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Objective: This study aims to identify relevant risk factors, assess the interactions
between variables, and establish a predictive model for ischemic stroke (IS) in
patients with cardiac myxoma (CM) using the Bayesian network (BN) approach.
Methods: Data of patients with CM were collected from three tertiary
comprehensive hospitals in Beijing from January 2002 to January 2022. Age,
sex, medical history, and information related to CM were extracted from the
electronic medical record system. The BN model was constructed using the
tabu search algorithm, and the conditional probability of each node was
calculated using the maximum likelihood estimation method. The probability of
each node of the network and the interrelationship between IS and its related
factors were qualitatively and quantitatively analyzed. A receiver operating
characteristic (ROC) curve was also plotted. Sensitivity, specificity, and area
under the curve (AUC) values were calculated and compared between the BN
and logistic regression models to evaluate the efficiency of the predictive model.
Results: A total of 416 patients with CM were enrolled in this study, including 61
with and 355 without IS. The BN model found that cardiac symptoms, systemic
embolic symptoms, platelet counts, and tumor with high mobility were directly
associated with the occurrence of IS in patients with CM. The BN model for
predicting CM-IS achieved higher scores on AUC {0.706 [95% confidence
interval (Cl), 0.639-0.773]} vs. [0.697 (95% Cl, 0.629-0.766)] and sensitivity
(99.44% vs. 98.87%), but lower scores on accuracies (85.82% vs. 86.06%) and
specificity (6.56% vs. 11.48%) than the logistic regression model.

Conclusion: Cardiac symptoms, systemic embolic symptoms, platelet counts, and
tumor with high mobility are candidate predictors of IS in patients with CM. The BN
model was superior or at least non-inferior to the traditional logistic regression
model, and hence is potentially useful for early IS detection, diagnosis, and
prevention in clinical practice.
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Abbreviations

IS, ischemic stroke; CM, cardiac myxoma; BN, Bayesian network; ROC, receiver operating characteristic; AUC,
area under the receiver operating characteristic curve; CI, confidence interval; CM-IS, CM-related ischemic
stroke; CPT, conditional probability distribution table; TS, tabu search; IQR, interquartile range; Non-IS
CM, CM but no IS; OR, odds ratio.
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Introduction

Ischemic stroke (IS) is a common and severe complication of
cardiac myxoma (CM) (1-3). Despite a low incidence of 5 per
10,000,000 individuals per year (4), CM is generally considered
an important etiology of stroke in young adult (5-7), and nearly
half of the patients who suffer CM-related ischemic stroke
(CM-IS) have multiple cerebral infarcts on brain imaging (8, 9).
The high morbidity and fatality of CM-IS places a great burden
on one’s family and society (10). Hence, early identification of IS
in patients with CM is important as it can improve clinical
outcomes and reduce medical costs. Thus far, the risk factors of
CM-IS remain largely uncertain. Although several risk factors of
embolism (i.e., size of tumor and sex) (11, 12) in CM-IS patients
have been reported, they are still controversial. Currently, the
occurrence of CM-IS is believed to result from the interaction of
multiple risk factors such as age (13-15), sex (12, 16-18), past
medical history (19, 20), and tumor characteristics (21-23).

In general, traditional analysis methods such as logistic
regression have poor statistical effects when managing collinear/
high-dimensional data. In contrast, a Bayesian network (BN) can
accurately reflect the potential relationship and the strength of
the relationship between variables by constructing a directed
acyclic graph and conditional probability table. Additionally,
mounting evidence has proven the successful application of BN
models in medical diagnosis, expert systems, statistical decision-
making, learning, and prediction. Given the unavailability of an
agreed set of guidelines or reports on the development of
prediction models for IS in CM cohorts, there is a great need to
establish highly predictive models for early IS detection and
diagnosis. In this study, we identified relevant risk factors,
established a
predictive model for IS in patients with CM using the BN

assessed the interactions between variables,
approach, and further compared the model performance between

traditional logistic regression and BN models.

Materials and methods

Study population and clinical data
collection

We retrospectively reviewed 468 patients who were diagnosed
with CM and underwent cardiac surgery in three tertiary
comprehensive hospitals between January 2010 and January
2022. The following inclusion criteria were adopted: (i) patients
diagnosed with CM by echocardiography before surgery; (ii)
patients with postoperative pathological reports confirmed as
CM; and (iii) patients with single CM or presenting for the first
time with CM. The exclusion criteria were as follows: (i) patients
with valvular heart disease, congenital heart disease, deep venous
thrombosis, history of infective endocarditis, cardiac thrombosis,
other tumors, migraine, unstable carotid artery plaques, or
patients taking oral contraceptives; (ii) patients with missing
clinical data. When a patient was admitted more than twice, only
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the data from the first admission were used in this study. The
study was performed in accordance with the Declaration of
Helsinki and approved by the Institutional Ethics Committee of
Beijing Anzhen Hospital (2023013X). Written informed consent
was obtained from all participants.

Demographic and clinical data were collected from electronic
medical records, including age, sex, medical history, clinical
symptoms, echocardiography, and laboratory tests (i.e., routine
blood examination and coagulation function). Patients with IS
were diagnosed based on medical history, clinical examination,
and brain imaging results before cardiac surgery, and their
diagnoses were confirmed by two attending neurologists. The
collected variables during admission: including clinical, imaging,
and laboratory data, were used in the statistical analysis and BN
modeling.

With regard to echocardiographic data, CM with high-mobility
refers to highly mobile phenomena of myxoma mass on
transesophageal echocardiography as described elsewhere (1, 24).
Additionally, we chose 30 mm as the threshold of the size of
CM, because two previous studies reported that tumor diameter
less than 30 mm were more commonly seen in patients with CM
complicated by brain infarct (25).

After hospital discharge, follow-ups were performed by
experienced investigators via face-to-face interviews or phone
calls. The main outcomes included complications and mortality,
which were monitored for periods lasting 1 month to 10 years.

Quality control

The data extraction process from the medical records was
standardized, and the investigators familiarized themselves with it
before starting the data retrieval for this study. Data entry
followed the double entry method. If discrepancies take place
during the review process, medical records were consulted and
the data were corrected.

Data processing for predictive variables

Before building the predictive model, we reviewed the previous
literature to preprocess the predictive variables. First, it was noted
that CM-IS mainly affects middle-aged women (20, 26). For our
analysis, sex and age were defined as the definite risk factors.
Second, in addition to the traditional cerebrovascular risk factors
[such as smoking (27, 28), hypertension (29), diabetes (30), and
hyperlipidemia (31)], we also added “tumor characteristics” as
risk factors involving tumor length, width, mobility, surface and
stalk (11, 32). Furthermore, previous studies have demonstrated
of CM,
constitutional, and systemic embolic symptoms (4, 33). Elevated

the clinical manifestations including  cardiac,
platelet counts have also been reported in CM-IS (12). Based on
the above-mentioned findings, a total of 17 variables were
identified, diabetes,

hyperlipidemia, tumor type, tumor size, tumor location, cardiac

including sex, age, hypertension,
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symptoms, constitutional symptoms, systemic embolic symptoms,
and platelet count.

According to the biostatistics literature, data will lose their
measure of confidence if their missing value ratio is >30%. These
missing attributes normally result from time conflicts and test
failures. In our study, some variables were removed from the
dataset if they had more than six missing attributes. Finally,
approximately six variables were used as the primary dataset.

Bayesian network

A BN consists of a directed acyclic graph whose nodes
represent random variables and links express dependencies
between nodes (34). The node indicated by an arrow is called the
child node, and the other node is called the parent node of the
child node. Each node corresponds to a conditional probability
distribution table (CPT), which represents the conditional
probability of the child node under the condition that the parent
node is known and quantifies the probability dependence
between variables. The BN is a representation of the joint
probability distributions of random variables X =[Xj, ..., X,];
thus, a probability expression can be obtained:

P(X1, ..., X,) = P(X)PCG|X1) . . . P(X,| X1, Xas -+ Xut)

= [[ il wx)
1

Where 7(X;) represents the collection of the parents of Xi; 7(X;) C
Xy ooy Xy,

The purpose of BN structure learning is to find the network
that best matches a given dataset. Tabu Search (TS) is currently
the most used search method for structure learning as it is able
to overcome issues related to the local optimal searching process
and can search for the global optimal solution. For the network
structure G and the training dataset D, parameter learning
modifies the parameters of the prior distribution and obtains the
parameter of the posterior distribution, which determines the BN
of the conditional probability of each node to p-value (D | 6, G).
Maximum likelihood estimation is one of the main types of
estimation for a complete dataset, and this method simply
involves an attempt to find the parameter that maximizes the
likelihood function. In this study, we constructed a BN model to
predict CM-IS occurrence. 17 random variables were extracted
from the patient data. We initially filtered the nodes using
logistic regression to avoid including too many nodes and adding
excessive complexity to the network structure. We established an
optimal model based on the tabu search algorithm and
maximum-likelihood estimation.

Statistical analysis

Continuous variables are presented as mean + standard

deviation or median [interquartile range (IQR)]. Categorical
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variables are expressed as percentages. Normally distributed data
t-test,
distributed data were analyzed using the Mann-Whitney U test.

were analyzed wusing Student’s and non-normally
Categorical variables were analyzed using the chi-square test.
Binary logistic regression analysis was used to screen for possible
variables associated with CM-IS and evaluate their associated risk
intensities. Variables with p-value <0.05 were entered into the
multivariable logistic regression analysis to identify the risk factors.

The BN model of the IS-related risk factors in patients with
CM was conducted using the tabu search algorithm (35), and the
conditional probability of each node was calculated using the
maximum likelihood estimation method (36). The probability of
each node of the network and the interrelationship between IS
and related factors were qualitatively and quantitatively analyzed
(37). Before establishing the BN model, all the IS-related factors
were quantified and coded (Supplementary Table S1). The
of the BN model
discrimination and calibration. The discriminative ability of the

performance was evaluated through
model was reflected by the area under the receiver operating
characteristic curve (AUC). Calibration was performed using the
Hosmer-Lemeshow test and calibration plots. Furthermore, the
Delong test was used to test the statistical significance of the
difference between the AUC values. The BN model for predicting
the probability of CM-IS was constructed using the bnlearn
package in R 4.2.1 (https://www.rstudio.com/). In addition, the
network topology was drawn using Netica 32.0 (Norsys Software
Corp., Vancouver, BC, Canada). The AUC was used to evaluate
the prediction efficiency of the model, which was completed

using R studio software (https://www.rstudio.com/).

Results
Demographic and clinical characteristics

Among 468 consecutive patients with CM, 52 were excluded
due to the presence of other concomitant diseases or missing
data. Finally, 416 patients were enrolled in this study, including
61 with IS and 355 without IS (Figure 1). Baseline characteristics
were also compared between the CM-IS (61 patients) and non-IS
CM (355 patients) groups. The mean age of the participants
included in this study was 53.81 years, and 62.0% of them were
women. Compared with non-IS CM group (n=355), patients
with CM-IS more frequently had hypertension (42.6% vs. 28.2%,
p-value =0.023), hyperlipidemia (19.7% vs. 7.0%, p-value=
0.001), clinical manifestations of cardiac symptoms (65.5% vs.
58.9%, p-value <0.001), and systemic embolic symptoms (9.8%
vs. 1.1%, p-value <0.001). Approximately 42 (68.6%) patients
with CM-IS had tumors with high mobility (p-value =0.03). The
additional patient characteristics are presented in Table 1.

Regarding the outcomes of patients with CM after surgical
excision, two patients had a stroke recurrence (two CM-IS cases)
and three patients died (one CM-IS case, two non-IS CM cases).
Causes of death were acute exacerbation of chronic heart failure
(n=1), acute myocardial infarction (n=1), and severe lung
infection (n=1).
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468 patients with cardiac
myxoma were reviewed from
the electronic medical records
system in three hospital

- I Patients with valvular heart disease (n = 6) I

[ Patients with congenital heart disease (n = 2) |

I Patients with deep venous thrombosis (n = 2) |

(n=1)

Patients with history of infective endocarditis |

| Patients with cardiac thrombosis (n = 4)

52 patients
were excluede

| Patients with other tumors (n = 2)

416 patients were finally
enrolled in this study

FIGURE 1
Flowchart describing the screening of patients with cardiac myxoma (CM).

| Patients with migraine (n = 4)

(n=7)

Patients with unstable carotid artery plaques

Patients who were taking oral
contraceptivesunstable (n = 5)

Patients with missing data (n = 19)

TABLE 1 Baseline characteristics of patients with cardiac myxoma.

TABLE 2 Risk factors of CM-IS: univariate and multivariate binary logistic
regression analysis.

Variables Total (@B CM-non IS p-
(n=416) (n=61) (n=355) value Characteristics Univariate analysis Multivariate analysis
Age, years 53.81+ 56.17 = 5341+ 0.151 OR (95% Cl) p-value OR (95% Cl) p-value
13.87 13.10 13.97 Hyperlipidemia
Female, n (%) 258 (62.0) 30 (49.2) 228 (64.2) 0.081 No 1.00 (Reference) a 1.00 (Reference) ;
Medical history, (%) Yes 1.426 0.042 1172 0.69
Hypertension 126 (30.3) 26 (42.6) 100 (28.2) 0.023 (1.187-1.970) (0.940-5.019)
Hyperlipidemia 37 (8.9) 12 (19.7) 25 (7.0) 0.001 Hypertension
Diabetes mellitus 47 (11.3) 8 (13.1) 39 (11.0) 0.628 No 1.00 (Reference) R 1.00 (Reference) R
Smoking status, n (%) 0.355 Yes 1.537 0.046 1.937 0.36
Non-smoker 300 (72.1) 39 (63.8) 262 (73.8) (1.291-1.990) (1.044-3.595)
Current smoker 84 (20.2) 15 (24.6) 69 (19.4) Cardiac symptom
Ex-smoker 32 (7.7) 7 (11.4) 24 (7.0) No 1.00 - 1.00 (Reference) -
Clinical feature, n (%) (Reference)
Cardiac symptoms 229 (55.0) 40 (65.5) 209 (58.9) | <0.001 Yes 2.772 0.001 2.363 0.001
Constitutional symptoms 9(2.2) 0 (0) 9 (2.5) 1 - (2.515-5.071) (1.198-0.667)
Systemic embolic 10 (2.4) 6(9.8) 4(11) | <0.001 Systemic embolic symptoms
symptoms No 1.00 (Reference) - 1.00 (Reference) -
Platelets counts (10%/L) | 228.25% 25335+ 22394+ | 0011 Yes 1172 0.010 1.324 0.015
83.44 89.09 81.79 (1.045-1.662) (0.683-20.495)
Echocardiography Plazelets counts 1.005 0.006 1.006 0.008
Length, mm 36.41+ 36.59 + 36.38 + 0.940 (07L) (1.001-1.008) (1.001-1.008)
20.60 2079 20.59 Tumor mobility
Width, mm 2516+ 278+ 2557+ | 0.193 Low 1.00 (Reference) - 1.00 (Reference) -
15.47 14.29 15.62 High 2.493 0.013 2.579 0.017
High mobility, n (%) 149 (35.8) 42 (68.6) 107 (30.1) 0.03 (1.661-5.643) (1.292-5.148)
Irregular surface, n (%) 1(0.2) 0 (0) 1(0.3) 1 CM-IS, cardiac myxoma-related ischemic stroke; OR, odds ratio; Cl, confidence
Stalk, 1 (%) 301 (724) | 47 (77.0) | 254 (715) | 0375 interval.
LVEF, % 61.17 = 61.64 +9.52 60.09 = 0.704
10.43 10.59

CM-IS, cardiac myxoma-related ischemic stroke; CM-non IS, cardiac myxoma
without ischemic stroke; LVEF, left ventricular ejection fractions.

Risk factors in the CM-IS model

The wvariables included in this study were the basic
characteristics and well-known risk factors. The results of the
univariate logistic regression analysis are listed in Table 2. Of
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the 17 variables, six were associated with CM-IS according to the
univariate logistic regression: hyperlipidemia [odds ratio (OR),
1.426; 95% confidence interval (CI), 1.187-1.970; p-value=
0.042], hypertension (OR, 1.537; 95% CI, 1.291-1.990; p-value =
0.046), cardiac symptoms (OR, 2.772; 95% CI, 2.515-5.071;
p-value =0.001), systemic embolic symptoms (OR, 1.172; 95% ClI,
1.045-1.662; p-value < 0.010), platelet count (OR, 1.005; 95% CI,
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1.001-1.008; p-value = 0.006), and tumors with high mobility (OR,
2.493; 95% CI, 1.661-5.643; p-value = 0.013).

In our research, six independent variables were included in the
multivariate analysis. As the sample size should be at least 10 times
the independent variable when developing a prediction model for
dichotomous outcomes, the number of samples in each group
should be at least 60. The number of cases of CM-IS and non-IS
CM were 61 and 355, respectively. Thus, the sample size of this
study was sufficient to develop a predictive model. Therefore, six
significant variables were retained in the final multivariate
logistic regression model after performing backward stepwise
variable selection. In the multivariable analysis, hyperlipidemia
(OR, 1.172; 95% CI, 0.940-5.019; p-value =0.69), hypertension
(OR, 1.937; 95% CI, 1.044-3.595; p-value=0.36), cardiac
symptoms (OR, 2.363; 95% CI, 1.198-0.667; p-value=0.001),
systemic embolic symptoms (OR, 1.324; 95% CI, 0.683-20.495;
p-value = 0.015), platelet count (OR, 1.006; 95% CI, 1.001-1.008;
p-value = 0.008), and tumors with high mobility (OR, 2.579; 95%
CI, 1.292-5.148; p-value=0.017) were independently associated
with CM-IS (Table 2).

Structure and parameters of the BN

The structure learning of the BN was mainly constructed
using the tabu search algorithm. The CM-IS model contained
seven nodes and 10 directed edges, with nodes representing
hypertension, hyperlipidemia, cardiac symptoms, systemic
embolic symptoms, platelet counts, and tumor mobility,
As 2,
hyperlipidemia, systemic

respectively. shown in Figure hypertension,

cardiac  symptoms, embolic
symptoms, platelet counts, and tumor with high mobility
were directly associated with CM-IS, and tumor with high
mobility was indirectly linked to CM-IS through cardiac

symptoms and systemic embolic symptoms. Hypertension

10.3389/fcvm.2023.1128022

may also be indirectly associated with CM-IS via cardiac and
systemic embolic symptoms.

After determining the BN structure, the maximum likelihood
estimation method was used to estimate the conditional
probabilities of each node in the network. The prior probabilities
of each node in the network are shown in Figure 2. According
to the conditional probability distribution (Table 3), when CM
was combined with systemic embolic symptoms and abnormal
platelet counts, the probability of CM-IS was 0.50. In patients
with high platelet counts complicated by cardiac symptoms and
with co-occurring systemic embolic symptom disturbance, the
probability of IS increased to 1.00, suggesting that great attention
should be paid to prevent the occurrence of CM-IS when the
above two phenomena occur.

Model performance evaluation

Table 4 shows that the BN model for predicting CM-IS
achieved higher scores on AUC and sensitivity, but lower scores
on accuracies and specificity, than the logistic regression model.
The AUC of the BN model was 0.706 (95% CI, 0.639-0.773), and
its accuracies, sensitivity, and specificity were 85.82%, 99.44%, and
6.557%, respectively. The logistic regression predictive model
achieved an AUC of 0.697 (95% CI, 0.629-0.766), accuracies of
86.06%, sensitivity of 98.87%, and specificity of 11.48% (Figure 3).

Notably, the Delong test revealed that there were no statistical
differences in the AUC values between the BN model and the
logistic regression model (p-value=0.683). In addition, the
calibration plots showed that the predicted probabilities of IS
agreed well with the actual observations (Figure 4), and the
Hosmer-Lemeshow test also demonstrated good calibration for
the BN model (p-value =1.000, y*=0.033, degrees of freedom =
8) and for the logistic regression model (p-value=0.992, y*=
1.536, degrees of freedom = 8).

Platelet_Counts
9.10m
83.2
7.70

Systemic_Embolic_Symptoms
Low
Normal

No 97.6 .
High

Yes 243| |

Hyperlipidemia Hypertension

Cardiac_Symptoms

Ischemic_Stroke

\4

\4

No
Yes

91.1
8.90

No
Yes

69.7 |
30.3

No
Yes

\ 4

450 e’ |
55.0 j—

FIGURE 2

mutivariate binary logistic regression

Bayesian network (BN) for predicting occurrence of IS in patients with cardiac myxoma (CM). The Bayesian network used 6 variables selected by

No 85.5

Yes 145
Tumor_Mobility

Low 66.6
High 33.4pmm |
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TABLE 3 The conditional probability distributions with tumors mobility, platelets counts, cardiac and systemic embolic symptoms as parent nodes.

Cardiac symptoms

Systemic embolic

Platelets counts

Tumor mobility Ischemic stroke (%)

symptoms
No No Normal Low 0.22 0.78
No No Normal High 0.16 0.84
Yes No Normal Low 0.10 0.90
Yes No Normal High 0.09 091
No Yes Normal Low 0.50 0.50
No Yes Normal High 1.00 0.00
No No High Low 0.43 0.57
No No High High 0.00 1.00
Yes No High Low 1.00 0.00
Yes Yes High Low 1.00 0.00

TABLE 4 The performance of different predictive models.

AUC
0.706
0.697

Accuracy
85.82%
86.06%

Sensitivity
99.44%

Specificity
6.56%
1148% |

Bayesian network

‘ Logistic regression 98.87%

AUC, area under the curve; Cl, confidence interval.

Discussion

In the present study, univariate and multivariate logistic
regression models were used to identify the main risk factors of
IS in patients with CM. Next, a BN model was constructed to
estimate the conditional probability of each node based on a
univariate analysis using the tabu search algorithm. Our study
found that cardiac symptoms, systemic embolic symptoms,
tumor with high mobility, and elevated platelet counts were
directly associated with the occurrence of CM-IS. Hypertension
is indirectly linked to IS through systemic embolic symptoms. In
addition, the BN model achieved better AUC and sensitivity than
the traditional logistic regression model.

CM mainly affects young female subjects, as reported in
previous studies. Consistent with this, our results also showed
that approximately 62% of the enrolled patients were female.
However, our study showed no obvious female predominance in
patients with CM-IS, with a female-to-male ratio of 1:1. A
potential explanation for this result might be the exclusion of
patients taking oral contraceptives and patients with migraine in
our study to reduce interference from other causes of stroke. In
addition, the mean patient age was consistent with that of the
CM population. Lee et al. reported that stroke patients with CM
17-70) vyears (17).
Furthermore, a case series by Ekinci et al. revealed patients with

had an average age of 485 (range,

CM were aged between 6 and 82 years. The marked relationship
between age and CM-IS in our study was in agreement with
previous studies, strongly suggesting that CM should be highly
suspected in young patients with IS.

Frontiers in Cardiovascular Medicine

In our study, traditional cerebrovascular risk factors such as
hypertension, hyperlipidemia, and smoking were directly linked to
CM-IS, implying that such risk factors, which are common among
patients with CM-IS, still need to be strictly monitored and
managed to prevent the occurrence of CM-IS. Moreover, in a
series of 113 atrial myxoma patients with neurological
presentations, 83% presented with IS (12). Thus, some clinical
manifestations may be related to CM-IS as risk factors, including
systemic embolic, cardiac, and/or constitutional symptoms (39).
Indeed, our results revealed that the

symptoms in patients with CM-IS (65.5%) was relatively low

incidence of cardiac

compared to that in patients without IS (58.9%), and hypertension
was indirectly associated with IS through systemic embolic
symptoms using the BN model, further substantiating our viewpoint.

Previous studies have also found that tumor characteristics (i.e.,
tumor length, tumor width, tumor mobility, tumor surface, and
tumor stalk) might be potential predictors of embolism in patients
with left atrial tumors (21, 22, 32). According to an embolism event
risk scoring system based on these tumor characteristics, patients
with scores >7 (7/11) had a 45% risk for embolic events and those
with scores >9 had a 75% risk (11). In our study, tumors with high
mobility were directly associated with IS. This finding is noteworthy
because it indicates that the morphology of the tumor rather than
the size of the tumor may predispose patients to IS occurrence.
Nevertheless, further investigation is needed to determine the
relationship between CM morphology and IS.

In addition to the above, a retrospective cohort study by He
et al. reported that higher platelet count (>300x10°/L) and
mean platelet volume were associated with IS in patients with
CM. However, the association between platelet count and CM
(12, 40).
mechanism, we can only speculate that elevated platelets may

remains controversial Regarding the underlying
increase blood viscosity and aggravate red blood cell adhesion,
which consequently contributes to embolism events (41).

A BN can further intuitively describe the interaction between

independent variables and the complex network between
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The performances of Bayesian network (BN) model and logistic regression model for predicting ischemic stroke (IS) in patients with cardiac myxoma (CM).

independent and dependent variables while also analyzing the
influencing factors, which is helpful for comprehensively
exploring the causal associations among diseases and discovering
unknown potential risk factors (37). In practice, a BN reflects the
potential relationship and strength between multiple factors using
directed acyclic graphs and conditional probability distribution
tables (36, 38). In previous studies, the risk prediction model of
CM-IS was independently established based on multivariate
logistic regression (19, 20, 42). However, this cannot satisfy the
need to distinguish between direct risk factors and mediating
factors, thus failing to infer the interaction of each influencing
factor. In the BN model, hypertension was also indirectly
associated with IS through cardiac symptoms, indicating that the
BN might be more suitable for sequential clinical processes.
Moreover, the BN provides a visualized probability of CM-IS. In
addition, a BN possesses a certain adaptability regarding
processing data with strong robustness against missing values.
The incidence rate of CM is approximately 5 per 10,000,000
(4), and CM accounts for less than 1% of embolic stroke (43).
Previous research on CM-IS mainly consisted of case reports and
small cohort studies (19). Under such circumstances, conclusions

Frontiers in Cardiovascular Medicine

are often incomprehensive, with relatively limited evidence. BN
models are suitable for processing limited domain knowledge,
which is then simplified or extended by inputting new knowledge
to meet various requirements. Clinicians can supplement
up-to-date  data, BN model to

automatically adjust the probabilities. For instance, if the

patients’ enabling the
patient’s platelet counts >300 x 10°/L, with cardiac symptoms,
systemic embolic symptom, but without high tumor mobility, the
probability was 1.0. However, this doesn’t mean that IS is certain
to occur under such circumstances, but only indicates that such
patients with CM have a probability of 1.0 for concurrent IS.
Therefore, our results suggested that the BN model based on the
tabu search algorithm exhibited a flexible inference mechanism
that helps detect and diagnose IS in patients with CM and, more
importantly, helps prevent the occurrence and recurrence of IS.
A BN is a powerful machine learning method for classifying
imbalanced datasets. In fact, real-world datasets are often
challenged by class imbalances. Our study also had unbalanced
classes in the IS prediction (355: 61). With regard to AUC and
sensitivity, the BN model performed relatively better when
compared to the traditional logistic regression model, although
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the difference was not statistically significant. In clinical practice,
the factors utilized for model prediction may be missing, leading
to the model being unable to make predictions. However, the BN
had better radial basis and multilayer perceptron sensitivity.
Thus, in the present study, the learning process searched for the
best BN structure and for parameters and as a result,
demonstrated the higher AUC (>0.7) and sensitivity than the
traditional logistic regression model. The BN model in this study
was able to deal with missing data and predict IS risks in
patients with CM based on limited information (e.g., with only
the subjects’ basic characteristics and results from simple
accessory tests), rather than special data (e.g., brain neuroimaging
data). Hence, such a dataset for developing a predictive model
for IS can be easily utilized in community clinics or rural hospitals.

Limitation of the study

The present study had some limitations. First, considering the
low incidence rates of CM and CM-IS, the number of confirmed
cases with CM was small, particularly for CM-IS. Second,
regarding the number of events, the study failed to split the data
into training and test sets, which may have influenced the
accuracy of the predictive BN model. Thirdly, considering the
low mortality and morbility in patients with CM, it is difficult to
estimate the association between IS and clinical outcomes.
Further research is needed to determine this. Finally, selection
bias may exist owing to the disparity in patient enrollment
between the three medical centers.

Conclusion

In summary, we first proposed a BN model to predict IS in
patients with CM, achieving a better or at least non-inferior
performance than the traditional logistic regression model.
Cardiac symptoms, systemic embolic symptoms, platelet counts,
and tumors with high mobility were candidate predictors of IS in
our patient cohort. Hence, the model is potentially helpful for
early IS detection, diagnosis, and disease prevention in clinical
practice. Nevertheless, larger multicenter, prospective studies are
still needed to ascertain the causal relationship between risk
factors and CM-IS, optimize treatment strategies, in order to
improve the disease prognosis of patients with CM.
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