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ABSTRACT

Background: Reducing postoperative cardiovascular and neurological complications (PCNC)
during thoracic surgery is the key to improving postoperative survival.
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Objective: We aimed to investigate independent predictors of PCNC, develop machine learning
models, and construct a predictive nomogram for PCNC in patients undergoing thoracic surgery
for lung cancer.

Methods: This study used data from a previous retrospective study of 16,368 patients with lung
cancer (training set: 11,458; validation set: 4,910) with American Standards Association physical
statuses I-IV who underwent surgery. Postoperative information was collected from electronic
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medical records to help build models based on cause-and-effect and statistical data, potentially
revealing hidden dependencies between factors and diseases in a big data environment. The
optimal model was analyzed and filtered using multiple machine-learning models (Logistic
regression, eXtreme Gradient Boosting, Random forest, Light Gradient Boosting Machine and
Naive Bayes). A predictive nomogram was built and receiver operating characteristics were used
to assess the validity of the model. The discriminative power and clinical validity were assessed
using calibration and decision-making curve analyses.

Results: Multivariate logistic regression analysis revealed that age, surgery duration, intraoperative
intercostal nerve block, postoperative patient-controlled analgesia, bronchial blocker use and
sufentanil use were independent predictors of PCNC. Random forest was identified as the optimal
model with an area under the curve of 0.898 in the training set and 0.752 in the validation set,
confirming the excellent prediction accuracy of the nomogram. All the net benefits of the five
machine-learning models in the training and validation sets demonstrated excellent clinical
applicability, and the calibration curves showed good agreement between the predicted and
observed risks.

Conclusion: The combination of machine-learning models and nomograms may contribute to
the early prediction and reduction in the incidence of PCNC.

Introduction neurological complications (PCNC) are more likely to
occur. Current research mostly focuses on major
adverse cardiovascular and neurological events,
including death, acute ischemic stroke, or myocardial
infarction, with an incidence rate of 0.8-3% [2,3].
Nevertheless, minor PCNC, such as postoperative atrial
fibrillation and transient cerebral ischemia, whose inci-
dence can be as high as 30% [4], which is significantly

higher than that of other noncardiac and thoracic

Cardiovascular and neurological complications follow-
ing thoracic surgery are critical postoperative concerns
that significantly affect patient prognosis, quality of
life, duration of hospital stay, and mortality [1]. Due to
the proximity of the surgical site to the heart and
hypoxia caused by single-lung ventilation during
pneumonectomy, postoperative cardiovascular and
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surgeries, are independent risk factors for severe post-
operative cardiovascular and neurological adverse
events and death [5]. Therefore, patients with PCNC
should be closely monitored, regardless of their
severity.

In previous studies, video-assisted thoracoscopic
surgery (VATS) lobectomy has been shown to correlate
with reduced pain, minimized complications, and
improved quality of life without affecting oncologic
outcomes in patients with lung cancer [6,7]. However,
based on data obtained from our hospital’s informa-
tion system, PCNC (including minor complications)
after VATS have an incidence of approximately 20%
[8-11], which is not lower than that of open surgery.
Furthermore, data from a European research group
indicated that a longer surgical duration correlated
with an increased incidence of postoperative complica-
tions [12]. Moreover, the operating time and anaes-
thetic technique may also influence the outcomes of
cardiovascular and neurological complications.

Reducing the occurrence of PCNC in thoracic sur-
gery remains a key issue in improving the quality of
postoperative survival. Current methods for predicting
PCNC have significant limitations. Previous studies
have mostly relied on traditional risk scores or the
judgment of clinicians, which can lead to limited accu-
racy and an inability to consider interactions between
complex variables. Machine learning is a type of artifi-
cial intelligence that can provide more accurate pre-
dictions without explicit programming; moreover, it
may be able to analyse the underlying mechanisms of
various complications [13]. Recently, multiple
machine-learning models, such as random forest,
eXtreme Gradient Boosting (XGboost), Light Gradient
Boosting Machine (LightGBM), and Naive Bayes, have
been used to construct information models based on
big data and effectively reveal the potential relation-
ship between multiple clinical predictors and out-
comes. Gradient boosting is an integrated learning
method that constructs a predictive model with
improved performance by integrating multiple simple
models. Our implementation of XGBoost is a regular-
ized implementation of gradient boosting, which is
effective in preventing overfitting [14]. Random forest
is an ensemble learning algorithm that constructs mul-
tiple decision trees and votes or averages their results
to obtain the final prediction. It excels in handling
nonlinear problems and improving prediction accuracy
and generalization ability [15]. Naive Bayes estimated
parameters are less sensitive to missing data and have
a relatively simple algorithm. Therefore, this study
selected these five machine-learning models that can
process big data, manage complex interactions

between variables, and provide powerful predictive
performance in medical research. Previous studies
have used machine-learning methods in clinical set-
tings with great success [14-16]. The nomogram has
become increasingly familiar to clinical doctors as an
intuitive and concise predictive method [17,18]. Hence,
this study aimed to develop a predictive model for
PCNC by linking machine-learning models to action-
able clinical decisions, such as preoperative risk strati-
fication or targeted preoperative interventions to
reduce the incidence of PCNC.

Materials and methods
Ethics declaration

This study was approved by the Ethics Committee of
the First Hospital of China Medical University (approval
number: 2022-449; approval date: November 4, 2022).
This was a retrospective observational cohort study
that did not contain personally identifiable informa-
tion; therefore, written informed consent was not
required by the Ethics Committee of the First Hospital
of China Medical University. Trial Registration: Chinese
Clinical Trial Registry, 2023.08.01, No. ChiCTR2300074188
(https://www.chictr.org.cn/showproj.html?proj=200744),
and the principal investigator was Wen-fei Tan. This
was a retrospective observational cohort study with no
requirement for patients to register before enrolment.
This study adhered to the principles in the Declaration
of Helsinki.

Patients

The data of patients who underwent thoracic surgery
for lung tumours at divisions A and B of the hospital
between September 2012 and September 2022 were
reviewed. Patients in the Zhongshan Division com-
prised the training set, whereas patients in the Hunnan
division comprised the validation set. The study sam-
ples and treatment data were obtained from the hos-
pital’s electronic information system. Patients who (1)
were pathologically diagnosed with malignant lung
cancer and (2) underwent lung tumour resection were
enrolled in the study. In contrast, patients (1) in whom
lung cancer was not the only primary malignancy, (2)
with insufficient medical record data, and (3) with a
previous history of cardiovascular and neurological dis-
eases were excluded (as this study focused on patients
with new-onset PCNC, which is often overlooked pre-
operatively, increasing the likelihood of medical dis-
putes once new-onset postoperative complications
occur). PCNC were described based on evidence shown
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on postoperative electrocardiogram (ECGs), computed
tomography (CT) scans, or cranial magnetic resonance
imaging (MRIs); findings following a consultation with
a cardiologist or neurologist; or a diagnosis of
new-onset cardiovascular or neurological-related dis-
eases including: (1) cardiac-related (atrial flutter, atrial
fibrillation, supraventricular tachycardia, rapid ventricu-
lar arrhythmias, sustained ventricular tachycardia, coro-
nary artery disease, congestive heart failure;
percutaneous coronary intervention or coronary artery
bypass grafting, obstructive coronary artery disease,
myocardial ischemia [presence or absence of clinical
symptoms of ECG abnormalities] or myocardial infarc-
tion [suppression of tumorigenicity [ST] segment
elevation, non-ST segment elevation, or troponin
elevation]) or (2) neurological-related (transient isch-
emic attack, stroke, cerebral embolism, ischaemic/
haemorrhagic cerebral infarction, or cerebral artery
stenosis [intracranial arteries or carotid arteries] during
the postoperative period).

Data collection

Data on sex, age, body mass index, history of smoking,
alcohol consumption, chemotherapy, previous surgery,
and disease history were collected from the hospital’s
electronic medical record system. Data on the time of
surgery, operative technique, interoperative intercostal
nerve block, postoperative patient-controlled analgesia
(PCA), method of intubation, and dosage of anaes-
thetic drugs were obtained from the electronic records
of the surgical anaesthesiologists.

Statistical analysis

Categorical variables are expressed using counts and
percentages, and the Pearson chi-squared (x?) test or
Fisher exact test was used for the comparison of data
between groups. Continuous variables are expressed
as meanststandard deviations, and data between
groups were compared using the Student’s t-test or
Mann-Whitney U-test.

The principle for interpolating missing data in elec-
tronic medical records is the 80% rule [19]. If the per-
centage of missing values was greater than 20%, the
values were excluded from the final dataset. If the per-
centage of missing values was less than 20%, interpo-
lation was performed using the mean method.

The hyperparameters of the model were selected
through the utilization of 10-fold cross-validation in
the training dataset. Tenfold cross-validation involves
dividing the dataset into 10 partitions. Utilising 90% of
the data for model development, with the residual
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10% allocated as a designated test dataset, ensured a
systematic evaluation of the model’s performance. This
process was repeated to ensure that each partition
was employed only once as the test dataset and nine
times as the training dataset. This approach to model
selection is known as cross-validation and its primary
function is to provide a more accurate assessment of
model performance by averaging metrics across multi-
ple iterations.

A logistic regression analysis was performed to pre-
dict the incidence of PCNC. Significant candidate pre-
dictors and factors related to the dose of anaesthetic
drugs were selected using univariate logistic regres-
sion analysis and included in the multivariate logistic
regression analysis. All the candidate predictors were
checked for collinearity using a variance inflation fac-
tor (VIF). These characteristics are expressed as odds
ratios (ORs) and 95% confidence intervals (Cls).
Statistical significance was set at a p-value of less
than 0.05.

Multiple machine learning models, including Logistic
regression, XGBoost, Random forest, LightGBM and
Naive Bayes were built using R software. The models
repeated 10 samples for training and validation to
analyse the importance of the training and validation
set metrics, and the optimal models were selected.

The performance of the predictive nomogram was
validated in both the training and test sets, and cali-
bration curves were used to assess the calibration
accuracy of the predictive model. Calibration plots
with 1,000 bootstrap weights were used to assess the
model’s calibration accuracy. The nomogram’s specific
performance was quantified by calculating the area
under the curve (AUC) value of the receiver operator
characteristics (ROC) curve and by calculating the
specificity, sensitivity, accuracy, positive predictive
value (PPV), and negative predictive value (NPV). The
clinical utility and net benefit of the nomogram were
determined using decision curve analysis (DCA). The
x-axis of the decision curve represents the threshold
for the predicted probability. The net benefit to
patients in terms of clinical decisions based on the
classification of outcomes at this threshold is shown
on the y-axis. All statistical analyses were performed
using SPSS version 25 (IBM Corporation, Armonk, NY,
USA) and R software version 4.3.1 (http://www.
rproject.org).

Results
Patient characteristics

Between September 2012 and September 2022, 16,368
patients who underwent thoracic surgery for lung
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tumors at the hospital's Department of Thoracic
Surgery were enrolled in the study (Supplemental
Table 1). A total of 3,528 patients with missing elec-
tronic medical records and 2,106 patients with a his-
tory of cardiovascular or neurological diseases before
surgery were excluded. Of the included patients, 3,398
developed PCNC. The age of patients in the PCNC
group (64.10+10.63) was remarkably high compared
with the non-PCNC group (59.84+11.60); the same
trend was observed regarding history of smoking and
alcohol consumption. Additionally, the average dura-
tion of surgery was also noticeably higher in patients
in the PCNC group (136.36+73.06) compared with that
in patients in the non-PCNC group (116.28+63.19);
moreover, there were also statistically significant differ-
ences between the two groups regarding PCA and
anesthetic drug dose of sufentanil. A total of 11,458
patients from Hospital Division A comprised the train-
ing set, whereas 4,910 patients from Hospital Division
B comprised the validation set (Supplemental Figure
1). The external data as validation set is being actively
advanced. All indicators were equally distributed
between the two groups (Supplemental Table 2).

Feature selection

To achieve feature selection and reduce the dimen-
sionality of the data, univariate logistic regression was
initially used to filter all variables. Among all assessed
variables, the univariate logistic regression analysis
revealed that age, alcohol consumption history, dura-
tion of surgery, intraoperative intercostal nerve block,
postoperative PCA, and method of anaesthetic intuba-
tion were significantly associated with the occurrence
of PCNC (Supplemental Table 3). Following univariate
logistic regression, which identified the above six vari-
ables, we added variables related to the dosage of
anaesthetic drugs (such as sufentanil) which anaesthe-
tists pay particular attention to. Together with the
above variables, we used multivariate logistic regres-
sion to further screen the candidate variables. After
screening, only six variables were individually relevant
to PCNC: age (OR:1.030; 95% Cl:1.026-1.035; p<.001),
duration of surgery (OR:1.003; 95% Cl:1.003-1.004;
p<.001), intraoperative  intercostal  anaesthesia
(OR:0.091, 95% Cl:0.072-0.115; p<.001), type of PCA
(epidural PCA: OR:0.452; 95% Cl:0.402-0.508; intrave-
nous PCA: OR:0.452, 95% Cl:0.398-0.513; p<.001),
method of intubation (endobronchial blocker tube:
OR:0.553; 95% Cl:0.470-0.651; p<.001), and dose of
sufentanil (OR:0.988; 95% Cl:0.984-0.992; p<.001) (Table
1). All the above variables were tested for

multicollinearity and the VIF was less than 10.
Ultimately, these six independent factors were used to
construct the predictive models for PCNC.

Model evaluation and comparison

Several machine-learning models (Logistic regression,
XGBoost, Random forest, Light GBM, and Naive Bayes),
which are widely used in the medical field, were
trained to model the PCNC and were repeated 10
times. The effectiveness of the models in the training
and validation sets was evaluated by calculating the
AUC values of the ROC, as well as the specificity, sen-
sitivity, accuracy, PPV, and NPV (Figure 1) (Supplemental
Table 4). In the training set, Random forest showed the
best performance, with an AUC value of 0.898, 95% Cl
of 0.892-0.904, sensitivity of 0.905, specificity of 0.712,
PPV value of 0.451, and NPV value of 0.966. In the
testing set, both the Random forest and Light GBM
showed good effectiveness, with an AUC value of
0.752. In the validation set, both the Random forest
and Light GBM showed good effectiveness, with an
AUC value of 0.752. XGBoost and logistic regression
showed that Naive Bayes had the lowest AUC value
but also exceeded 0.7, demonstrating that all models
performed satisfactorily. We also constructed calibra-
tion plots for the five models and found that the line
for each model was near the ideal line in both the
training and validation sets (Figure 2). The Brier values
in the training set were as follows: logistic regression,
0.148; XGBoost, 0.150; Random forest, 0.114; Light

Table 1 Multivariate logistic regression analysis for the PCNC
risk factors.

Intercept and Prediction model

variables B OR (95%Cl) P-value
Intercept —2474 0.084 (0.061-0.117) <0.001
Age, years 0.030 1.030 (1.026-1.035) <0.001
History of alcohol —-0.095 0.909 (0.806-1.026) 0.122
Duration of 0.003 1.003 (1.003-1.004) <0.001
surgery, min
Intraoperative —-2.402 0.091 (0.072-0.115) <0.001
intercostal
nerve block
Type of PCA
None Reference
Epidural PCA —-0.795 0.452 (0.402-0.508) <0.001
Intravenous PCA —0.794 0.452 (0.398-0.513) <0.001
Method of
intubation
Double-lumen Reference
endobronchial
tubes
Bronchial blockers —0.592 0.553 (0.470-0.651) <0.001
Dose of Sufentanil, -0.012 0.988 (0.984-0.992) <0.001

Hg

Abbreviation: PCNC: postoperative cardiovascular and neurological compli-
cations; PCA: patient-controlled analgesia.
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Figure 1. ROC Curves of the predictive nomogram for PCNC. A: Training set; B: Validation set. Abbreviations: ROC: receiver oper-
ator characteristics; PCNC: postoperative cardiovascular and neurological complications.

Figure 2. Calibration curves for assessing the accuracy of the predictive nomogram for PCNC. A: Training set; B: Validation set.
Abbreviation: PCNC: postoperative cardiovascular and neurological complications.

Figure 3. The DCA used to evaluate the clinical benefit of the predictive nomogram for PCNC. A: Training set; B: Validation set.
Abbreviation: PCNC: postoperative cardiovascular and neurological complications; DCA, decision curve analysis.

GBM, 0.132; and Naive Bayes, 0.142. In the validation GBM, 0.142; and Naive Bayes, 0.151. The DCA curves
set, the Brier values were as follows: logistic regression, exhibited excellent clinical applicability to all five
0.149; XGBoost, 0.145; Random forest, 0.142; Light machine-learning models (Figure 3).
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Figure 4. Nomogram for predicting the incidence of postoperative cardiovascular and neurological complications.

Development of the nomogram

As the predictive nomogram based on logistic regres-
sion is more intuitive and broadly used in clinics, this
study developed a nomogram of PCNC in addition to
multiple machine-learning models for the convenience
of clinicians (Figure 4).

Discussion

In this retrospective study, the multivariate logistic
regression analysis demonstrated that age and surgery
duration were independent risk factors for PCNC. In
contrast, PCA, intraoperative intercostal nerve block,
anaesthetic intubation method, and sufentanil use
were independent protective factors. The five
machine-learning models constructed from these can-
didate indicators demonstrated excellent predictive
efficacy in both the training and validation sets. As a
big data study, our research differs from previous stud-
ies which are often limited by small sample sizes
[20,21] Therefore, the predictive model of our study
may have a good generalizability. Consequently, it may
be highly applicable in the clinical setting. Accurately
identifying protective and disruptive factors using
machine-learning models and nomograms may reduce
the incidence of PCNC and improve the quality of life
of postoperative patients.

In the present study, the main concern was PCNC,
which differ from previous studies that only focused
on major cardiovascular and cerebrovascular events
such as perioperative acute ischemic stroke and acute
myocardial infarction [2,3,22]. The incidence of major
cardiovascular and cerebrovascular events is generally
3%, which may lead to serious postoperative out-
comes. However, cardiovascular and neurological

events, such as postoperative atrial fibrillation and
transient cerebral ischemia, have also been shown in
previous studies to be independent risk factors for
severe postoperative cardiovascular and neurological
adverse events and death [5]. Studies have shown that
the incidence of atrial fibrillation after thoracic surgery
can be as high as 30% [23,24]. Therefore, our study
differed from previous studies by including all periop-
erative cardiovascular and neurological complications,
resulting in an incidence rate of approximately 20%.
Regardless of severity, the outcome variables to be
explored in the study were analysed to derive the
independent factors affecting the outcome. The crite-
ria for defining PCNC in this study included a diagno-
sis of new-onset cardiovascular or neurological diseases
during the postoperative period through evidence on
ECG, CT scans, or cranial MRI, or following consultation
with a cardiologist or neurologist. The inclusion criteria
included the observation of almost all additional
PCNC-related diseases, making the study more detailed
and comprehensive.

Age has been confirmed to play a critical role as a
risk indicator for PCNC [25-28]. Additionally, several
studies have confirmed that the duration of surgery is
associated with a high incidence of postoperative
complications [12,29,30]. These conclusions align with
the results of the present study.

With the recent increase in opioid-free anaesthesia,
many anaesthesiologists consider the opioid analgesics
used in the past to be un-ideal and potentially coun-
terproductive, contributing to the severity of postoper-
ative pain and being strongly associated with adverse
postoperative outcomes [31-34]. Previous studies have
provided contradictory evidence regarding the use of
opioids [35,36]. However, most studies have examined
whether focusing on opioid-related adverse outcomes,



such as nausea and vomiting alone [37-39], while
ignoring postoperative adverse cardiovascular and
neurological events, may adversely affect patient sur-
vival and prognostic outcomes. In real-world practice,
experienced anaesthesiologists prefer to use a higher
dose of sufentanil when a patient’s hemodynamic
state becomes unstable. Moreover, the duration of sur-
gery is positively correlated with the incidence of
PCNC, and as the duration of surgery increases, the
dosage of sufentanil also increases, which may lead to
serious bias as a higher dose of sufentanil may be
related to the occurrence of PCNC. In contrast, our
data showed that sufentanil was an independent pro-
tective factor rather than a risk factor for PCNC. Hence,
we are more concerned with the conclusion that
appropriate intraoperative administration of sufentanil
helps improve patient prognosis during the early post-
operative period from the anaesthesiologist’s point of
view. This may be because maintaining perioperative
hemodynamic stability improves perioperative cardio-
vascular and neurological complications.

In thoracic surgical procedures, an intraoperative
intercostal nerve block is an intercostal nerve block
performed by thoracic surgeons under direct thoraco-
scopic view. Compared with the traditional intercostal
nerve blocks performed under ultrasound guidance
with a more defined block extent, intercostal nerve
blocks performed by thoracic surgeons under a direct
thoracoscopic view have not been fully implemented.
In this study, intraoperative intercostal nerve block was
shown to be an independent protective factor for
PCNC and accounted for a larger predictive score in
the nomogram; therefore, it had a stronger influence
on the risk of PCNC. Therefore, this method can be
recommended to thoracic surgeons for reducing post-
operative pain, accelerating recovery, and reducing the
incidence of PCNC.

As a standard postoperative analgesic modality
used in recent years for individualized, on-demand,
and self-controlled drug delivery, PCA [40] has been
receiving increasing attention and popularity among
patients. However, postoperative patient-controlled
epidural analgesia (PCEA) is associated with adverse
postoperative outcomes such as hypotension [41].
Additionally, patient-controlled intravenous analgesia
(PCIA) may markedly increase the incidence of nausea
and vomiting [42,43]. Although the impact of PCA on
PCNC remains unclear, it is possible that both PCEA
and PCIA are protective because PCA reduces postop-
erative pain. All three perioperative analgesic modes
exerted a significant protective effect on PCNGC; thus,
we hypothesized that by alleviating perioperative
pain, the aim of maintaining stable perioperative
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vascular and neurological complications could be
achieved [44].

Achieving lung separation in thoracic surgery pri-
marily involves the use of double-lumen endobron-
chial tubes (DLTs) or bronchial blockers (BBs). DLTs can
be easily and precisely inserted, whereas BBs reduce
the incidence and degree of airway injury [45,46].
However, no study has investigated the association
between these intubation methods and PCNC. The
present study confirmed that BB were more protective
in reducing the risk of PCNC than DLT. In contrast to
the results of previous studies, we hypothesized that
the inflammatory response due to the more severe air-
way injury caused by DLTs may be responsible for the
higher susceptibility to PCNC [46]. The outcomes of
VATS pneumonectomy were comparable to those of
the open approach.

Although this study developed machine-learning
models and predictive nomograms for PCNC, it has lim-
itations. First, a relatively small sample size was used in
this study. The inclusion of more patients in future stud-
ies may reduce bias and increase the accuracy and
effectiveness of the prediction model. Second, this
10-year retrospective study introduces a time bias that
affects the occurrence, detection, and management of
complications, and thus, the data used to train the
model. Advances in surgical and anaesthetic techniques
over a 10-year period may have resulted in a reduction
in PCNC and thus changed the risk profile of later
patients compared with earlier patients. Advances in
perioperative monitoring or postoperative care may
also have resulted in the earlier detection and preven-
tion of complications, thus reducing the applicability of
the model in real-world and modern settings. Third,
because this study is based on data exported from the
hospital information system for further cleaning and
research, the missing data in electronic medical record
processing adopts the 80% rule, which results in more
patients being excluded. This limits the exposure of the
prediction model to all clinical situations, which, in turn,
biases the prediction model and may lead to an under-
estimation of the risk in real-world populations. A
smaller sample size reduces the statistical power of the
model and increases the possibility of overfitting.
Fourth, this study grouped complications broadly as
cardiovascular or neurological, resulting in a lack of pre-
cise and consistent classification of the results which
may have reduced their accuracy and interpretability.
This may have reduced the credibility of the study and
limited its predictive ability for specific complica-
tions. Fifth,
in a strict sense, the training and validation sets
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established in this study cannot be called external vali-
dation sets. Without testing the model with indepen-
dent data from other institutions or settings, it is unclear
whether the model performance metrics truly reflect its
predictive ability. This may undermine the reliability of
the model for broader clinical applications. Therefore,
multicenter studies are warranted to fill this gap.

Conclusions

This study established machine-learning models and
nomograms for predicting PCNC and showed promising
predictive performance. It has been demonstrated that
the risk of PCNC in elderly patients may be reduced
through the efforts by surgeons and anesthesiologists.
However, regarding the limitations of the study such as
external validation, data exclusion and ambiguity in
complication categorization, the opportunity for further
refinement is appreciated in the future.
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