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Abstract 26 

Atrial fibrillation (AF) is a well-known risk factor for stroke. Predicting the risk is important to 27 

prevent the first attack and re-attack of cerebrovascular diseases by determining the medication. 28 

Although several statistical methods have been developed to assess the stroke risk in AF 29 

patients, considerable improvement is needed in predictive performance. We propose a machine 30 

learning-based approach based on the massive and complex Korean National Health Insurance 31 

(KNHIS) data. We extracted 72-dimensional features, including demographics, health 32 

examination, and medical history information, of 754,949 patients with AF from KNHIS. 33 

Logistic regression was used to determine whether the extracted features had a statistically 34 

significant association with stroke occurrence. Then, we constructed the stroke risk prediction 35 

model based on a deep neural network. The extracted features were used as input, and the 36 

occurrence of stroke after the diagnosis of AF was the output used to train the model. When the 37 

proposed deep learning model was applied to 150,989 AF patients, it was confirmed that stroke 38 

risk was predicted with high accuracy, sensitivity, and specificity. As part of preventive 39 

medicine, this study could help AF patients prepare for stroke prevention based on predicted 40 

stoke associated feature and risk scores. 41 

  42 
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Introduction 43 

Stroke is a fatal disease and the second and third leading cause of death and disability, 44 

respectively1. It can lead to various functional impairments such as motor weakness, sensory 45 

deficit, dysphagia, dysarthria, aphasia, cognitive impairment, and emotional disturbances2-4. 46 

Therefore, it is important to prevent it by predicting the risk and providing appropriate 47 

treatments. In particular, it is important to prevent re-attack by determining the prescription of 48 

anticoagulants in patients with atrial fibrillation (AF) during a cardioembolic stroke. 49 

AF is a common risk factor of cardioembolic cerebral infarction5. It accounts for 7 to 31 50 

percent of stroke patients aged 60 years or older6-8. Thromboembolism in the left atrium caused 51 

by AF would increase the risk of stroke by four to five times7-9. The recent population-based 52 

study presented AF as an independent predictor of 30-day and one-year mortality after a first 53 

ischemic stroke10. Approximately 17 percent of all deaths were attributable to the ischemic 54 

stroke with AF. Moreover, patients who have experienced an embolic attack have the most 55 

potent risk factor for recurrent stroke. The risk in the first few weeks after the initial attack is 56 

three to five percent based on patients11,12. The previous observation study showed that stroke 57 

with AF would affect the impact, quality of life in the elderly, and socioeconomic implications 58 

of the attendant13. Due to the high risk of recurrent embolism, the development of risk 59 

calculating methods for stroke with AF is in progress. In particular, because the 60 

pathophysiology of stroke in AF is different from that of non-AF, there is a need for a method 61 

that considers these characteristics14-16. 62 

Most previous studies for predicting stroke risk in patients with AF were based on statistical 63 

methods, such as CHADS2 and CHA2DS2-VASc scores17-19. The CHADS2 score would reflect 64 

the representation of incidence risk for stroke using five factors, including congestive heart 65 

failure, hypertension, more than 74 years of age, diabetes mellitus, and previous 66 
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cerebrovascular attack11. However, CHADS2 has a limitation in that it is difficult to accurately 67 

evaluate low-risk groups. In the low-risk group with a score of 0 to 1, it is not easy to determine 68 

the anticoagulant regimen based on the score, as the risk varied greatly depending on the risk 69 

factors20. To improve the predictive performance in the low-risk group, a CHA2DS2-VASc score 70 

was proposed considering the presence or absence of vascular diseases, ages 65-74 years, and 71 

female gender. CHA2DS2-VASc scores have guided many clinicians on using oral 72 

anticoagulants as an indicator of bleeding risk, which could suggest its low use for stroke with 73 

AF owing to high CHA2DS2-VASc scores21. It was devised to compensate for the defects of 74 

CHADS2, but there are other limitations. First, CHA2DS2-VASc scores are not enough to predict 75 

the incidence of stroke. For example, only vascular diseases were considered, and other 76 

mechanisms of thromboembolism were not considered. Second, the features were proposed 77 

based on the situation 20 years ago. Some features may require new factors to adhere to the 78 

current situation. 79 

Herein, we present a machine learning-based method to predict the stroke risk in AF patients 80 

based on the Korean National Health Insurance Service (KNHIS) data. Recent studies have 81 

demonstrated that accumulated data of patients in electronic health record (EMR) can be 82 

utilized to predict potential disease risk22,23. In Korea, more than 97% of the population is 83 

covered by the KNHIS program and the remaining three percent are covered by a medical aid 84 

program operated by the KNHIS24. The KNHIS contains information on Korean demographic, 85 

health examination, and medical use/transaction information. Therefore, it was hypothesized 86 

that the accumulated large-scale KNHIS information of the AF patients can be used to predict 87 

the further risk of stroke. To handle the massive and complex KNHIS information, we adapted 88 

a deep neural network that can be captured the patterns within the data by constructing multiple 89 

hidden layers. The evaluation results showed that many stroke patients were identified with 90 

high accuracy, sensitivity, and specificity. 91 
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 92 

Materials and methods 93 

Data sources 94 

This study used KNHIS data from January 1, 2005 to December 31, 2018. Since 1995, KNHIS, 95 

the single national health insurer, has provided health examinations for all Koreans. The KNHIS 96 

database contains complete health information about approximately 50 million Koreans25. In 97 

this study, case subjects were defined as patients with AF who were newly diagnosed with 98 

stroke, and control subjects were those with AF who had not been diagnosed with stroke. We 99 

used the International Classification of Disease, 10th revision (ICD-10) codes to identify 100 

patients with AF and those who had experienced stroke from the health claim records26. We 101 

found 754,949 patients diagnosed with AF (ICD-10: I48) between 2005 and 2013. Subsequently, 102 

we checked if the selected patients were hospitalized for stroke (ICD-10: I63) within five years 103 

after the diagnosis of AF. 62,226 stroke patients with AF and 692,723 non-stroke patients with 104 

AF were identified. Next, we collected demographic, health examination, and medical history 105 

information of subjects from the KNHIS database. Demographic information contains gender, 106 

age, occupational status, and income level. The medical history includes information on the 107 

occurrence of 43 diseases (e.g., hypertensive disease, hemolytic anemia, chronic gastritis, 108 

hyperlipidemia, and thyroid diseases) and the history of using seven antithrombotic agents by 109 

the subject in the past three years. The antithrombotic agent history was extracted based on the 110 

Anatomical Therapeutic Chemical (ATC) code B01. The medical history information in the 111 

KNHIS database is built using the medical bills that were claimed by medical service providers 112 

for the expenses. Health examination includes results of nine general laboratory tests (e.g., 113 

blood pressure, urinary protein, and obesity) and six questionnaires on lifestyle and behavior 114 

(e.g., smoking, exercise, and drinking). The study protocol was approved by the Institutional 115 
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Review Board of the National Health Insurance Service in Korea (NHIS-2020-4-109). The 116 

authors confirm that all methods were performed in accordance with relevant guidelines and 117 

regulations. The need for informed consent from participants was waived by the ethics 118 

committee of the Chonnam National University because this study involved routinely collected 119 

medical data that were anonymized at all stages to protect an individual’s privacy. 120 

 121 

Regression-based statistical analysis 122 

Logistic regression is a statistical technique that estimates the causal relationship between 123 

categorical dependent variables and several independent variables and is divided into two types 124 

according to the number of categories of dependent variables27. A binary logistic regression is 125 

used when the dependent variable has two categories of 0 or 1, and polynomial logistic 126 

regression is used when the dependent variable is composed of two or more categories. The 127 

binary logistic regression, used as a statistical technique in this study, was expressed by defining 128 

logistic functions in reverse using logits as shown below in equations (1) and (2), to express 129 

linear relationships between independent and dependent variables28. 130 

𝑝(𝑥) = 𝜎(𝑡) =  11+𝑒−(𝛽0+𝛽1𝑥)    (∵ 𝑡 = 𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑘𝑥𝑘) (1) 131 

𝑔(𝑝(𝑥))  = 𝜎−1(𝑝(𝑥)) = 𝑙𝑜𝑔𝑖𝑡(𝑝(𝑥)) = ln ( 𝑃(𝑥)1−𝑃(𝑥)) = 𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑘𝑥𝑘 (2)  132 

Regression coefficient, standard error, Wald chi-square, and p-value were used for binary 133 

logistic regression analysis with maximum likelihood estimation. The regression coefficient 134 

implies that the dependent variable increases or decreases in proportion to the estimated value 135 

when the independent variable increases by one unit29. If the coefficient is a positive value, it 136 

has a positive correlation and vice versa. As the coefficient was close to zero, the effect of the 137 
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independent variable decreased29,30. The standard error is the standard deviation of the sample 138 

means used to determine whether the regression coefficient occurs by accident, revealing the 139 

closeness of the sample mean values to the population mean31. The smaller the standard error, 140 

the closer it is to the population mean, and it spreads closer to the regression line, which implies 141 

that the probability of a regression coefficient being accidental is less likely to occur. This shows 142 

that the causal relationship between the independent variable and dependent variable is 143 

significant. The Wald chi-square is an index for evaluating the importance of each independent 144 

variable27. 145 

𝑊 = ( 𝛽𝑆𝐸(𝛽))2
 (3) 146 

where β is the coefficient, and SE is its standard error. The Wald chi-square refers to the ratio 147 

of the square of the regression coefficient to its standard error and is expressed as a chi-square 148 

distribution27. The higher the value, the lower the significance level, indicating that it is an 149 

important variable in explaining the dependent variable. The p-value is the probability that a 150 

value equal to or more than that in the sample is observed, assuming that the null hypothesis is 151 

correct32. Moreover, a p-value less than a certain significance level implies that the observed 152 

result is improbable under the null hypothesis and that there is a significant association between 153 

the dependent and the corresponding independent variables. However, a p-value greater than a 154 

certain significance level indicates that there is no significant association between the dependent 155 

and the corresponding independent variables. 156 

 157 

Deep neural network for predicting the stroke risk in AF patients 158 

In this study, we used a deep neural network to predict the stroke risk in AF patients based on 159 

KNHIS data (Fig. 1). The deep neural network is composed of multiple hidden layers between 160 
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an input layer and an output layer. The multiple hidden layers enable the modeling of complex 161 

nonlinear relationships through the learning function of a high-level layer formed by combining 162 

the features of the lower layer, and learning complex functions mapping the input to the output 163 

from data33. Among the 75 features extracted from KNHIS, we used 4 demographic information, 164 

31 medical histories, and 13 health examination features, which were considered statistically 165 

significant through regression analysis. The dataset was divided into 6:2:2 as training, 166 

validation, and test set, respectively. We used 452,971 (stroke = 37,336, non-stroke = 415,635) 167 

samples for training the model, 150,989 (stroke = 12,445, non-stroke = 138,544) samples for 168 

validation, and 150,989 (stroke = 12,445, non-stroke = 138,544) samples for testing at each 169 

fold. Then, the self-attention mechanism was applied to the deep learning model. The self-170 

attention mechanism improves the prediction performance by estimating the importance of the 171 

feature34. Input features were fed to the fully-connected and the softmax layers to calculate the 172 

self-attention scores. 173 

𝑎 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑔(𝑋)) (4) 174 

where X is the selected input features, and g (∙) is the fully-connected layer without activation. 175 

g (∙) can be represented as below. 176 

g(𝑥) = 𝑊𝑥 + 𝑏 (5) 177 

where W=[w1, w2,…, wn] is the weight matrix, and b is the bias of each unit. In this study, the 178 

output of linear operator g (∙) is the same size as the input; therefore, W∈ℝ48×48 and b∈ℝ48. g 179 

(∙) is then fed into the softmax function which return a vector of numbers with equal to one. 180 

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑧) = 𝑒𝑧𝑖∑ 𝑒𝑧𝑖𝑖   (6) 181 

Then, the component-wise multiplication between input features and self-attention score 182 
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vector was performed.  183 

o = a ⊙ X (7) 184 

where ⊙ is the component-wise multiplication operator. Then, we concatenated the output 185 

vector o and input features x as [oi ; xi]. The concatenated vector was used to train the three-186 

layer fully-connected neural network for predicting the stroke risk of AF patients. 187 

The fully-connected network was constructed using several techniques. We applied the 188 

Rectified Linear Unit activation function for all hidden units to alleviate gradient vanishing. To 189 

compensate for the imbalance ratio between stroke groups and non-stroke groups, weight 190 

balancing was used to ensure that groups of strokes with a small number of samples contribute 191 

equally to overall losses. Batch normalization, which enables a stable learning by alleviating 192 

the difference in weight, was applied to the input layer to improve the learning speed, reduce 193 

overfitting, and avoid gradient vanishing35. As a loss function for gradient descent, a binary 194 

cross-entropy loss function was used for binomial classification problems. Also, the ADAM 195 

optimizer was used to optimize the loss function by adjusting the direction and step-size 196 

settings36. We applied early stopping which is a regularization technique to prevent the 197 

overfitting in the iterative procedure of gradient descent37,38. The model was trained for 2,000 198 

epochs with early stopping (patience = 30).  199 

 200 

Results 201 

General characteristic of the study population 202 

From June 2005 to March 2013, a total of 754,949 patients were diagnosed with AF, of which 203 

62,226 (8.24%) were diagnosed with stroke five years after diagnosis of AF (Table 1). The 204 

https://www.nejm.org/doi/full/10.1056/NEJMoa1311376
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CHA2DS2-VASc score ranged from 0 to 9, indicating that the risk increases as the score 205 

increases. The mean CHA2DS2-VASc score of the non-stroke group was 2.15 points, and the 206 

stroke group was 3.01 points. As expected, it was confirmed that the stroke group had higher 207 

CHA2DS2-VASc scores than the non-stroke group. Next, we checked the individual risk factors 208 

of CHA2DS2-VASc scores, including five medical history factors, age, and sex. It was 209 

confirmed that the stroke group had a high proportion compared with the non-stroke group for 210 

the medical history of five diseases considered in the CHA2DS2-VASc score. The mean (±SD) 211 

age of the patients was 64.6±13.3 years in the non-stroke group and 71.5 ± 9.5 years in the 212 

stroke group. We also observed that the stroke group had a higher proportion of patients aged 213 

from 65 to 74 years and above 75 years than the non-stroke group. Regarding sex, the non-214 

stroke group had a higher proportion of males (59.21%), whereas the stroke group had a higher 215 

proportion of females (50.34%). These results indicate that the CHA2DS2-VASc score reflects 216 

the characteristics of stroke because it gave a high score for the five medical history features, 217 

elderly, and women in the stroke group. However, the difference between the two groups was 218 

not significant, and the proportion of patients who scored five or higher in the stroke group did 219 

not reach 20%. 220 

 221 

Statistical analysis 222 

We used coefficient values of logistic regression to identify the features related to stroke 223 

occurrence. The p-value for each feature tests the null hypothesis that the feature does not 224 

correlate with the occurrence of stroke. In this study, we set the significance of the p-value as 225 

0.001. The results showed that age, sex, and occupational status were important factors in 226 

demographic information. We identified important features from medical history, including 227 

thyroid diseases, other cardiac arrhythmias, chronic lower respiratory diseases, hemolytic 228 

https://statisticsbyjim.com/glossary/p-value/
https://statisticsbyjim.com/glossary/null-hypothesis/
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anemia, cancer, hemorrhoids, diabetes mellitus, hypertensive diseases, chronic kidney diseases, 229 

heart failure, hyperlipidemia, peripheral vascular disease, gout, noninflammatory gynecological 230 

problems, pulmonary embolism, and chronic gastritis. Also, vitamin K antagonists, direct 231 

thrombin inhibitors, heparin group, and enzymes were important features in the history of using 232 

antithrombotic agents. 233 

Significant features found by the p-values through tests were analyzed based on coefficient 234 

(β), Wald chi-square (W), and odds ratio (OR) with 95% confidence interval (CI) (Table 2). 235 

Based on the regression coefficient values, we found that antithrombotic enzyme agent 236 

(β=1.114), transient cerebral ischemic attacks (β=0.7286), direct thrombin inhibitors (β 237 

=0.4592), platelet aggregation inhibitors excluding heparin (β=0.2959), vitamin K antagonist 238 

(β=0.2442), hemorrhagic stroke (β=0.1965) are significant features that have a positive 239 

correlation with the dependent variable. However, operation history (β=-0.4513), pulmonary 240 

embolism (β=-0.2693), and occupation status (employed) (β=-0.1518) are significant features 241 

that have a negative correlation with the dependent variable. Based on Wald chi-square, age 242 

(W=3650.57), transient cerebral ischemic attacks (W=3560.38), antithrombotic enzyme agent 243 

(W=1121.48), platelet aggregation inhibitors excluding heparin (W=818.36), vitamin K 244 

antagonist (W=627.71), sex (male) (W=282.44), hypertensive diseases (W=176.22), occupation 245 

status (employed) (W=155.46), operation history (W=148.14), diabetes mellitus (W=140.23), 246 

and direct thrombin inhibitors (W=107.80) are significant features. Through the odds ratio (95% 247 

confidence interval [CI]), we found that antithrombotic enzyme agents (OR=3.046), transient 248 

cerebral ischemic attacks (OR=2.072), direct thrombin inhibitors (OR=1.583), platelet 249 

aggregation inhibitors excluding heparin (OR=1.344), vitamin K antagonist (OR=1.277), and 250 

hemorrhagic stroke (OR=1.217) had significantly high odds. These statistically significant 251 

features were used to train the deep neural network. 252 
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 253 

Predicting stroke risk in patients with AF  254 

Our method predicts the stroke risk in AF patients based on KNHIS data. We evaluated the 255 

average area under the curve scores of the receiver operating characteristic (AUROC) and 256 

accuracy to assess the predictive performance. We tested the performance for four different 257 

types of input feature sets: (i) using all features; (ii) using demographic features only; (iii) using 258 

medical history features only; and (iv) using health examination features only (Fig. 2a). From 259 

the results, we found that using all features (AUROC=0.724) exhibited better performance than 260 

using a single feature set only (AUROC=0.614~0.681). These results indicate that the proposed 261 

model considers the complex associations of large-scale feature sets. Furthermore, we 262 

compared the prediction performance of our method with the CHA2DS2-VASc scores (Fig. 2b). 263 

For this, we first checked the CHA2DS2-VASc scores of the subjects in this study (Table 1). 264 

When calculating the AUROC of the CHA2DS2-VASc scores, a value of 0.645 was confirmed. 265 

These results showed that the prediction performance of the proposed method is better than that 266 

of the CHA2DS2-VASc scores. 267 

The model output can be interpreted as an approximate probability of stroke occurrence and 268 

has a value between 0 and 1. In general, the decision threshold that predicts stroke occurrence 269 

based on the model output value is often 0.5. However, the default threshold may not represent 270 

an optimal interpretation of the predicted probabilities39. In this study, the class distribution of 271 

the dataset is skewed, and predicted probabilities are not calibrated. This is a classification 272 

problem with imbalanced classes40. To solve this, we identified the optimal threshold value of 273 

the model output to judge the occurrence of stroke. We calculated the F1-scores, which is the 274 

harmonic mean of precision and recall, by changing the threshold of the model output. The best 275 

performance (F1-score = 0.225) was when the threshold value was 0.513. Next, the accuracy 276 
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of our method was compared using all features with the method using a single feature set only. 277 

The result showed that using all features has the best performance (accuracy=0.842) compared 278 

to using a single feature set only (accuracy=0.781–0.807). 279 

 280 

Discussion 281 

AF is the most common sustained arrhythmia. CHADS2 and CHA2DS2-VASc scores are the 282 

most popular methods for predicting stroke risks in patients with AF. However, these scores 283 

may not be enough to predict the incidence of stroke as they only use five to seven features 284 

based on limited information. Previous studies demonstrated that the pathogenesis of stroke in 285 

AF patients is complex and involves various factors, such as hypertension, diabetes, dementia, 286 

and obesity41,42. Moreover, based on KNHIS data, this study found that 32 features were 287 

statistically significantly associated with stroke. Therefore, more accurate predictions will be 288 

possible if the information from stroke patients with AF can be completely utilized.  289 

The EMR data accumulated in the hospital applies to this approach because it contains 290 

various medical information about patients. However, sharing or releasing EMR data is very 291 

difficult owing to privacy and confidentiality issues43,44. Therefore, there is a limit to analyzing 292 

past medical information of patients who have used several hospitals. In recent years, the 293 

Observational Health Data Sciences and Informatics (OHDSI) project has been attempting to 294 

standardize and expand the EMR information of hospitals; however, it is currently being 295 

conducted only for a few hospitals, and technical and institutional improvements are needed45. 296 

In Korea, the records of diagnosis and prescriptions generated by all medical institutions are 297 

collected by KNHIS. Therefore, it is possible to develop and apply a model with high coverage 298 

by utilizing KNHIS data. In this study, a machine learning method was applied based on this 299 

data. The validation results showed that performance improved when predictions were made 300 
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using various types of information, including demographic, medical history, and health 301 

examination. Most risk prediction methods were developed in different cohort studies46. They 302 

are not suitable for the Korean population as their clinical trial cohorts include information on 303 

people from different races. This study is significant as the prediction model was developed by 304 

considering the characteristics of the Korean population with high accuracy and coverage. 305 

 306 

Conclusions 307 

This study proposes a new model to predict stroke risk in patients with AF. To prevent stroke, 308 

a system must be established to warn of risks. This study predicted stroke risk in AF patients 309 

based on a machine learning approach by utilizing the massive and complex KNHIS data. The 310 

validation results showed that the proposed machine learning model has high accuracy, 311 

sensitivity, and specificity compared to CHA2DS2-VASc scores. The outcomes of this study are 312 

significant because, as part of preventive medicine, patients with AF can prepare for stroke 313 

prevention based on the predicted risk values.  314 
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 446 

Figure legends 447 

 448 

Figure 1. A systematic overview of the deep neural network-based model that predicts 449 

stroke risk in AF patients. Demographic, medical history, and health examination information 450 

was used as input, and occurrence of stroke in AF patients was used as output. We calculated 451 

attention scores for the input features and concatenated the attention scores with input features. 452 

The stroke risk was predicted by a three-layer fully-connected neural network with non-linear 453 

activation function. 454 

 455 

Figure 2. AUROC value of models generated from different datasets and methods. (a) We 456 

compared the AUROC performance of the proposed method for four different input datasets, 457 

including all features, demographic feature only, medical history features only, and health 458 

examination features only. (b) We compared the performance of our method with the CHA2DS2-459 

VASc scores. 460 

  461 
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Tables 462 

Table 1. Baseline characteristics of the study cohort. We analyzed patients with AF according 463 

to the stroke and non-stroke groups. 464 

 Non-stroke patients 
(n = 692,723) 

Stroke patients 
(n = 62,226) 

CHA2DS2-VASc scores   

0 105,511 (15.23) 3,416 (5.49) 
1 169,613 (24.48) 8,912 (14.32) 
2 156,863 (22.64) 13,174 (21.17) 
3 124,433 (17.96) 14,055 (22.59) 
4 77,692 (11.22) 11,071 (17.79) 
5 36,049 (5.2) 6,210 (9.98) 
6 15,303 (2.21) 3,427 (5.51) 
7 5,879 (0.85) 1,565 (2.52) 
8 1,275 (0.18) 356 (0.57) 
9 105 (0.02) 40 (0.06) 

Medical history   

Heart failure 92,580 (13.36) 11,301 (18.16) 
Hypertension 335,126 (48.38) 36,252 (58.26) 
Diabetes mellitus 122,587 (17.70) 13,802 (22.18) 
Stroke/TIA/thromboembolism 79,456 (11.47) 15,759 (25.33) 
Vascular disease 47,126 (6.8) 5,561 (8.94) 

Age   

Age ≥75 106,976 (15.44) 16,682 (26.80) 
Age 65-74 184,629 (26.65) 19,907 (31.99) 

Sex    

Male 410,197 (59.21) 30,900 (49.66) 
Female 282,526 (40.79) 31,326 (50.34) 

 465 

  466 
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Table 2. The result of logistic regression with maximum likelihood estimation. We 467 

calculated coefficient, standard error, and Wald chi-square for the input features. 468 

Feature Coefficient Wald chi-square 
Odds ratio (95% 

CI) 

Age 0.0427 3650.57 
1.044 (1.042-

1.045) 

Sex (Male) -0.1071 282.44 
0.807 (0.787-

0.828) 
Occupation status 

(Unemployed) 0.0733 54.16 
1.009 (0.985-

1.035) 
Occupation status 

(Employed) -0.1518 155.46 0.806 (0.78-0.833) 

Thyroid diseases 
(ICD-10:E00~E07) -0.0658 15.24 

0.936 (0.906-
0.968) 

Other cardiac arrhythmias 

(ICD-10: I44, I45, I47, I49) -0.1266 88.18 
0.881 (0.858-

0.905) 
Hemolytic anemias 

(ICD-10: D55~D59) -0.1024 15.40 0.903 (0.858-0.95) 

Cancer 
(ICD-10: C00~C97, 

D00~D90, D37~D48) 
-0.1502 79.59 

0.861 (0.833-
0.889) 

Hemorrhoids 

(ICD-10: I84, K64) -0.0955 19.54 
0.909 (0.871-

0.948) 
Diabetes mellitus 

(ICD-10: E10~E14) 0.1473 140.23 
1.159 (1.131-

1.187) 
Hypertensive disease 

(ICD-10: I10~I16) 0.1465 176.22 
1.158 (1.133-

1.183) 
Chronic kidney disease 

(ICD-10: N18, N19) -0.147 20.26 0.863 (0.81-0.92) 

Hyperlipidemia 

(ICD-10: E78) -0.0634 14.76 
0.939 (0.909-

0.969) 
Peripheral vascular disease 

(ICD-10: I70~I73) 0.0999 35.50 
1.105 (1.069-

1.142) 
Chronic gastritis 

(ICD-10: K21, K25~K29) -0.0562 36.52 
0.945 (0.928-

0.963) 
Hemorrhagic stroke 

(ICD-10: I60~I62) 0.1965 29.99 
1.217 (1.134-

1.306) 
Transient cerebral ischemic 

attacks 

(ICD-10: G45) 
0.7286 3560.38 

2.072 (2.023-
2.122) 

Gout 
(ICD-10: M10) 0.0813 12.74 1.085 (1.037) 

Benign prostatic hyperplasia 

(ICD-10: N40) -0.0855 37.64 
0.918 (0.893-

0.943) 
Chronic lower respiratory 

diseases 

(ICD-10: J40-J47) 
-0.0486 27.40 0.953 (0.935-0.97) 



21 

 

Noninflammatory 
gynecological problems 

(ICD-10: N81, N84~N90, 
N93, N95) 

-0.0823 16.55 
0.921 (0.885-

0.958) 

Pulmonary embolism 

(ICD-10: I26) -0.2693 13.88 0.764 (0.663-0.88) 

Heart failure 

(ICD-10: I50) 0.0878 42.95 
1.092 (1.063-

1.121) 
Vitamin K antagonist 
(ATC code: B01AA) 0.2442 627.71 

1.277 (1.252-
1.301) 

Heparin group 

(ATC code: B01AB) 0.1145 94.64 
1.121 (1.096-

1.147) 
Platelet aggregation 

inhibitors excluding heparin 

(ATC code: B01AC) 
0.2959 818.36 

1.344 (1.317-
1.372) 

Antithrombotic enzyme 
agents 

(ATC code: B01AD) 
1.114 1121.48 

3.046 (2.854-
3.252) 

Direct thrombin inhibitors 

(ATC code: B01AE) 0.4592 107.80 
1.583 (1.451-

1.726) 

Hospitalization history 0.0447 18.78 
1.046 (1.025-

1.067) 

Operation history -0.4513 148.14 
0.637 (0.592-

0.685) 
The number of patient days 0.000331 28.98 1 (1-1) 

Total medical costs 2.92E-09 17.23 1 (1-1) 
 469 

 470 



Figures

Figure 1

A systematic overview of the deep neural network-based model that predicts stroke risk in AF patients.
Demographic, medical history, and health examination information was used as input, and occurrence of
stroke in AF patients was used as output. We calculated attention scores for the input features and
concatenated the attention scores with input features. The stroke risk was predicted by a three-layer fully-
connected neural network with non-linear activation function.

Figure 2



AUROC value of models generated from different datasets and methods. (a) We compared the AUROC
performance of the proposed method for four different input datasets, including all features,
demographic feature only, medical history features only, and health examination features only. (b) We
compared the performance of our method with the CHA2DS2-VASc scores.


