelet to lymphocyte (PLT/
Lym), glucose (GLU), electrolytes, high-sensitivity C-reac-
tive protein (hs-CRP), serum creatinine (CrS), Urea, albu-
min (ALB), globulin (GLB), ratio of Urea to GLB (Urea/
GLB), and bilirubin levels, were documented in this study. 
These indicators were assessed after a 12-h fasting period 
upon admission of the patients. Missing data (Table S2 and 
Table S3) were supplemented using multiple imputation 
method by the R programming language, specifically utiliz-
ing the “mice” package (version 3.12.0). In this process, 10 
imputed datasets were generated, and the average data were 
selected as the final data to be included in the model training 
and evaluation.

Statistic Analysis

Categorical variables were presented as frequencies and 
percentages, and the comparisons among groups were con-
ducted using the chi-square test. Continuous variables with 
a normalized distribution were expressed as mean ± standard 
deviations (SD), and the comparisons among groups were 
analyzed using Student’s t-test. The non-normally distrib-
uted continuous variables were presented as median (P25%, 
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P75%), and the comparisons between two groups were ana-
lyzed using the Mann–Whitney U test. The data analysis was 
conducted using SPSS 28.0, and all p values were two-sided 
tests, with p < 0. 05 considered a significant difference.

Feature Selection

The Boruta algorithm is a feature selection method that uti-
lizes the random forest technique. It is employed to itera-
tively assess the importance of each variable. By incorpo-
rating shadow features, the significance of both the original 
variable and its corresponding shadow variable are com-
pared during each round of iteration. An original variable is 
deemed significant if it exhibits a significantly higher level 
of importance compared to the shadow variable. Conversely, 
if the original variable demonstrates much greater impor-
tance than its shadow counterpart, it is considered insig-
nificant. In this study, the Boruta algorithm was employed 
to identify the key features associated with prolonged LOS 
in patients and subsequently these crucial variables were 
utilized for model development. This process effectively 
mitigates overfitting and optimizes parameterization.

Machine Learning Models Development

Data collected from a single center were randomly divided 
into two cohorts (70% of the data set was randomly selected 
as the training subset, and the remaining 30% was used as 
the validation subset for internal validation). In this process, 
the resampling method was used to find more model param-
eters. In this study, XGBoost, AdaBoost, k-nearest neighbors 
(KNN), logistic regression, lightGBM, gaussian naive bayes 
(GNB), multi-layer perceptron neural network (MLP), com-
plement naive bayes (CNB), and support vector machine 
(SVM) algorithms were used to develop machine learning 
models to predict prolonged LOS risk in AD patients. The 
model with the highest prediction performance was used as 
the final prediction model. The performance of the model 
was evaluated by the area under the receiver operating char-
acteristic curve (AUC), sensitivity, specificity, accuracy 
(ACC), and F1-score. Generally, the AUC value is recog-
nized as the most crucial indicator for evaluating the model’s 
performance. Furthermore, when considering the AUCs of 
the machine learning models, other parameters (sensitiv-
ity, specificity, ACC, and F1-score, etc.) are also used as 
assessing indicators. The significance of AUCs among mod-
els were assessed using the Delong test, and p < 0.05 was 
considered statistically significant. Meanwhile, calibration 
curve and decision curve analysis (DCA) were obtained in 
the validation set to evaluate the disparity between clinical 
practice and predictive outcomes. After the index evaluation 
was completed, the model with the highest AUC, sensitivity, 
and other indexes in the training and validation subsets were 

selected as the final prediction model. The flowchart of this 
study is presented in Fig. 1.

Model Interpretation

The SHapley Additive exPlanation (SHAP) method was 
employed in this study to characterize the optimal model, 
visualize the significance of each feature in the model, and 
exhibit further the influence of individual features on clas-
sification outcomes. In this study, SHAP was utilized to 
demonstrate a reasonably balanced distribution across fea-
ture values. These features played a crucial role in ensuring 
confidence in the risk factors associated with prolonged LOS 
in AD patients. The SHAP value data for each feature were 
derived by calculating the sample data of the patients using 
the entire cohort, thereby determining each individual fea-
ture’s contribution to the prediction results.

Results

Baseline Characteristics of Patients

A total of 516 AD patients were included in this study, with 
111 cases in the prolonged LOS group. The median age of 
the participants was recorded as 52 years old, with 445 male 
cases (86.24%). There were significant differences between 
the two groups in terms of degree of aortic regurgitation 
(AR, p = 0.031), ARD (p = 0.01), SBP (p = 0.016), LICU 
(p < 0.001), OT (p < 0.001), HOS (p < 0.001), degree of 
tricuspid regurgitation (TR, p < 0.001), NLR (p = 0.030), 
lymphocyte count (Lym, p = 0.046), percent of lympho-
cyte (LymP, p = 0.034), mean corpuscular volume (MCV, 
p = 0.021), mean corpuscular hemoglobin concentration 
(MCHC, p = 0.018), cystatin-c (CysC, p = 0.012), serum 
K+ (p = 0.013), low-density lipoprotein cholesterol (LDL-
C, p = 0.027), high-density lipoprotein cholesterol (HDL-
C, p < 0.001), total cholesterol (TC, p = 0.013), Urea 
(p = 0.010), ALB (p = 0.004), Urea/GLB (p = 0.017), total 
protein (TP, p = 0.039), N-Terminal pro-brain natriuretic 
peptide (NT-proBNP, p = 0.032), high-sensitivity troponin 
T (hs-cTnT, p = 0.006), prothrombin time (PT, p = 0.002), 
international normalized ratio (INR, p = 0.001), AA 
(p < 0.001), and AD type (p < 0.001). The detail content is 
shown in Table 1.

Variable Selection and Machine Learning Model 
Development

The Boruta algorithm was employed in this study to select 
the key variables associated with prolonged LOS in patients 
with AD. Ultimately, a total of 22 variables were identi-
fied and utilized for the development of machine learning 
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models (Fig. 2). The selected variables included AD type, 
SBP, OT, AA, NLR, PLT/Lym, HDL-C, ALB, BMI, DM, 
AR, TR, Lym, hemoglobin (HGB), TC, GLU, Urea, TP, ala-
nine transaminase (ALT), PT, fibrinogen (Fbg), and INR.

The receiver operating characteristic (ROC) curves of the 
prediction models were plotted in this study, and the corre-
sponding AUC values were obtained. Among nine developed 
models, the XGBoost model showed a good performance in 
predicting prolonged LOS risk in AD patients, with the highest 
AUC value (0.96 in the training subset and 0.71 in the valida-
tion subset) (Fig. 3). Additionally, the sensitivity, specificity, 
accuracy, and F1-score of the XGBoost model in the train-
ing subset were 0.92, 0.90, 0.90 and 0.82, respectively. When 
the prediction models were used for internal validation in the 
validation subset, the XGBoost model still showed the best 
performance (Table 2 and Table 3). This was further confirmed 
by using Delong test, and the p values between XGBoost 
and other models in the Delong test were all less than 0.05 
(Table S4 and Table S5). The XGBoost model had an excellent 
calibration curve revealing its superior fit by closely match-
ing predicted probabilities to actual probabilities (Fig. 4). The 
DCA showed that the XGBoost model outperformed both the 
all-line and none-line, especially at threshold probabilities of 
16% to 83%. The results from the DCA curve indicated a sig-
nificant net benefit of patient intervention in the prediction 

of the XGBoost model, thereby demonstrating strong clinical 
validity within this range (Fig. 5). Therefore, the XGBoost 
model was considered the final predictive model in this study.

Model Application

The SHAP model was used to evaluate the significance of 
characteristics in the XGBoost model with optimal perfor-
mance. HDL-C, SBP, LymP, ALT, and OT were identified 
as the top five indicators influencing the XGBoost model in 
SHAP analysis. The SHAP summary plots effectively demon-
strated the impact of different variables on distinguishing LOS 
in patients with AD (Fig. 6). The XGBoost model constructed 
in this study predicted the probability of prolonged LOS in 
individuals with AD to be 83.00%. The results exhibited that 
HDL-C of 0.81 mmol/L, SBP of 116.00 mmHg, LymP of 
11.5%, ALT of 16.50 U/L, and OT of 440 min were the top 
five variables promoting prolonged LOS (Fig. 7).

Discussion

Machine learning is broadly defined as a system’s ability 
to autonomously acquire knowledge by identifying pat-
terns within large data sets [17]. Machine learning-based 

Fig. 1   The flowchart of this 
study. The flowchart of this 
study consists of data collection 
and model development. EMR, 
electronic medical record; 
KNN, k-nearest neighbors; 
GNB, gaussian naive bayes; 
SVM, support vector machine; 
CNB, complement naive bayes; 
MLP, multi-layer perceptron 
neural network
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Table 1   Baseline characteristics of patients in the two groups

Indicator Total patients (N = 516) Normal LOS group (N = 405) Prolonged LOS group (N = 111) P-value

Age (year) 52.0 (41.0, 60.0) 52.0 (42.0, 60.0) 50.0 (39.0, 62.0) 0.195
Gender (n, %) Male 455 (86.24) 349 (86.17) 96 (86.49) 0.932

Female 71 (13.76) 56 (13.83) 15 (13.51)
AD type (n, %) A 303 (58.72) 212 (52.35) 91 (81.98)  < 0.001

B 213 (41.28) 193 (47.65) 20 (18.02)
BSA (m2) 1.92 (1.79, 2.06) 1.92 (1.78, 2.05) 1.92 (1.80, 2.08) 0.488
BMI (kg/m2) 25.95 (23.44, 28.76) 25.95 (23.44, 28.65) 25.47 (23.66, 29.41) 0.566
SBP (mmHg) 147.00 (130.00, 161.00) 148.00 (132.00, 161.00) 136.00 (122.00, 161.00) 0.016
DBP (mmHg) 78.00 (67.00, 90.00) 78.00 (68.00, 91.00) 77.00 (64.00, 88.00) 0.110
HepIS (n, %) No 497 (96.32) 391 (96.54) 106 (95.50) 0.604

Yes 19 (3.68) 14 (3.46) 5 (4.50)
CHD (n, %) No 451 (87.40) 353 (87.16) 98 (88.29) 0.751

Yes 65 (12.60) 52 (12.84) 13 (11.71)
Arrhythmia (n, %) No 504 (97.67) 397 (98.02) 107 (96.40) 0.313

Yes 12 (2.33) 8 (1.98) 4 (3.60)
HTN (n, %) No 167 (32.36) 133 (32.84) 34 (30.63) 0.659

Yes 349 (67.64) 272 (67.16) 77 (69.37)
DM (n, %) No 495 (95.93) 392 (96.79) 103 (92.79) 0.059

Yes 21 (4.07) 13 (3.21) 8 (7.21)
ARD (n, %) No 476 (92.25) 380 (93.83) 96 (86.49) 0.010

Yes 40 (7.75) 25 (6.17) 15 (13.51)
CIH (n, %) No 484 (93.80) 378 (93.33) 106 (95.50) 0.403

Yes 32 (6.20) 27 (6.67) 5 (4.50)
hsCRP (n, %) 0.00–0.56 6 (1.16) 6 (1.48) 0 (0.00) Na

0.56–3.00 34 (6.59) 27 (6.67) 7 (6.31)
3.00–15.36 247 (47.87) 185 (45.68) 62 (55.86)
 > 15.36 229 (44.38) 187 (46.17) 42 (37.84)

WBC (109/L) 11.46 (8.88, 14.07) 11.30 (8.86, 13.89) 12.17 (9.56, 14.63) 0.112
Lym (109/L) 0.89 (0.60, 1.25) 0.91 (0.62, 1.26) 0.85 (0.57, 1.16) 0.046
Mon (109/L) 0.55 (0.36, 0.80) 0.55 (0.35, 0.77) 0.57 (0.39, 0.86) 0.191
Neu (109/L) 10.02 (7.35, 12.57) 9.80 (7.33, 12.27) 10.47 (7.58, 13.36) 0.091
Eos (109/L) 0.00 (0.00, 0.03) 0.00 (0.00, 0.03) 0.01 (0.00, 0.03) 0.693
Bas (109/L) 0.02 (0.01, 0.03) 0.02 (0.01, 0.03) 0.02 (0.01, 0.03) 0.425
LymP (%) 7.50 (5.00, 12.10) 7.70 (5.20, 12.50) 7.10 (4.20, 11.00) 0.034
MonP (%) 5.10 (3.40, 6.90) 5.10 (3.30, 6.90) 5.10 (3.50, 6.90) 0.767
NeuP (%) 86.80 (80.80, 91.20) 86.40 (80.40, 91.10) 87.90 (81.80, 91.70) 0.208
EosP (%) 0.00 (0.00, 0.30) 0.00 (0.00, 0.30) 0.10 (0.00, 0.20) 0.735
BasP (%) 0.20 (0.10, 0.20) 0.20 (0.10, 0.20) 0.20 (0.10, 0.20) 0.456
NLR 11.51 (6.76, 18.42) 11.36 (6.50, 17.66) 12.60 (7.77, 22.00) 0.030
RBC (1012/L) 4.42 (4.01, 4.71) 4.43 (4.04, 4.70) 4.38 (3.92, 4.81) 0.635
HGB (g/L) 132.00 (120.00, 141.00) 132.00 (121.00, 141.00) 131.00 (118.00, 141.00) 0.539
HCT (L/L) 0.40 (0.37, 0.43) 0.40 (0.37, 0.43) 0.39 (0.36, 0.43) 0.218
MCV (fl) 90.70 (88.00, 93.20) 90.90 (88.50, 93.30) 89.60 (87.00, 92.50) 0.021
MCH (pg) 30.10 (29.20, 31.00) 30.10 (29.20, 31.00) 30.10 (29.10, 30.90) 0.551
MCHC (g/L) 332.00 (326.00, 337.00) 331.00 (326.00, 336.00) 334.00 (328.00, 338.00) 0.018
RDW (%) 13.00 (12.60, 13.40) 13.00 (12.60, 13.40) 12.90 (12.60, 13.40) 0.865
PLT (109/L) 176.00 (139.00, 211.00) 176.00 (139.00, 210.00) 177.00 (133.00, 218.00) 0.862
PLT/Lym 196.34 (137.82, 285.11) 195.00 (135.63, 278.00) 201.12 (153.85, 309.72) 0.103
PCT (%) 0.17 (0.14, 0.21) 0.17 (0.14, 0.21) 0.17 (0.14, 0.21) 0.977
MPV (fl) 9.90 (9.20, 10.70) 9.90 (9.20, 10.70) 9.90 (9.10, 11.00) 0.787
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Table 1   (continued)

Indicator Total patients (N = 516) Normal LOS group (N = 405) Prolonged LOS group (N = 111) P-value

PDW (%) 16.30 (16.00, 16.50) 16.30 (16.00, 16.50) 16.30 (16.10, 16.50) 0.619
CysC (mg/L) 1.01 (0.86, 1.26) 1.00 (0.85, 1.22) 1.09 (0.92, 1.44) 0.012
PAB (mg/L) 230.50 (185.80, 269.30) 233.00 (188.50, 270.70) 224.20 (177.70, 260.80) 0.211
HBDH (U/L) 163.60 (137.30, 208.50) 162.10 (136.60, 206.90) 170.70 (140.20, 220.70) 0.162
CK (U/L) 94.70 (61.10, 184.90) 96.90 (61.20, 184.90) 92.90 (61.10, 186.40) 0.897
LDH (U/L) 221.70 (186.60, 283.00) 218.30 (184.50, 277.00) 233.70 (194.20, 318.20) 0.076
Serum P+ (mmol/L) 1.13 (0.94, 1.33) 1.13 (0.93, 1.32) 1.17 (0.99, 1.34) 0.233
Serum Ca2+ (mmol/L) 2.16 (2.07, 2.22) 2.16 (2.08, 2.22) 2.15 (2.06, 2.20) 0.089
Serum Cl− (mmol/L) 105.62 ± 3.39 105.61 ± 3.43 105.64 ± 3.25 0.943
Serum Na+ (mmol/L) 139.90 (138.10, 141.50) 139.90 (138.10, 141.50) 139.80 (138.00, 141.70) 0.750
Serum K+ (mmol/L) 3.83 (3.53, 4.06) 3.81 (3.51, 4.04) 3.92 (3.63, 4.24) 0.013
LDL-C (mmol/L) 2.42 (1.93, 3.07) 2.45 (2.01, 3.11) 2.17 (1.80, 2.83) 0.027
HDL-C (mmol/L) 0.96 (0.79, 1.19) 0.97 (0.82, 1.21) 0.84 (0.72, 1.04)  < 0.001
TG (mmol/L) 1.13 (0.84, 1.60) 1.11 (0.82, 1.56) 1.14 (0.88, 1.69) 0.133
TC (mmol/L) 4.14 (3.50, 4.79) 4.19 (3.54, 4.83) 3.94 (3.27, 4.51) 0.013
GLU (mmol/L) 6.90 (5.85,7.94) 6.92 (5.84,7.96) 6.78 (5.90, 7.81) 0.898
UA (μmol/L) 390.80 (307.10, 474.50) 387.00 (307.10, 462.00) 407.40 (309.40, 504.30) 0.146
CrS (μmol/L) 80.90 (65.00, 110.00) 79.20 (64.80, 107.40) 87.20 (67.60, 123.50) 0.059
Urea (mmol/L) 7.20 (5.70, 9.50) 7.00 (5.60, 9.10) 7.90 (6.30, 10.80) 0.010
A/G 1.70 (1.40, 1.90) 1.70 (1.50, 1.90) 1.60 (1.40, 1.80) 0.074
GLB (g/L) 23.50 (20.70, 25.90) 23.40 (20.70, 26.10) 23.50 (20.30, 25.40) 0.663
ALB (g/L) 38.70 (35.60, 41.10) 39.00 (35.70, 41.40) 37.60 (35.00, 39.60) 0.004
Urea/GLB 0.31 (0.23, 0.43) 0.31 (0.23, 0.41) 0.34 (0.26, 0.48) 0.017
TP (g/L) 62.00 (57.80, 65.90) 62.20 (58.30, 66.20) 60.80 (56.00, 64.20) 0.039
ALP (U/L) 68.80 (55.00, 83.10) 69.00 (55.20, 83.50) 68.20 (54.40, 78.10) 0.430
GGT (U/L) 27.80 (17.60, 51.20) 27.80 (17.60, 50.90) 29.60 (17.40, 51.70) 0.806
AST (U/L) 20.30 (15.30, 31.50) 19.70 (15.20, 30.50) 22.00 (16.80, 33.40) 0.293
ALT (U/L) 20.90 (13.20, 36.60) 21.00 (12.60, 37.20) 20.70 (16.50, 34.60) 0.337
IBIL (μmol/L) 10.40 (8.00, 14.90) 10.40 (8.00, 14.80) 10.50 (8.00, 15.40) 0.826
DBIL (μmol/L) 5.80 (4.30, 8.30) 5.60 (4.30, 8.10) 6.40 (4.50, 9.00) 0.103
TBIL (μmol/L) 16.40 (12.40, 23.20) 16.00 (12.30, 23.00) 17.70 (13.20, 23.90) 0.387
PT (sec) 14.00 (13.50, 14.70) 14.00 (13.40, 14.60) 14.30 (13.80, 15.00) 0.002
APTT (sec) 36.50 (33.30, 40.40) 36.40 (33.30, 40.40) 36.50 (33.60, 40.10) 0.734
TT (sec) 16.70 (15.80, 17.60) 16.70 (15.70, 17.60) 16.70 (16.00, 17.60) 0.409
Fbg (g/L) 2.81 (2.16, 3.72) 2.82 (2.18, 3.67) 2.69 (2.07, 3.80) 0.765
INR 1.10 (1.05, 1.17) 1.09 (1.04, 1.16) 1.12 (1.07, 1.21) 0.001
AT-IIIA (%) 92.00 (85.00, 101.00) 92.00 (85.00, 101.00) 93.00 (86.00, 101.00) 0.543
DD (n, %) 0.0–0.5 40 (7.75) 34 (8.40) 6 (5.41) Na

0.5–20.0 363 (70.35) 283 (69.88) 80 (72.07)
 > 20.0 113 (21.90) 88 (21.73) 25 (22.52)

CK-MB (ng/mL) 1.93 (1.09, 3.62) 1.87 (1.08, 3.47) 2.18 (1.18, 4.16) 0.230
Myo (ng/mL) 46.88 (28.79, 96.39) 45.86 (26.71, 96.39) 52.71 (33.81, 88.93) 0.172
NT-proBNP (pg/mL) 178.30 (81.82, 421.20) 167.00 (78.23, 384.80) 219.70 (108.20, 532.00) 0.032
hs-cTnT (pg/mL) 12.67 (8.16, 30.04) 11.86 (7.79, 27.21) 19.35 (8.88, 36.53) 0.006
FDP (mg/L) 15.95 (5.88, 45.86) 15.84 (5.46, 46.45) 16.17 (6.52, 42.68) 0.819
MR (n, %) Normal 271 (52.52) 230 (56.79) 41 (36.94) Na

Mild 236 (45.74) 168 (41.48) 68 (61.26)
Moderate 8 (1.55) 6 (1.48) 2 (1.80)
Heavy 1 (0.19) 1 (0.25) 0 (0.00)

AR (n, %) Normal 187 (36.24) 157 (38.77) 30 (27.03) 0.031
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models perform continuous basic operations, and the 
complex and unpredictable nature of human physiology 
has been shown to be better captured by machine learning 
algorithms [18, 19]. This capability allows for the explo-
ration of intricate correlation features, contributing to the 
increasing adoption of machine learning in the field of 
medicine [20, 21]. Significant advancements in machine 
learning have demonstrated substantial potential in dis-
ease diagnosis, complication monitoring, and prognosis 
prediction [22]. In this study, AD patients were divided 
into either the normal or prolonged LOS group accord-
ing to binary classification (a threshold value of 30 days 
of LOS). The variables associated with prolonged LOS 
were screened and selected by the Boruta algorithm. Sub-
sequently, these variables were used to develop machine 
learning-based models, including XGBoost, AdaBoost, 
KNN, logistic regression, LightGBM, GNB, MLP, CNB, 
and SVM. Our findings revealed that the XGBoost model 
had outstanding predictive performance in prolonged LOS 
risk in AD patients, evidenced by its highest AUC values 

in both the training and validation subsets. Additionally, 
other parameters of the model further supported this find-
ing. Therefore, the XGBoost model was considered the 
final prediction model for prolonged LOS in AD patients.

The SHAP analysis can offer a novel approach to inter-
preting machine learning models, proving effective for both 
local and global interpretability. Furthermore, the SHAP 
provides a more pragmatic elucidation of the effectiveness 
of machine learning algorithms in delivering precise pre-
dictions for specific patient cohorts. In our study, machine 
learning algorithms-based models and the SHAP method 
was combined to improve the accuracy in predicting risk fac-
tors for prolonged LOS in AD patients. Moreover, the SHAP 
analysis showed intuitive explanations to assist clinicians in 
comprehensive understanding of the decision-making pro-
cess for assessing disease severity and optimizing opportu-
nities for early intervention [23]. In this study, the SHAP 
analysis for the XGBoost identified HDL-C, SBP, LymP, 
ALT, and OT as the top five variables affecting prolonged 
LOS in AD patients.

Table 1   (continued)

Indicator Total patients (N = 516) Normal LOS group (N = 405) Prolonged LOS group (N = 111) P-value

Mild 235 (45.54) 179 (44.20) 56 (50.45)
Moderate 78 (15.12) 60 (14.81) 18 (16.22)
Heavy 16 (3.10) 9 (2.22) 7 (6.31)

TR (n, %) Normal 286 (55.43) 242 (59.75) 44 (39.64)  < 0.001
Mild 226 (43.80) 161 (39.75) 65 (58.56)
Moderate 4 (0.78) 2 (0.49) 2 (1.80)

AA (mm) 41.00 (37.60, 45.00) 40.90 (37.00, 44.70) 43.00 (39.00, 47.00)  < 0.001
LVEF (%) 62.00 (59.00, 64.00) 62.00 (59.00, 64.00) 61.00 (58.00, 64.00) 0.225
LICU (d) 7.00 (5.00, 11.00) 7.00 (4.00, 10.00) 11.00 (7.00, 19.00)  < 0.001
LOS (d) 25.00 (19.00, 30.00) 23.00 (18.00, 27.00) 38.00 (33.00, 43.00)  < 0.001
OT (min) 345.00 (141.00, 465.00) 310.00 (130.00, 450.00) 420.00 (345.00, 490.00)  < 0.001
HOS (¥) 31.30 (19.90,39.50) 27.80 (18.70,36.20) 42.00 (34.40,51.50)  < 0.001

Continuous variables were presented as mean ± standard deviations (SD) or median (interquartile spacing). Categorical variables were presented 
as numerical values and proportions. Normal LOS group indicates patients with length of hospital stay of less than 30 days; Prolonged LOS 
group indicates patients with length of hospital stay greater than 30 days
AD aortic dissection, BSA body surface area, BMI body mass index, SBP systolic blood pressure, DBP diastolic blood pressure, HepIS hepatic 
insufficiency, CHD coronary heart disease, HTN hypertension, DM diabetes mellitus, ARD acute renal dysfunction, CIH cerebral infarction his-
tory, hsCRP hypersensitivity-c-reactive protein, WBC white blood cell, Lym lymphocyte count, Mon monocyte count, Neu, neutrophil count, 
NLR ratio of neutrophil to lymphocyte, Eos eosinophil count, Bas basophil count, LymP percentage of lymphocyte, MonP percentage of mono-
cyte, NeuP percentage of neutrophil, EosP percentage of eosinophil, BasP percentage of basophil, RBC red blood cell, HGB hemoglobin, HTC 
hematocrit, MCV mean corpuscular volume, MCH mean corpuscular hemoglobin, MCHC mean corpuscular hemoglobin concentration, RDW 
red blood cell distribution width, PLT platelet, PLT/Lym ratio of platelet to lymphocyte, PCT platelet ratio, MPV mean platelet volume, PDW 
platelet volume distribution width, CysC cystatin-c, PAB prealbumin, HBDH α-hydroxybutyrate dehydrogenase, CK creatine kinase, LDH lactate 
dehydrogenase, P+ phosphorus, Ca2+ calcium, Cl− chlorine, Na+ sodium, K+ Potassium, LDL-C low density lipoprotein cholesterol, HDL-C 
high density lipoprotein cholesterol, TG triglyceride, TC total cholesterol, GLU glucose, UA uric acid, CrS serum creatinine, ALB albumin, GLB 
globulin, A/G ratio of albumin to globulin, Urea/GLB ratio of Urea to globulin, TP total protein, ALP alkaline phosphatase, GGT​ L-glutamine, 
AST aspartate transaminase, ALT alanine transaminase, IBIL indirect bilirubin, DBIL direct bilirubin, TBIL total bilirubin, PT prothrombin time, 
APTT activated partial thromboplastin time, TT thrombin time, Fbg fibrinogen, INR international Normalized ratio, AT-IIIA antithrombin-III, 
DD D-dimer, CK-MB creatine kinase isoenzymes, Myo myoglobin, NT-proBNP N-Terminal pro-brain natriuretic peptide, hs-cTnT high-sensitiv-
ity troponin T, FDP fibrinogen degradation product, MR mitral regurgitation, AR aortic regurgitation, TR tricuspid regurgitation, AA diameter of 
aorta, LVEF left ventricular eject fraction, LICU length of ICU stay, LOS length of hospital stay, OT operational time, HOS hospital cost, Na not 
applicable
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HDL-C can efficiently transport and remove excess cho-
lesterol from peripheral tissues, thereby facilitating its return 
to the liver [24]. The study has reported that low levels of 
HDL-C increase the susceptibility to cardiovascular and 
cerebrovascular events in patients following cardiac inter-
vention therapy [25]. A prospective cohort study involv-
ing 3 million participants revealed a ‘J-shaped’ association 
between HDL-C levels and cardiovascular disease mortality, 

where both high and low HDL-C levels were related with 
increased risk [26]. In this study, HDL-C levels in the pro-
longed LOS group were significantly lower than those in 
the normal LOS group. Although we did not observe a 
‘J-shaped’ relationship between HDL-C levels and LOS in 
AD patients, our study identified that reduced HDL-C levels 
might contribute to prolonged LOS in these patients. Addi-
tionally, elevated HDL-C levels have been shown to reduce 

Fig. 2   The Boruta algorithm for feature selection. The features were selected for developing models when the importance of features exceeds 
the ShadowMax value

Fig. 3   The training and 
validation ROC curves of 
machine learning-based 
models. (A) The comparison of 
machine learning-based models 
in the area under the receiver 
operating characteristic curve in 
the training set. (B) The com-
parison of machine learning-
based models in the area under 
the receiver operating charac-
teristic curve in the validation 
set. KNN, k-nearest neighbors; 
GNB, gaussian naive bayes; 
SVM, support vector machine; 
CNB, complement naive bayes; 
MLP, multi-layer perceptron 
neural network
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the risk of delirium and shorter LOS in patients following 
cardiac surgery [27]. Our findings of the SHAP analysis 
revealed that HDL-C was identified as the most crucial risk 
variable for prolonged LOS. These findings implied that 
HDL-C of patients should to be noticed by clinicians in 
clinical practice.

SBP is the highest blood pressure exerted on the active 
artery when the left ventricle contracts. A 2023 Mendelian 
randomization analysis demonstrated that elevated SBP was 
significantly associated with an increased risk of both aortic 
aneurysm and AD in patients [28]. Indeed, SBP can serve 
as a robust prognostic indicator for mortality in various car-
diovascular conditions, including acute coronary syndrome, 
cardiogenic shock, and acute heart failure. Likewise, a study 
conducted by Bossone, E et al. revealed a logarithmic cor-
relation between SBP and cardiovascular risk [29]. The 
inadequate control of preoperative SBP may elevate the 

susceptibility to perioperative nervous system complica-
tions [30]. Additionally, maintaining appropriate preopera-
tive SBP is crucial for ensuring intraoperative hemodynamic 
stability, shortening OT, reducing the risk of stroke and post-
operative delirium, as well as other neurologic complications 
and mortality [31]. Simultaneously, elevated SBP levels 
heighten susceptibility to arterial sclerosis, aneurysm for-
mation, and acute aortic syndrome [32, 33]. Although there 
are limited studies that have included SBP as an independ-
ent indicator, the results of the SHAP analysis showed that 
elevated SBP levels were important predictors of prolonged 
LOS in patients with AD. These results might offer valuable 
insights for future blood pressure control programs.

LymP serves as a crucial indicator for monitoring immune 
function and reflects the level of inflammation in the body 
[34, 35]. Current studies in cardiovascular disease primarily 
focus on T lymphocytes, B lymphocytes, and NK cells. The 

Table 2   Models’ performance in the training subset

Results were presented as mean and 95%CI
95%CI  95% confidence interval, AUC​  area under the receiver operating characteristic curve, ACC​  accuracy, PPV  positive prediction value, 
NPV negative prediction value, KNN k-nearest neighbors, GNB gaussian naive bayes, SVM, support vector machine, CNB  complement naive 
bayes, MLP multi-layer perceptron neural network, Na not applicable

Models AUC​ Sensitivity Specificity ACC​ PPV NPV F1-Score

XGBoost 0.96 (0.94–0.97) 0.92 (0.87–0.96) 0.90 (0.85–0.95) 0.90 (0.86–0.95) 0.75 (0.64–0.86) 0.97 (0.96–0.99) 0.82 (0.74–0.90)
KNN 0.89 (Na-Na) 0.66 (0.57–0.74) 0.89 (0.86–0.93) 0.84 (0.81–0.88) 0.63 (0.54–0.72) 0.91 (0.89–0.93) 0.64 (0.56–0.72)
AdaBoost 0.89 (0.86–0.93) 0.86 (0.82–0.90) 0.79 (0.76–0.83) 0.81 (0.78–0.84) 0.54 (0.49–0.59) 0.95 (0.94–0.97) 0.66 (0.62–0.70)
LightGBM 0.78 (0.73–0.82) 0.51 (0.28–0.73) 0.85 (0.77–0.92) 0.77 (0.75–0.79) Na 0.87 (0.83–0.91) Na
GNB 0.75 (0.69–0.80) 0.82 (0.77–0.87) 0.56 (0.50–0.61) 0.61 (0.58–0.65) 0.34 (0.33–0.36) 0.92 (0.91–0.93) 0.48 (0.47–0.49)
Logistic 0.72 (0.66–0.78) 0.78 (0.74–0.82) 0.60 (0.56–0.65) 0.64 (0.61–0.67) 0.35 (0.33–0.37) 0.91 (0.90–0.92) 0.48 (0.47–0.50)
SVM 0.72 (0.65–0.78) 0.58 (0.47–0.68) 0.77 (0.72–0.83) 0.73 (0.70–0.76) 0.42 (0.38–0.45) 0.87 (0.85–0.90) 0.47 (0.43–0.51)
CNB 0.70 (0.64–0.76) 0.78 (0.72–0.84) 0.58 (0.52–0.64) 0.62 (0.58–0.66) 0.33 (0.32–0.35) 0.91 (0.90–0.93) 0.46 (0.45–0.48)
MLP 0.60 (0.53–0.66) 0.73 (0.59–0.88) 0.48 (0.33–0.64) 0.53 (0.44–0.63) 0.29 (0.26–0.33) 0.88 (0.85–0.91) 0.39 (0.35–0.44)

Table 3   Models’ performance in the validation subset

Results were presented as mean and 95%CI
95%CI 95% confidence interval, AUC​ area under the receiver operating characteristic curve, ACC​ accuracy, PPV positive prediction value, NPV 
negative prediction value, KNN k-nearest neighbors, GNB gaussian naive bayes, SVM support vector machine, CNB complement naive bayes, 
MLP multi-layer perceptron neural network, Na not applicable

Models AUC​ Sensitivity Specificity ACC​ PPV NPV F1-Score

XGBoost 0.71 (0.62–0.80) 0.76 (0.68–0.83) 0.84 (0.78–0.89) 0.71 (0.68–0.74) 0.37 (0.33–0.42) 0.83 (0.81–0.85) 0.38 (0.35–0.40)
KNN 0.64 (0.54–0.74) 0.28 (0.19–0.37) 0.79 (0.74–0.85) 0.71 (0.68–0.74) Na 0.80 (0.78–0.82) Na
AdaBoost 0.69 (0.59–0.79) 0.54 (0.48–0.60) 0.72 (0.68–0.76) 0.68 (0.65–0.71) 0.35 (0.31–0.38) 0.85 (0.82–0.87) 0.42 (0.38–0.45)
LightGBM 0.63 (0.53–0.72) 0.30 (0.16–0.43) 0.82 (0.72–0.91) 0.71 (0.66–0.76) Na 0.82 (0.80–0.84) Na
GNB 0.70 (0.60–0.80) 0.42 (0.35–0.48) 0.53 (0.47–0.59) 0.58 (0.54–0.61) 0.30 (0.27–0.33) 0.89 (0.87–0.92) 0.43 (0.40–0.46)
Logistic 0.68 (0.58–0.77) 0.72 (0.68–0.76) 0.56 (0.52–0.61) 0.60 (0.57–0.63) 0.32 (0.29–0.34) 0.88 (0.86–0.90) 0.44 (0.41–0.46)
SVM 0.62 (0.51–0.73) 0.49 (0.39–0.60) 0.72 (0.65–0.80) 0.67 (0.64–0.71) 0.34 (0.29–0.39) 0.84 (0.82–0.86) 0.39 (0.34–0.43)
CNB 0.67 (0.58–0.76) 0.75 (0.66–0.83) 0.53 (0.44–0.63) 0.58 (0.52–0.64) 0.33 (0.30–0.35) 0.89 (0.86–0.92) 0.45 (0.42–0.47)
MLP 0.54 (0.43–0.64) 0.68 (0.53–0.84) 0.42 (0.28–0.57) 0.49 (0.40–0.57) 0.25 (0.23–0.28) 0.84 (0.81–0.88) 0.36 (0.31–0.41)
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key role of LymP in cardiovascular disease is undisputed, as 
it accelerates the pathological process through the secretion 
of proinflammatory cytokines. Equally well-established is 
the fact that autoimmune diseases, mediated by autoreactive 
T cells, significantly increase the risk of developing cardio-
vascular disease [36]. NLR has been utilized as a prognostic 
indicator for cardiovascular surgery, with numerous stud-
ies highlighting its correlation with the duration of postop-
erative hospitalization [37]. In this study, NLR and LymP 
exhibited statistical significance between the prolonged and 
normal LOS groups in AD patients. However, the SHAP 
analysis suggested that LymP might have a more prominent 
role than NLR. Previous studies found that lymphopenia 
may lead to elevated creatinine levels, prolonged mechani-
cal ventilation duration, increased risk of arrhythmia fol-
lowing cardiac surgery, and extended LOS [38–40]. Con-
sistently, our study identified LymP as a significant variable 
for predicting prolonged LOS in patients with AD. With the 
emergence of novel indicators, greater attention should be 
devoted to the role of LymP in clinical practice in the future.

ALT, an enzyme primarily synthesized by the liver, serves 
as a clinical indicator for hepatic injury and an independent 
determinant of cardiovascular disease [41, 42]. A recent 
study involving 2,565 patients found that elevated levels 
of ALT were significantly associated with prolonged LOS 

Fig. 4   Calibration plots of machine learning-based models. The 
comparison of machine learning-based models in calibration curve 
fitting is shown by Brier score and 95% confidence interval (CI). 
KNN, k-nearest neighbors; GNB, gaussian naive bayes; SVM, sup-
port vector machine; CNB, complement naive bayes; MLP, multi-
layer perceptron neural network

Fig. 5   Decision curve analysis. The decision curve analysis (DCA) 
for the XGBoost model predicting prolonged length of stay in 
patients with aortic dissection. The DCA curve shows that the mis-
calibration offsets improved discrimination: the XGBoost model has a 
higher net benefit compared to the clinical default strategies of “treat 
all” or “treat none”, over the entire range of reasonable threshold 
probabilities

and increased mortality in individuals undergoing cardiac 
surgery [43]. Furthermore, higher preoperative ALT levels 
are correlated with increased drainage volume following 
aortic arch surgery, highlighting the significant prognostic 
relevance of ALT levels for patient outcomes [44]. As ALT 
levels increased in our study, AD patients were more likely 
to experience a prolonged LOS, suggesting that monitoring 
this index could provide valuable guidance for future clinical 
treatment strategies. Notably, the SHAP analysis identified 
ALT as an important risk factor, following LymP.

OT in patients undergoing cardiac surgery is determined 
by multiple factors, primarily involving disease severity, 
extracorporeal circulation time, and surgical technique. 
Numerous studies have demonstrated that OT closely cor-
relates with the occurrence of postoperative complications, 
and increased OT may raise the risk of postoperative infec-
tion, mechanical ventilation, delirium, and prolonged LICU 
[45–48]. Indeed, the specific timing for defining aortic dis-
section surgery lacks relevant research. Our study employed 
a machine learning prediction model to effectively examine 
risk factors associated with prolonged LOS, identifying OT 
as a key contributing factor. Prolonged OT was detrimental 
to the recovery of patients with AD, indicating the neces-
sity for medical practitioners to be mindful of this aspect in 
clinical practice. The prolongation of OT is associated with 



195Journal of Cardiovascular Translational Research (2025) 18:185–197	

an elevated postoperative risk in open surgery, which hinders 
patients' recovery and leads to prolonged LOS and increased 
treatment expenses. Future treatment methods should pri-
oritize tailoring the specific timing of operations based on 
individual conditions, thereby reducing OT, facilitating 
patient recovery, and minimizing the risk of postoperative 
complications.

AD patients undergoing surgery do not imply the comple-
tion of treatment program; instead, it means that they may be 
entering a period characterized by high risk and multifaceted 
challenges. These situations require us to be better prepared 
before surgery, and the lack of preoperative assessment of 
prolonged LOS may be a prominent issue. The application of 
AI-based machine learning in the medical field is important 
and necessary. It can not only help doctors improve their 
work efficiency but also provide more accurate diagnosis and 

treatment plans, thereby improving the quality of patients’ 
life. Our study aimed to identify preoperative risk varia-
bles associated with prolonged LOS in AD patients using 
machine learning-based models. With the help of machine 
learning AI tools, the XGBoost model was successfully sim-
plified into easy-to-understand graphs, which enhanced its 
practicality for clinicians.

However, although the machine learning models exhib-
ited favorable predictive performance in this study, it is 
imperative to acknowledge certain limitations. Firstly, the 
data of patients in this study were obtained solely from 
a single center, leading to some biases in the results. 
This might affect the development of the models and risk 
identification to some extent. Secondly, surgical manners 
and therapeutic strategies adopted by the doctors might 
affect the final prognosis. Although all the subjects in this 
study were diagnosed with AD, different surgical man-
ners and therapeutic strategies might lead to different LOS. 
Finally, there was a lack of utilization of the external data 
for model validation, potentially impacting the generaliz-
ability of the models. The above limitations might restrict 
the applicability and generalizability of machine learn-
ing models in individuals diagnosed with AD. Factually, 
machine learning-based AI tools primarily rely on com-
puter systems, thereby exhibiting characteristics of sim-
plicity and operability. This feature facilitates convenience 
for scientific research or clinical work. The future plans for 
this study involve expanding the sample size and establish-
ing multi-center cooperation, we hope that external data 
can be obtained and used for the external validation. This 
will enhance the reliability of the relevant conclusions. 
Simultaneously, machine learning will be employed to fur-
ther investigate clinical practice, including complementary 
imaging data and clinical intervention, with the aim of 
providing clinicians with a more robust decision-making 
framework and improving medical care quality.

Conclusion

In this study, the XGBoost model for predicting prolonged 
LOS in patients with AD was successfully established by 
machine learning algorithm. The SHAP analysis for the 

Fig. 6   The XGBoost model’s interpretation based on the SHAP. 
The positive or negative effects of top twenty variables on prolonged 
length of stay in patients with aortic dissection (AD)

Fig. 7   Individual analysis of 
SHAP. The SHAP force plot for 
explaining results of individu-
al’s prediction in the validation 
cohort. SHAP, SHapley Addi-
tive explanation
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model identified HDL-C, SBP, LymP, ALT, and OT as the 
top five crucial risk factors affecting prolonged LOS in AD 
patients. This may help clinicians enhance the preoperative 
management and thereby reduce LOS in patients with AD.
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