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Background and purpose: Recurrent stroke accounts for 25–30% of all preventable strokes, and this study was conducted to establish a machine learning-based clinical predictive rice idol for predicting stroke recurrence within 1 year in patients with acute ischemic stroke (AIS).

Methods: A total of 645 AIS patients at The Second Affiliated Hospital of Xuzhou Medical University were screened, included and followed up for 1 year for comprehensive clinical data. Univariate and multivariate logistic regression (LR) were used to screen the risk factors of stroke recurrence. The data set was randomly divided into training set and test set according to the ratio of 7:3, and the following six prediction models were established by machine algorithm: random forest (RF), Naive Bayes model (NBC), decision tree (DT), extreme gradient boosting (XGB), gradient boosting machine (GBM) and LR. The model with the strongest prediction performance was selected by 10-fold cross-validation and receiver operating characteristic (ROC) curves, and the models were investigated for interpretability by SHAP. Finally, the models were constructed to be visualized using a web calculator.

Results: Logistic regression analysis showed that right hemisphere, homocysteine (HCY), C-reactive protein (CRP), and stroke severity (SS) were independent risk factors for the development of stroke recurrence in AIS patients. In 10-fold cross-validation, area under curve (AUC) ranked from 0.777 to 0.959. In ROC curve analysis, AUC ranged from 0.887 to 0.946. RF model has the best ability to predict stroke recurrence, and HCY has the largest contribution to the model. A web-based calculator https://mlmedicine-re-stroke2-re-stroke2-baylee.streamlitapp.com/ has been developed accordingly.

Conclusion: This study identified four independent risk factors affecting recurrence within 1 year in stroke patients, and the constructed RF-based prediction model had good performance.
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1. Introduction

Stroke is characterized by acute focal injury of the central nervous system (i.e., brain, retina, or spinal cord) resulting in neurological dysfunction due to sudden rupture of blood vessels or obstruction of blood flow. It is categorized into ischemic and hemorrhagic stroke, while the incidence of the former is higher than that of the latter, accounting for 60–70% of all strokes (Sacco et al., 2013). The major clinical manifestation of stroke is the sudden onset of focal neurological deficits, whose clinical diagnosis is further complemented with imaging of the brain and its vascular trees (Campbell and Khatri, 2020). Epidemiological data suggest that stroke is the second leading cause of death and disability worldwide, causing tremendous burden shared by low- and middle-income countries (Saini et al., 2021). As suggested by 2016 global burden of disease data that one in four people will have a stroke in their lifetime (GBD 2016 Neurology Collaborators, 2019), its prevalence is approximately equal in men and women. However, incidence of stoke is higher in older women (more than 50% higher comparing to men aged 75 years or older), and among some races (e.g., 1.91 per 1,000 in Black or African American and 0.88 per 1,000 in Caucasians) (Virani et al., 2020). Data from 2010 to 2017 showed a 5.3% increase in stroke morbidity and mortality and a 19.3% increase in prevalence, respectively (Goldstein, 2020).

Despite effective treatment approaches, stroke patients are still at measurable risk of recurrent episodes after initial recovery. Recurrent strokes account for 25–30% of all preventable strokes, a majority of which are ischemic strokes, and their onset lead to a higher mortality and disability rate than the initial episode (Luengo-Fernandez et al., 2012). The risk rates for early recurrence of ischemic stroke are approximately 5% at 7 days, and 10% at 14 days, respectively; the long-term recurrence risk rates are approximately 11.1% [95% confidence interval (CI) 9–0 to 13.3] at 1 year (Hankey, 2014). Therefore, the identification of risk factors for stroke recurrence is beneficial to identify populations of high-risk recurrence, ensuring early intervention to reduce the morbidity and mortality. Previous studies have shown that pathophysiological factors and lifestyle factors are all influential factors leading to stroke recurrence. In addition, history of previous cerebrovascular events and stroke subtypes are also important risk factors for recurrence (Chin et al., 2018). Therefore, it is crucial to develop predictive models for effective secondary prevention and management.

With rapid development of precision medicine in the recent years, data science and predictive analytics take on significant roles for physicians to deliver individualized care. However, clinical application of models to predict recurrent stroke using regression or other statistical methods is often limited by the narrow range of variables (Chaudhary et al., 2019) as studies have shown that the area under the receiver operating characteristic (ROC) curve for multivariate logistic models developed using clinical and retinal characteristics for recurrent stroke within 1 year is 0.71–0.74 [higher area under curve (AUC) values indicate better model predictive power] (Yuanyuan et al., 2020). Similarly, when machine learning (ML) is used with single- or multi-omics medical data, more details can be mined from the data and better diagnostic and prognostic tools can be developed compared to traditional statistical regression models (Bersanelli et al., 2016; Erickson et al., 2017; Dias-Audibert et al., 2020; Fleuren et al., 2020). Studies have demonstrated that ML can successfully predict favorable outcomes for up to 3 months after acute stroke event and that the area under the curve of deep neural network models is significantly higher than the Astral score (0.888 vs. 0.839; P < 0.001) (Heo et al., 2019). In addition, ML can be used to efficiently label stroke patients in the emergency setting to facilitate triage (Abedi et al., 2020), as well as to monitor predictive models for long-term recurrent stroke (5 years) by using six of its algorithmic models (Abedi et al., 2021).

In the current study, we constructed six different prediction models by adding observational indicators and explored factors influencing recurrence in all stroke patients based on 1-year follow-up data, evaluated their performances based on sensitivity, specificity, accuracy, and subject operating characteristic curve (ROC), and analyzed the relative importance and interpretability of different factors on the models. We aimed to provide a reference for identifying stroke patients at high risk of recurrence, which is conducive to early diagnosis, and treatment of stroke recurrence, leading to improved survival and recovery of patients.



2. Materials and methods


2.1. Data sources, inclusion criteria, exclusion criteria

The data of this study were obtained from patients who were diagnosed with acute ischemic stroke (AIS) at The Second Affiliated Hospital of Xuzhou Medical University from August 2017 to July 2019. The inclusion criteria for AIS patients included: ischemic stroke diagnoses following the World Health Organization criteria and from onset of symptom to hospitalization less than 24 h. Exclusion criteria were as follows: (1) incomplete clinical information. (2) Patients with severe organ dysfunction. (3) Inadequate ancillary tests. (4) Follow-up time for less than 1 year. (5) Patients with disturbance of consciousness and severe aphasia. The study was approved by the Ethics Committee of The Second Affiliated Hospital of Xuzhou Medical University [ethics number: (2020) 081603], and all patients signed a written consent form.

Data of enrolled patients were collected, including demographic data (age, sex); vascular risk factors (hypertension, diabetes, ischemic heart disease); baseline blood pressure [SBP and diastolic blood pressure (DBP)]; trial of org 10 172 in acute stroke treatment (TOAST) (large-artery atherosclerosis, cardioembolism, small-vessel occlusion, acute stroke of other determined etiology, stroke of undetermined etiology); stroke severity (SS) [based on the National Institutes of Health NIHSS, NIHSS score ≤ 8 for mild stroke, NIHSS score ≥ 9 for moderate to severe stroke (Muchada et al., 2014), all assessments completed on admission]; MRI readings [stroke distribution (anterior circulation, posterior circulation, anterior/posterior circulation), hemispheric laterality (left, right, bilateral), number of stroke lesions (single, multiple); stroke lesion site (cortical, cortico-subcortical, subcortical, subcortical, subcortical) (subcortical, subcortical, brainstem and cerebellum)], laboratory tests [total cholesterol, triglycerides, low-density lipoprotein (LDL), fasting blood glucose (FBG), homocysteine (HCY), uric acid (UA), fibrinogen (FIB), myoglobin (MB), C-reactive protein (CRP), d-dimer, brain natriuretic peptide (BNP), HBALC, neuronal specific enolase (NSE), S-100β], and clinical treatment [thrombolysis, thrombectomy, antiplatelet, anticoagulation, statin, pump inhibitor therapy (PPI)]. complications of stroke [dysphagia (Banda et al., 2022), stroke-associated pneumonia (SAP) (Qiu et al., 2022)].



2.2. Statistical methods

The collected clinicopathological and biochemical data were subjected to statistical analysis and model construction using R (version4.0.5)1 and Python (version3.8). Firstly, based on various types of data, continuous variables were expressed as mean ± standard deviation and compared using an independent samples t-test; categorical variables were expressed as frequency (percentage, %) and analyzed with χ2 test. Logistic regression (LR) analysis was used to identify risk factors independently associated with stroke recurrence. Variables with P-values less than 0.05 in the results of univariate LR analysis were included in multivariate LR analysis. Finally, factors with a P-value < 0.05 in the results of multivariate LR analysis were identified as independent risk factors for stroke recurrence, and the odds ratio (OR) and 95% CI were calculated for each variable.



2.3. Model building and validation

In our study, prediction models based on six different ML algorithms were used to analyze our data: linear regression algorithm (LR), plain Bayesian classification algorithm Naive Bayes model (NBC), decision tree algorithm (DT), random forest algorithm (RF), gradient augmentation algorithm (GBM), and xgboost (XGB) algorithm. Based on the training set data, average AUC values were calculated and the accuracy of the ML-based model algorithms was verified using the 10-fold crossover method. In addition, the ROC curves of various algorithmic models under the test set were plotted for external validation, while radar plots characterizing sensitivity, accuracy, and specificity of the models were provided to comprehensively evaluate performance of the models. The algorithm presenting the highest average AUC value was selected as the optimal algorithm. Then, contribution of each variable in the optimal model were calculated by the interpretable model SHAP to determine importance of the variables and the positive or negative contribution to the model. Finally, a web calculator was built on this basis to enable input of patient data and disease prediction to help physicians assess the risk of stroke recurrence within 1 year.




3. Results


3.1. Baseline population characteristics

A total of 832 patients with AIS were included in this study, and 48 patients with incomplete clinical data and inadequate ancillary tests, 64 patients with disturbance of consciousness and severe aphasia, 18 patients with severe abnormal organ function, and 57 patients with less than 1 year of follow-up for various reasons were excluded. The final 645 patients with AIS with or without stroke recurrence within 1 year were included (Figure 1). A total of 84 patients experienced recurrent stroke. The rate of stroke recurrence was 13%. Table 1 shows that differences in the side of hemisphere (SOH), HCY, CRP, NSE, S100β, anticoagulation, PPI, dysphagia, and SS were statistically significant in the presence or absence of stroke recurrence. It is suggested that these variables may be independent risk factors for stroke recurrence.
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FIGURE 1
Flowchart of the whole experiment.



TABLE 1    Baseline demographic and clinicopathological characteristics of all patients (stroke recurrence group and non-stroke recurrence group).
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TABLE 2    Univariate and multivariate logistic regression analysis of patients with recurrent stroke.
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3.2. Univariate and multivariate logistic regression

Univariate logistics regression analysis showed that right hemisphere, HCY, CRP, NSE, S100β, Anticoagulation, PPI, dysphagia, and SS all had statistically significant correlation with the occurrence of stroke recurrence. The nine variables mentioned above had P < 0.05 after univariate analysis were included in a multivariate logistics regression analysis, suggesting that right hemisphere, HCY, CRP, and SS, might be independent risk factors for stroke recurrence. The differences were all statistically significant [right (OR: 0.25, 95% CI 0.09–0.73, P < 0.05), HCY (1.6, 1.44–1.79, P < 0.05), CRP (1.06, 1.01–1.11, P < 0.05) and SS (3.98, 1.98–7.97, P < 0.001)].



3.3. Model building and performance validation

Four significantly different factors were defined as variables of the model by single-factor and multi-factor screening, and the model was initially constructed by randomly slicing original data set into a training set and a test set with the ratio of 7:3, with 452 patients in training set and 193 patients in test set. Six ML algorithms including linear regression algorithm (LR), plain Bayesian classification algorithm (NBC), decision tree algorithm (DT), random forest algorithm (RF), GBM, and xgboost (XGB) algorithm were executed in the training set to build a prediction model. To avoid training chance errors, the performance of the models in fitting the original data was measured, visually compared. To improve the model prediction effectiveness, a 10-fold cross-validation method was used for internal validation (Figure 2). The results showed that the RF model was the best predictor of stroke recurrence (mean AUC 0.959, standard deviation 0.017) and the LR model had the lowest AUC value of 0.777.


[image: image]

FIGURE 2
Ten-fold cross-validation within the training set of the machine algorithm.


In addition, the ROC curves of various algorithmic models under the test set (Figure 3) were plotted for external validation in this study, where the RF algorithm prediction model had the largest area under the AUC curve (AUC = 0.946), the LR algorithm prediction model had the lowest (AUC = 0.887), and the other models were in between, indicating that the RF model had a better performance in terms of data fitting effect. The radar plot of prediction model sensitivity and specificity showed (Figure 4) that the LR and RF models had better accuracy and sensitivity in their prediction ability, while the NBC model had higher specificity. However, the RF model approach was more effective (F1 = 0.585) when considering the precision and recall rates (F1) together. Finally, the performance of the six algorithmic models was compiled into a table (Table 3). Therefore, we chose the RF model as the final prediction model.
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FIGURE 3
Receiver operating characteristic (ROC) curve of machine algorithm model under the test set.
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FIGURE 4
Radar plots of sensitivity and specificity of 6 machine algorithm models.



TABLE 3    Summary of specific performance of six machine algorithm models.
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3.4. Interpretability study of variables in the RF model

Considering clinical utility, we focused on the contribution of each variable to the final prediction outcome in the ML-based RF prediction model for AIS patients using the interpretable model SHAP. With each variable as a participant and the model output as a collaborative outcome, the contribution, or SHAP value, was calculated. As can be seen in Figure 5 (left), HCY, CRP, SS, and SOH are in descending order. Meanwhile, Figure 5 (right) shows the magnitude of the four variables taking values in different colors, with higher values corresponding to red and vice versa. The figure takes the SHAP value of zero as the origin, and the negative left and positive right indicate that the variable contributes negatively or positively to the output prediction results. Therefore, we conclude that HCY has the greatest impact on the model, HCY, SS, and CRP all contribute positively to the RF model output prediction results, and SOH contributes negatively to the RF model output prediction results.


[image: image]

FIGURE 5
Relative importance of variables based on SHAP for RF prediction model.




3.5. Web-based calculator RF model

The RF-based model performed best among the six models. Therefore, we built a web-based calculator1 to facilitate the clinical application of this predictive model (Figure 6).


[image: image]

FIGURE 6
Online calculator for predicting stroke recurrence.





4. Discussion

Stroke prevalence is universal, but it is more likely to occur in the middle-aged and elderly population with higher rates of disability and mortality. Most strokes are predominantly ischemic strokes caused by arterial occlusion, and stroke recurrence leads to a higher risk of death and disability than their first occurrence (Tu et al., 2021, 2022). Therefore, there is an urgent need to identify risk factors for stroke recurrence in such patients to improve prevention, reduce recurrence and disability rates, and prolong patient survival. Traditional data mining and statistical methods usually require feature engineering to obtain effective and more robust features, and then construct prediction or clustering models. With complex data and a lack of sufficient domain knowledge, both steps present many challenges (Miotto et al., 2018). Machine learning utilizes large-scale, diverse datasets to build useful patterns by running complex algorithms, and has an important role in the biomedical field for disease detection, diagnosis, prevention, and treatment. Its development leads to more accurate early diagnosis, individualized treatment, and continuous monitoring, as well as effective screening for disease-related risk factors and prediction of disease recurrence (Goecks et al., 2020). Machine learning is particularly useful when datasets are too large or complex for human analysis, and/or when you want to automate the data analysis process to build reproducible and time-saving pipelines. The RF model used in the study, for example, has the advantage of knowing how important each element is to the prediction, and the individual DTs are human-readable, making them easier to train and adjust. But there are also shortcomings that are not suitable for regression and many DTs are difficult to explain (Greener et al., 2022).

Throughout the study, we followed 645 patients with AIS, 84 of whom experienced recurrence. The rate of stroke recurrence was consistent with previous result (13% vs. 11.1%) (Hankey, 2014). After evaluating baseline characteristics of multiple clinical variables collected with stroke recurrence and identifying four independent risk factors for stroke recurrence by univariate and multivariate LR analysis (i.e., right hemisphere, HCY, CRP, and SS), six ML methods were used: LR, NBC, DT, XGB, GBM, and RF. They were used to develop prediction models for individualized prediction of stroke recurrence in AIS patients (Figure 1). The results showed that the RF model had the best predictive ability, and the mean AUC of all 10-fold cross-validation results were > 0.8. After a comprehensive evaluation of the performance of the six models (Table 3), it was concluded that the RF model performed better, and the relative importance of the four risk variables in the RF model was compared from highest to lowest, HCY, CRP, SS, and SOH. Finally, an online web calculator was created to facilitate clinical application.

Table 1 shows the baseline characteristics of patients with AIS. There were no significant differences between non-stroke recurrent patients and stroke recurrent patients in terms of gender and age; however, there were significant differences in the side of the hemisphere (SOH; P = 0.014 < 0.05), blood homocysteine (HCY; P < 0.0 01), C-reactive protein (CRP; P < 0.001), neuron-specific enolase (NSE; P = 0.002 < 0.05), central neurospecific protein (S100β; P = 0.012 < 0.05), anticoagulation therapy (P < 0.001), proton pump inhibitor therapy (PPI; P = 0.007 < 0.05), dysphagia (P = 0.039 < 0.05), and stroke severity (SS; P < 0.001).

HCY, CRP, NSE, and S100β are all serum proteins. HCY is a sulfur-containing amino acid in the body and an important intermediate in the metabolism of methionine and cysteine, which itself is not involved in protein synthesis. Elevated HCY has become an independent risk factor for the development of atherosclerosis. As a pro-inflammatory marker, the inflammatory process has an important role in pathophysiology of ischemic stroke, and elevation of HCY is considered a risk factor for ischemic stroke (Chen et al., 2017). The data in Table 1 show that HCY was lower in patients with recurrent stroke than in patients with non-recurrent stroke (13.2 vs. 16.2, P = 0.002). Previously, it was shown that hypertension with high homocysteine (HHcy) (H-type hypertension) and CRP can increase the incidence of ischemic stroke. Later data demonstrated that recurrent ischemic stroke (RIS) is associated with advanced age, male sex, diabetes, H-type hypertension, and C-reactive protein. In contrast, controlling H-type hypertension and C-reactive protein levels reduce the risk of RIS (Zhang et al., 2016). Under normal conditions, the levels of NSE and S100β in body fluids are extremely low. When neuronal injury or necrosis occurs, NSE and S100β rapidly spill from the cells into the cerebrospinal fluid and enter the blood through the damaged blood-brain barrier, resulting in elevated serum NSE and S100β concentrations. The levels of which reflect the extent of neuronal damage, so elevated NSE and S100β suggest possible relapse. In addition, other serum biomarkers, such as serum Copeptin levels, are associated with recurrent stroke events and are predictors of severity at admission and 1-year stroke recurrence in stroke patients (Tang et al., 2017). In addition, other biomarkers such as serum fatty acid binding protein 4 (FABP4) (Li et al., 2019), serum CXCL12 levels (Gu et al., 2016), interleukin-37 (Zhang et al., 2021), and cystatin C (Liu et al., 2021) have been reported to be associated with stroke recurrence.

Serum C-reactive protein, an acute chronotropic reactive protein elevated in the presence of infection, is second only to HCY in RF models in terms of relative importance. It is also a non-specific marker of systemic inflammation reflecting various infectious and non-infectious inflammatory conditions in the organism. A retrospective review showed that 26 studies reported an association of CRP with recurrent stroke, of which 12 (46%) described a positive association (McCabe et al., 2021), a result that is consistent with what we obtained. In addition to the above-mentioned control of CRP with H hypertension that reduces the risk of RIS, elevated serum Hs-CRP and HCY levels are associated with the risk of post-stroke depression (PSD) 1 year after stroke onset, and the combination of these two factors adds prognostic information to early assessment of PSD (Cheng et al., 2018).

The study in Table 2 found that the differences in NSE, S100β, Anticoagulation, PPI, and dysphagia were statistically significant in the univariate LR analysis, but the differences were not found to be statistically significant when the above variables were included in the multivariate LR analysis, which may be due to the sample size of the study population, selection bias. SS was a good independent predictor of stroke recurrence (Table 2), with a risk ratio of 3.98 for recurrence in stroke patients, as well as being a relatively important factor in the RF model. In a 2016 study analyzing the regression after ischemic stroke and its associated factors in elderly patients, it was shown that at 12 months of stroke, moderate stroke was associated with dependency and severe stroke was associated with dependency and recurrence (Wu et al., 2016). In addition, a meta-analysis of stroke recurrence rates was recently performed in a retrospective study of patients with first ischemic stroke. The results of this study showed that hypertension, diabetes mellitus, atrial fibrillation, transient ischemic attack, and high SS were independent risk factors for recurrence (Kolmos et al., 2021).

The right hemisphere is the last relative importance in the RF model. Stroke patients experience impairments such as contralateral motor deficits and interhemispheric imbalances including hyperexcitability of the contralateral hemisphere after stroke. Since the recovery of cerebral hemispheres through motor dysfunction can be achieved by increasing excitability of the affected hemisphere or decreasing the excitability of the unaffected hemisphere, current brain treatments for stroke patients include a brain-computer interface (BCI) and transcranial magnetic stimulation (TMS) therapies to reduce mortality and alleviate the degree of disability in patients. Studies have shown that bilateral hemisphere treatment by TMS facilitates motor recovery of paralyzed hands in stroke patients (Takeuchi et al., 2009). In contrast, when patients present with bilateral focal hemispheres, there may be an interruption of the axis between the central nervous system and the gastrointestinal system, leading to secondary symptoms such as dysphagia and gastrointestinal bleeding (Schaller et al., 2006). Similarly, our study data show that dysphagia, although not an independent risk factor for stroke recurrence, has a statistically significant difference between the baseline characteristics of patients with and without stroke recurrence. Importance of primary prevention in patients with the first stroke and secondary prevention in recurrent stroke is stressed in the current study. Primary prevention treatment is anticoagulation for atrial fibrillation, antihypertensive treatment for hypertension and controlling glucose for diabete, etc (Diener and Hankey, 2020). The primary aim of secondary prevention is to prevent or reduce the risk of recurrent stroke and to reduce the degree of disability. Effective treatments include antithrombotic and anticoagulant therapy, revascularization, and implementation of structured evaluation and intervention (Hankey, 2014). Although effective for secondary prevention of ischemic stroke with aspirin, increases the risk of hemorrhagic stroke, upper gastrointestinal bleeding (UGIB), and dyspepsia. Prophylactic administration of proton pump inhibitors (PPIs) may reduce the risk of these digestive symptoms (Takabayashi et al., 2015). There is evidence that some proton pump inhibitors can attenuate the antiplatelet effects of clopidogrel, but after multivariate adjustment, the data show that the use of proton pump inhibitors is not associated with a significantly increased risk of recurrent stroke or death (Juurlink et al., 2011). Again, this is consistent with the conclusions reached in this study.

However, there are some limitations that need to be addressed in the future. First, the ML algorithm model we developed is limited to one hospital, which may limit its widespread use in other regions. Second, the sample size of this study has some limitations and there is room for extending the follow-up period. Finally, this study is retrospective and suffers from the inherent data bias of retrospective studies, which may lead to bias in the data. We will conduct further multicenter and prospective studies in the future.



5. Conclusion

In conclusion, we constructed six risk prediction models for stroke recurrence in patients with AIS by machine learning algorithm (ML), introducing four independent risk factors associated with stroke recurrence (i.e., right hemisphere, HCY, CRP, and SS). Among them, we found that RF model made promising prediction, as it performed the best in both internal validation and external validation combined, with comparable accuracy, sensitivity, and specificity. It is hoped that this web-based calculator can serve as an effective predictive tool to help stroke patients prevent recurrence and assist physicians in adjudication.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving human participants were reviewed and approved by the Ethics Committee of The Second Affiliated Hospital of Xuzhou Medical University. The patients/participants provided their written informed consent to participate in this study.



Author contributions

WlL, LQR, and XW completed the study design. KW, WcL, and WlL performed the study and collected and analyzed the data. QS, CaS, and WlL drafted the manuscript. LQR, XW, KW, and HL provided the expert consultations and suggestions. CX and CY conceived of the study, participated in its design and coordination, and helped to embellish language. All authors reviewed the final version of the manuscript and approved the submitted version.



Funding

This study was supported by the Scientific Research Project of Jiangsu Health Committee (No. H2019054), the Xuzhou Science and Technology Planning Project (No. KC21220), the Science and Technology Development Fund of Affiliated Hospital of Xuzhou Medical University (No. XYFY202250), and the Shaanxi Provincial Health and Health Research Fund Project (No. 2022E006).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Footnotes

1     https://www.r-project.org/


References

Abedi, V., Avula, V., Chaudhary, D., Shahjouei, S., Khan, A., Griessenauer, C. J., et al. (2021). Prediction of long-term stroke recurrence using machine learning models. J. Clin. Med. 10:1286. doi: 10.3390/jcm10061286

Abedi, V., Khan, A., Chaudhary, D., Misra, D., Avula, V., Mathrawala, D., et al. (2020). Using artificial intelligence for improving stroke diagnosis in emergency departments: A practical framework. Ther. Adv. Neurol. Disord. 13:1756286420938962. doi: 10.1177/1756286420938962

Banda, K. J., Chu, H., Kang, X. L., Liu, D., Pien, L. C., Jen, H. J., et al. (2022). Prevalence of dysphagia and risk of pneumonia and mortality in acute stroke patients: A meta-analysis. BMC Geriatr. 22:420. doi: 10.1186/s12877-022-02960-5

Bersanelli, M., Mosca, E., Remondini, D., Giampieri, E., Sala, C., Castellani, G., et al. (2016). Methods for the integration of multi-omics data: Mathematical aspects. BMC Bioinformatics 17(Suppl. 2):15. doi: 10.1186/s12859-015-0857-9

Campbell, B. C. V., and Khatri, P. (2020). Stroke. Lancet 396, 129–142. doi: 10.1016/S0140-6736(20)31179-X

Chaudhary, D., Abedi, V., Li, J., Schirmer, C. M., Griessenauer, C. J., and Zand, R. (2019). Clinical risk score for predicting recurrence following a cerebral ischemic event. Front. Neurol. 10:1106. doi: 10.3389/fneur.2019.01106

Chen, S., Dong, Z., Cheng, M., Zhao, Y., Wang, M., Sai, N., et al. (2017). Homocysteine exaggerates microglia activation and neuroinflammation through microglia localized STAT3 overactivation following ischemic stroke. J. Neuroinflammation 14:187. doi: 10.1186/s12974-017-0963-x

Cheng, L. S., Tu, W. J., Shen, Y., Zhang, L. J., and Ji, K. (2018). Combination of high-sensitivity c-reactive protein and homocysteine predicts the post-stroke depression in patients with ischemic stroke. Mol. Neurobiol. 55, 2952–2958. doi: 10.1007/s12035-017-0549-8

Chin, Y. Y., Sakinah, H., Aryati, A., and Hassan, B. M. (2018). Prevalence, risk factors and secondary prevention of stroke recurrence in eight countries from south, east and Southeast Asia: A scoping review. Med. J. Malaysia 73, 90–99.

Dias-Audibert, F. L., Navarro, L. C., de Oliveira, D. N., Delafiori, J., Melo, C. F. O. R., Guerreiro, T. M., et al. (2020). Combining machine learning and metabolomics to identify weight gain biomarkers. Front. Bioeng. Biotechnol. 8:6. doi: 10.3389/fbioe.2020.00006

Diener, H. C., and Hankey, G. J. (2020). Primary and secondary prevention of ischemic stroke and cerebral hemorrhage: JACC focus seminar. J. Am. Coll. Cardiol. 75, 1804–1818. doi: 10.1016/j.jacc.2019.12.072

Erickson, B. J., Korfiatis, P., Akkus, Z., and Kline, T. L. (2017). Machine learning for medical imaging. Radiographics 37, 505–515. doi: 10.1148/rg.2017160130

Fleuren, L. M., Klausch, T. L. T., Zwager, C. L., Schoonmade, L. J., Guo, T., Roggeveen, L. F., et al. (2020). Machine learning for the prediction of sepsis: A systematic review and meta-analysis of diagnostic test accuracy. Intensive Care Med. 46, 383–400. doi: 10.1007/s00134-019-05872-y

GBD 2016 Neurology Collaborators (2019). Global, regional, and national burden of neurological disorders, 1990-2016: A systematic analysis for the global burden of disease study 2016. Lancet Neurol. 18, 459–480.

Goecks, J., Jalili, V., Heiser, L. M., and Gray, J. W. (2020). How machine learning will transform biomedicine. Cell 181, 92–101. doi: 10.1016/j.cell.2020.03.022

Goldstein, L. B. (2020). Introduction for focused updates in cerebrovascular disease. Stroke 51, 708–710. doi: 10.1161/STROKEAHA.119.024159

Greener, J. G., Kandathil, S. M., Moffat, L., and Jones, D. T. (2022). A guide to machine learning for biologists. Nat. Rev. Mol. Cell Biol. 23, 40–55. doi: 10.1038/s41580-021-00407-0

Gu, X. L., Liu, L., Lu, X. D., and Liu, Z. R. (2016). Serum CXCL12 levels as a novel predictor of future stroke recurrence in patients with acute ischemic stroke. Mol. Neurobiol. 53, 2807–2814. doi: 10.1007/s12035-015-9151-0

Hankey, G. J. (2014). Secondary stroke prevention. Lancet Neurol. 13, 178–194. doi: 10.1016/S1474-4422(13)70255-2

Heo, J., Yoon, J. G., Park, H., Kim, Y. D., Nam, H. S., and Heo, J. H. (2019). Machine learning-based model for prediction of outcomes in acute stroke. Stroke 50, 1263–1265. doi: 10.1161/STROKEAHA.118.024293

Juurlink, D. N., Gomes, T., Mamdani, M. M., Gladstone, D. J., and Kapral, M. K. (2011). The safety of proton pump inhibitors and clopidogrel in patients after stroke. Stroke 42, 128–132. doi: 10.1161/STROKEAHA.110.596643

Kolmos, M., Christoffersen, L., and Kruuse, C. (2021). Recurrent ischemic stroke—a systematic review and meta-analysis. J. Stroke Cerebrovasc. Dis. 30:105935. doi: 10.1016/j.jstrokecerebrovasdis.2021.105935

Li, B., Wu, J., Jiang, P., Li, M., Liu, Q., Cao, Y., et al. (2019). Serum fatty acid binding protein 4 is positively associated with early stroke recurrence in nondiabetic ischemic stroke. Aging 11, 1977–1989. doi: 10.18632/aging.101886

Liu, H., Qian, S., Zhong, C., Wang, A., Peng, Y., Peng, H., et al. (2021). Predictive Value of cystatin c for stroke recurrence in patients with acute ischemic stroke. Circ. J. 85, 213–219. doi: 10.1253/circj.CJ-20-0771

Luengo-Fernandez, R., Gray, A. M., Rothwell, P. M., and Oxford Vascular Study (2012). A population-based study of hospital care costs during 5 years after transient ischemic attack and stroke. Stroke 43, 3343–3351. doi: 10.1161/STROKEAHA.112.667204

McCabe, J. J., O’Reilly, E., Coveney, S., Collins, R., Healy, L., McManus, J., et al. (2021). Interleukin-6, C-reactive protein, fibrinogen, and risk of recurrence after ischaemic stroke: Systematic review and meta-analysis. Eur. Stroke J. 6, 62–71. doi: 10.1177/2396987320984003

Miotto, R., Wang, F., Wang, S., Jiang, X., and Dudley, J. T. (2018). Deep learning for healthcare: Review, opportunities and challenges. Brief Bioinform. 19, 1236–1246.

Muchada, M., Rubiera, M., Rodriguez-Luna, D., Pagola, J., Flores, A., Kallas, J., et al. (2014). Baseline national institutes of health stroke scale-adjusted time window for intravenous tissue-type plasminogen activator in acute ischemic stroke. Stroke 45, 1059–1063. doi: 10.1161/STROKEAHA.113.004307

Qiu, H., Song, J., Hu, J., Wang, L., Qiu, L., Liu, H., et al. (2022). Low serum transthyretin levels predict stroke-associated pneumonia. Nutr. Metab. Cardiovasc. Dis. 32, 632–640. doi: 10.1016/j.numecd.2021.12.008

Sacco, R. L., Kasner, S. E., Broderick, J. P., Caplan, L. R., Connors, J. J., Culebras, A., et al. (2013). An updated definition of stroke for the 21st century: A statement for healthcare professionals from the American heart association/American stroke association. Stroke 44, 2064–2089.

Saini, V., Guada, L., and Yavagal, D. R. (2021). Global epidemiology of stroke and access to acute ischemic stroke interventions. Neurology 97, S6–S16. doi: 10.1212/WNL.0000000000012781

Schaller, B. J., Graf, R., and Jacobs, A. H. (2006). Pathophysiological changes of the gastrointestinal tract in ischemic stroke. Am. J. Gastroenterol. 101, 1655–1655. doi: 10.1111/j.1572-0241.2006.00540.x

Takabayashi, N., Murata, K., Tanaka, S., and Kawakami, K. (2015). Cost-effectiveness of proton pump inhibitor co-therapy in patients taking aspirin for secondary prevention of ischemic stroke. Pharmacoeconomics 33, 1091–1100. doi: 10.1007/s40273-015-0289-4

Takeuchi, N., Tada, T., Toshima, M., Matsuo, Y., and Ikoma, K. (2009). Repetitive transcranial magnetic stimulation over bilateral hemispheres enhances motor function and training effect of paretic hand in patients after stroke. J. Rehabil. Med. 41, 1049–1054. doi: 10.2340/16501977-0454

Tang, W. Z., Wang, X. B., Li, H. T., Dong, M., and Ji, X. (2017). Serum copeptin predicts severity and recurrent stroke in ischemic stroke patients. Neurotox. Res. 32, 420–425. doi: 10.1007/s12640-017-9754-5

Tu, W. J., Chao, B. H., Ma, L., Yan, F., Cao, L., Qiu, H., et al. (2021). Case-fatality, disability and recurrence rates after first-ever stroke: A study from bigdata observatory platform for stroke of China. Brain Res. Bull. 175, 130–135. doi: 10.1016/j.brainresbull.2021.07.020

Tu, W. J., Hua, Y., Yan, F., Bian, H., Yang, Y., Lou, M., et al. (2022). Prevalence of stroke in China, 2013-2019: A population-based study. Lancet Reg. Health West. Pac. 28:100550. doi: 10.1016/j.lanwpc.2022.100550

Virani, S. S., Alonso, A., Benjamin, E. J., Bittencourt, M. S., Callaway, C. W., Carson, A. P., et al. (2020). Heart disease and stroke statistics-2020 update: A report from the American heart association. Circulation 141, e139–e596. doi: 10.1161/CIR.0000000000000757

Wu, Q., Zou, C., Wu, C., Zhang, S., and Huang, Z. (2016). Risk factors of outcomes in elderly patients with acute ischemic stroke in China. Aging Clin. Exp. Res. 28, 705–711. doi: 10.1007/s40520-015-0478-1

Yuanyuan, Z., Jiaman, W., Yimin, Q., Haibo, Y., Weiqu, Y., and Zhuoxin, Y. (2020). Comparison of prediction models based on risk factors and retinal characteristics associated with recurrence one year after ischemic stroke. J. Stroke Cerebrovasc. Dis. 29:104581. doi: 10.1016/j.jstrokecerebrovasdis.2019.104581

Zhang, Q., Qiu, D. X., Fu, R. L., Xu, T. F., Jing, M. J., Zhang, H. S., et al. (2016). H-type hypertension and c reactive protein in recurrence of ischemic stroke. Int. J. Environ. Res. Public Health 13:477. doi: 10.3390/ijerph13050477

Zhang, Y., Xu, C., Wang, H., and Nan, S. (2021). Serum interleukin-37 increases in patients after ischemic stroke and is associated with stroke recurrence. Oxid. Med. Cell. Longev. 2021:5546991. doi: 10.1155/2021/5546991



OPS/images/ain.jpg





OPS/xhtml/Nav.xhtml




Contents





		Cover



		A machine learning model for visualization and dynamic clinical prediction of stroke recurrence in acute ischemic stroke patients: A real-world retrospective study



		1. Introduction



		2. Materials and methods



		2.1. Data sources, inclusion criteria, exclusion criteria



		2.2. Statistical methods



		2.3. Model building and validation







		3. Results



		3.1. Baseline population characteristics



		3.2. Univariate and multivariate logistic regression



		3.3. Model building and performance validation



		3.4. Interpretability study of variables in the RF model



		3.5. Web-based calculator RF model







		4. Discussion



		5. Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		Footnotes



		References

















OPS/images/fnins-17-1130831-g002.jpg
AUC

0.8

0.6

04

0.2

0.0

Ten Fold Cross Validation

LR: Average AUC=0.777,Std=0.068
NBC: Average AUC=0.865,Std=0.032
DT: Average AUC=0.861,Std=0.051
RF: Average AUC=0.959,Std=0.017
GBM: Average AUC=0.933,Std=0.022
XGB: Average AUC=0.938,Std=0.020

A8808

6 8
Round of cross





OPS/images/fnins-17-1130831-g001.jpg
Stroke patient data from
2017-2019, total 768 cases

Exclusion criteria:
(1) incomplete clinical information.

(3) Inadequate ancillary tests.
(4) Follow-up time for less than 1 year.
(5) Patients with disturbance of
consciousness and severe aphasia.

(2) Patients with severe organ dysfunction.

\ /

A

645 patients were finally
included, randomly split into
training and validation groups
according to the ratio of 7:3

Training

group

Univariate and multivariate logistic

regression to screen independent risk
factors for inclusion in the final model

validation
group

Gradient -
Random Naive Bayes Decision )éGBr(aEé(gi?q boosting reL?cgslz;[;Cn (L
forest(RF) model(NBQC) tree(DT) bg : machine(GB 9
oosting) M)
10-cross
validation

The model with the
strongest performance
was screened for
interpretability using
SHAP and feather
importance principles

External
validation

\ /

Visualization
and
dynamization
using web
calculator






OPS/images/cover.jpg
, frontiers ‘ Frontiers in Neuroscience

A machine learning model
for visualization and dynamic
clinical prediction of stroke
recurrence in acute ischemic
stroke patients: A real-world
retrospective study












OPS/images/logo.jpg
’frontiers ‘ Frontiers in Neuroscience







OPS/images/fnins-17-1130831-t003.jpg
Scoring LR | NBC | DT | RF | GBM | XGB

AUC 0.887 0.923 0.923 0.946 0.924 0.930

accuracy 0.845 0.758 0.737 0.825 0.778 0.778

Sensitivity (recall) 0.880 0.731 0.719 0.814 0.754 0.766

specificity 0.630 0.926 0.852 0.889 0.926 0.852

F1 0.531 0.515 0.474 0.585 0.538 0.517

AUC, area under curve.






OPS/images/fnins-17-1130831-t002.jpg
Characteristics

Univariate logistic analysis

Multivariate logistic analysis

OR 95% ClI P-value (O] 95% ClI P-value
Age
<60 Reference Reference
> 60 0.81 (0.50-1.28) 0.367
Gender
Female Reference Reference
Male 1.28 (0.80-2.08) 0.315
SBP 1 (0.99-1.01) 0.99
DBP 1.01 (0.99-1.02) 0.522
SD
Anterior circulation Reference Reference
Posterior circulation 0.72 (0.42-1.23) 0.23
Anterior/posterior 0.88 (0.48-1.56) 0.668
circulation
SOH
Left Reference Reference Reference Reference
Right 0.84 (0.52-1.36) 0.482 0.62 (0.33-1.15) 0.129
Bilateral 0.29 (0.11-0.66) 0.002 0.25 (0.09-0.73) 0.011
SOS
Cortex Reference Reference
Cortex-subcortex 1.42 (0.73-2.78) 0.302
Subcortex 0.98 (0.50-1.95) 0.965
Brainstem 0.9 (0.39-1.99) 0.806
Cerebellum 1.16 (0.49-2.64) 0.728
NOS
Single stroke lesion Reference Reference
Multiple stroke lesions 0.76 (0.44-1.27) 0.309
Cholesterol .08 (0.91-1.29) 0.381
Triglyceride 69 (0.93-3.08) 0.086
LDL 1.1 (0.80-1.52) 0.544
FBG .06 (0.84-1.35) 0.605
HBALC 23 (0.70-2.16) 0.476
HCY .57 (1.42-1.73) < 0.001 1.6 (1.44-1.79) < 0.001
UA 1 (1.00-1.00) 0.687
MB 1 (1.00-1.00) 0.655
CRP 1.07 (1.04-1.11) < 0.001 1.06 (1.01-1.11) 0.012
FIB 1.1 (0.76-1.58) 0.622
D-dimer 1 (1.00-1.00) 0.767
BNP 1 (1.00-1.00) 0.476
NSE 1.1 (1.03-1.17) 0.005 0.98 (0.88-1.09) 0.704
S1008 1.01 (1.00-1.01) 0.016 1 (1-1.01) 0.379
Thrombolysis
No Reference Reference
Yes 1.24 (0.75-2.00) 0.398
Thrombectomy
No Reference Reference
Yes 1.33 (0.43-3.32) 0.583
Antiplatelet
No Reference Reference
Yes 0.85 (0.49-1.56) 0.585
Anticoagulation
No Reference Reference Reference Reference
Yes 3.36 (1.96-5.68) < 0.001 1.9 (0.9-4.02) 0.094
Statin
No Reference Reference
Yes 1.36 (0.70-2.91) 0.377
PPI
No Reference Reference Reference Reference
Yes 2.07 (1.22-3.42) 0.007 0.81 (0.37-1.78) 0.598
Dysphagia
No Reference Reference Reference Reference
Yes 1.81 (1.05-3.03) 0.034 0.9 (0.41-1.97) 0.789
SS
No Reference Reference Reference Reference
Yes 4.32 (2.64-7.27) < 0.001 3.98 (1.98-7.97) < 0.001
SAP
No Reference Reference
Yes 1.47 (0.87-2.42) 0.149 1.47






OPS/images/fnins-17-1130831-t001.jpg
Characteristics Level Overall (N = 645) No (N = 561) Yes (N = 84) P
Age, 1 (%) <60 362 (56.1) 311 (55.4) 51 (60.7) 0.429
> 60 283 (43.9) 250 (44.6) 33(39.3)
Gender, 1 (%) Female 263 (40.8) 233 (41.5) 30 (35.7) 0.372
Male 382 (59.2) 328 (58.5) 54 (64.3)
SBP, median (Q1, Q3) NA 143.0 (132.0, 156.0) 143.0 (132.0, 156.0) 145.0 (132.0, 157.0) 0.705
DBP, median (Q1, Q3) NA 87.0 (74.0, 97.0) 86.0 (74.0, 97.0) 88.0 (75.8, 96.0) 0.466
SD, n (%) Anterior circulation 258 (40.0) 220 (39.2) 38 (45.2) 0.482
Posterior circulation 235 (36.4) 209 (37.3) 26 (31.0)
Anterior/Posterior 152 (23.6) 132 (23.5) 20 (23.8)
circulation
SOH, n (%) Left 271 (42.0) 228 (40.6) 43 (51.2) 0.014
Right 256 (39.7) 221 (39.4) 35 (41.7)
Bilateral 118 (18.3) 112 (20.0) 6(7.1)
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Cortex-subcortex 147 (22.8) 123 (21.9) 24 (28.6)
Subcortex 176 (27.3) 155 (27.6) 21 (25.0)
Brainstem 100 (15.5) 89 (15.9) 11 (13.1)
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NOS, n (%) Single stroke lesion 453 (70.2) 390 (69.5) 63 (75.0) 0.37
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BNP, median (Q1, Q3) NA 93.0 (73.0, 162.0) 93.0 (74.0, 161.0) 86.0 (69.8, 168.5) 0.792
NSE, median (Q1, Q3) NA 16.2 (12.7, 18.6) 15.9 (12.6, 18.4) 17.7 (15.0, 19.0) 0.002
S100B, median (Q1, Q3) NA 275.0 (223.0, 289.0) 274.0 (223.0, 288.0) 283.5 (241.5, 306.0) 0.012
Thrombolysis, n (%) No 448 (69.5) 393 (70.1) 55 (65.5) 0.47
Yes 197 (30.5) 168 (29.9) 29 (34.5)
Thrombectomy, n (%) No 614 (95.2) 535 (95.4) 79 (94.0) 0.584
Yes 31 (4.8) 26 (4.6) 5(6.0)
Antiplatelet, r (%) No 117 (18.1) 100 (17.8) 17 (20.2) 0.701
Yes 528 (81.9) 461 (82.2) 67 (79.8)
Anticoagulation, n (%) No 553 (85.7) 495 (88.2) 58 (69.0) < 0.001
Yes 92 (14.3) 66 (11.8) 26 (31.0)
Statin, 1 (%) No 98 (15.2) 88 (15.7) 10 (11.9) 0.461
Yes 547 (84.8) 473 (84.3) 74 (88.1)
PPL 1 (%) No 519 (80.5) 461 (82.2) 58 (69.0) 0.007
Yes 126 (19.5) 100 (17.8) 26 (31.0)
Dysphagia, 1 (%) No 525 (81.4) 464 (82.7) 61 (72.6) 0.039
Yes 120 (18.6) 97 (17.3) 23 (27.4)
SS, 1 (%) No 380 (58.9) 356 (63.5) 24 (28.6) <0.001
Yes 265 (41.1) 205 (36.5) 60 (71.4)
SAP, 11 (%) No 494 (76.6) 435 (77.5) 59 (70.2) 0.182
Yes 151 (23.4) 126 (22.5) 25 (29.8)
NA, not available; SD, stroke distribution; SOH, side of hemisphere; NOS, number of stroke lesions; SOS, site of stroke lesions; LDL, low-density lipoprotein; FBG, fasting blood glucose; HCY,

homocysteine; UA, uric acid; FIB, fibrinogen; MB, myoglobin; CRP, C-reactive protein; BNP, brain natriuretic peptide; NSE, neuron-specific enolase; PP, proton pump inhibitor therapy; SS,
stroke severity, SAP, stroke-associated pneumonia; DBP, diastolic blood pressure.
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