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Abstract  

Background  

China faced the most significant challenge from stroke because it imposes a 
heavy burden on families, national health services, social services, and the 
economy. The length of hospital stay (LOS) was an essential indicator of 
utilization of medical services and was usually used to assess the efficiency of 
hospital management and patient quality of care. This study established a 
prediction model based on the machine learning algorithm to predict the 
ischemic stroke patients' LOS. 
 

Methods 
A total of 18,195 ischemic stroke patients' electronic medical records and 28 
attributes were extracted from electronic medical records in a large 
comprehensive hospital in China. After preprocessing the data and feature 
selection, the XGBoost algorithm was used for building a machine learning 
model. The 10-fold cross-validation was used for model validation. The 
accuracy (ACC), recall rate (RE) and F1 measure were used to evaluate the 
performance of the prediction model of LOS of ischemic stroke patients. Finally, 
the XGBoost algorithm was used to identify and remove irrelevant features by 
ranking all attributes based on feature importance. 
  

Results 

The average ACC, RE and F1 measure were 0.96, 0.82 and 0.79, respectively, 
under the 10-fold cross-validation. According to the analysis of the importance 
of features, the LOS of ischemic stroke patients was affected by demographic 
characteristics, past medical history, admission examination features, and 
operation characteristics. Finally, the features, including NIHSS, MRS, 
Hemiplegia aphasia, age, BMI and TIA etc. were found to be the top ten features 
in importance in predicting the LOS of ischemic stroke patients. 
Conclusions 

The XGBoost algorithm was an appropriate machine learning method for 
predicting the LOS of patients with ischemic stroke. Based on the prediction 
model, an intelligent medical management prediction system could be 
developed to predict the LOS based on ischemic stroke patients' electronic 
medical records.     

 

Key words Ischemic stroke; XGBoost algorithm; Length of hospital stay 
(LOS); Machine Learning (ML) Model 
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1. Background 

Stroke, as the second most common cause of death worldwide and the leading cause of 
acquired disability in adults, was a kind of acute cerebrovascular disease characterized 
by the focal neurological deficit, mainly including ischemic stroke and hemorrhagic 
stroke[1, 2]. Stoke had become the second most fatal disease in the world and its 
disability-adjusted life years (DALYs) and the years of life lost (YLLs) due to stroke 
ranked third globally [3, 4]. China faced the biggest stroke challenge from stroke in the 
world. In China, cerebrovascular disease's mortality rate was 149.49 per 100 000, 
accounting for 1.57 million deaths in 2018[5]. The 2016 global burden of disease (GBD) 
study estimated that the estimated lifetime risk of stroke in China from 25 was the 
highest, as high as 39.3% [4].  

Ischemic stroke, which is the most common stroke type and accounts for 70 %-80 % of 
strokes, was caused by cerebral artery occlusion [6]. In China, the incidence rate of 
ischemic stroke has been rising, especially for young people under 45 years old, which 
has brought a heavy burden to the family, national health, social services, and economy 
[7, 8]. The increasing trend of ischemic stroke incidence rate was young patients, rather 
than the elderly, which had caused a heavier social and economic burden. It had 
previously been reported that among the Chinese aged 15-45, the incidence of stroke 
were between 18-142 per 100,000 in male and between 23-95 per 100,000 in female, 
and between 9.77-13.44% for all stroke patients in China were under 45 years of age 
[9]. Although the management of ischemic stroke had improved over time, it came with 
a high economic burden. In 2013, the results of the particular investigation of 
cerebrovascular disease epidemiology showed that the weighted rate of ischemic stroke 
was 854.5/10 million, the weighted rate was 166.9/10 million, and the death weighted 
rate was 56.5/10 million, regardless of the prevalence rate (155%) or the incidence rate 
(31.6%) all increased significantly[10]. According to the data, in 2017, the average 
hospitalization expenses of ischemic stroke patients in China were 18525 yuan, an 
increase of 118％ compared with 2007 and the average annual growth rate of ischemic 
stroke far exceeded the growth rate of GDP[11]. More than half of the costs associated 
with ischemic stroke were related to hospitalization. Notably, one of the best predictive 
markers for hospitalization expenses among stroke patients was length of hospital stay 
(LOS). Therefore, it was reasonable to focus on sustainable quality improvement efforts 
to reduce LOS. Accurate prediction of LOS had become increasingly important for 
health care systems, and reducing the LOS had the potential for considerable savings 
in the public hospital system. Previous studies showed that LOS was associated with 
stroke severity, complications during the hospital stay, stroke subtype, course of 
diseases, treatment, hypertension, diabetes mellitus, and smoking, age etc. At present, 
studies mainly focused on the analysis of influencing factors of hospitalization costs for 
ischemic stroke, and further studies on the prediction of LOS were relatively few[12, 
13]. The existing studies were mainly based on traditional statistical analysis methods, 
and the research starting from data mining methods was lagging behind[14]. The 
existing studies mainly based on traditional statistical analysis methods, and the 
research starting from data mining methods was relatively lagging behind. However, 
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with intelligent medical technology development, data mining has been widely used in 
the medical field due to its advantages of efficiently extracting value information from 
massive medical data. Therefore, this study aimed to establish a prediction model based 
on the machine learning algorithm to predict ischemic stroke patients’ LOS.  

The benefits of measuring hospital service level were economical and extended to other 
medical care aspects, including patients themselves. First, predicting LOS enabled 
hospitals to identify patients with a high risk of long-term hospitalization and then use 
the optimized treatment plan to treat them or carry out early intervention to prevent 
other complications. Second, predicting LOS could lead to earlier discharge to the home, 
or a cheaper medical institution supported by community nurses and doctors. 
Specifically, as an important index to measure inpatients' resource consumption, 
accurately predicting patients' service level provides a better management means for 
the hospital to improve the utilization rate of resources. Therefore, predicting patients’ 
LOS could help medical service institutions enhance patient satisfaction, make more 
effective use of human resources and facilities, reduce treatment costs and improve 
sustainability. 
In recent years, a major contributor to realizing these improvements in health care 
outcomes had been the increasing use of big data analytics. Previous studies employed 
data analytic approaches, such as regression methods, naive Bayes, multi-layer neural 
network (MLP), K-Nearest Neighbors (KNN) algorithm, classification and regression 
tree (CART) and support vector regression, to develop a model for the early prediction 
of patients' LOS [15-17]. The objective of this study was to describe the development 
and validation of a new machine learning model to predict the LOS of patients at the 
time of admission. 
The XGBoost (Extreme Gradient Boosting) algorithm, a machine learning algorithm, 
could improve the integration of multiple decision trees by using the gradient promotion 
method, which has the characteristics of high accuracy, difficulty in overfitting and 
scalability. The XGBoost also could deal with high-dimensional sparse features in a 
distributed manner. At present, the XGBoost algorithm had been widely used in fields 
such as short-term passenger demand, fault monitoring and commercial default 
prediction [18-20]. In recent years, the XGBoost algorithm had been gradually applied 
in the field of health care. and had been involved in the prediction of fraud risk, heart 
disease, pneumonia, diabetes and cardiovascular disease and other aspects [21, 22]. 
Therefore, it was feasible and practical to apply the XGBoost algorithm to predict of 
hospitalization days of ischemic stroke patients. 
This study aims to establish an integrated prediction model based on the XGBoost 
algorithm to predict the LOS of ischemic stroke patients so as to provide better decision 
support for hospital management of medical resources and doctors' choice of the 
treatment plan, thus saving the treatment costs of patients in the hospital and improving 
the later rehabilitation effect. 

 

2. Methods 

Several steps were used in this study, as showed in Figure.1.  

(1) The medical record attributes of ischemic stroke patients were extracted from 
electronic medical records.  
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(2) Several methods were used for data pre-processing. 
(3) Feature selection was used for selecting the key subset of features to reduce the 

dimensionality of the training problem. 
(4) The XGBoost algorithm was used for building a machine learning (ML) Model. 
(5) The 10-fold cross-validation method was used for model validation. 
(6) Selected features for building the model for predicting LOS. 
 

2.1 The dataset 
The dataset of this study included adult patients who were admitted between 2017 and 
2018 in the Cangzhou Central Hospital in Hebei Province, China. A total of 18,195 
cardiac patients’ records and 28 attributes were extracted from electronic medical 
records. These attributes were collected prospectively by experienced physicians and 
trained nurses. The attributes of the dataset included demographic characteristics, past 
medical history, admission examination characteristics and operation characteristics. 
Admission diagnosis and the primary treating physician were reviewed to verify 
selection criteria. This study included all patients who were admitted to the cardiac 
wards under the clinical cardiology service. Patients who were admitted under other 
services in the cardiac wards for non-cardiac-related admitting diagnosis were excluded. 
 

The attributes were selected in the final model based on their information gain. The 
LOS was determined by subtracting the discharge date from the admission date. 
According to the medical research, the length of hospitalization for ischemic stroke in 
the range of 7-14 days was a protective factor for the adverse outcome after discharge. 
Meanwhile, in combination with the provisions of China's medical insurance policy, 
the length of hospitalization for ischemic stroke in the range of 1-7 days, 8-14 days, and 
more than 14 days were discretized for prediction, and the data ratio of the three types 
was 1.7:3.9:1.  

 

By eliminating the invalid variables, missing value filling and data integration, 28 
characteristic variables and label variables of length of stay were extracted, and 18,195 
training samples of ischemic stroke patients were collected, forming a 28×18195 
feature-sample training data set matrix. The 28 characteristic variables could be divided 
into demographic characteristics, past medical history, admission examination 
information and operation features, and the specific features were shown in Table 1. 
 

The LOS for each inpatient admission was calculated by subtracting the date and time 
of admission from the date of discharge. The time elapsed between the previous 
inpatient admission and the current index admission was calculated by the date 
difference between them. 
 

2.2 Data pre-processing 

Since the data of ischemic stroke patients were manually entered, there might be 
missing values, abnormal values, repeated values, etc. These abnormal data affected the 
real information in the model learning data and had adverse effects on the final 
performance of the model. Therefore, the data should be preprocessed before model 
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training. A few data pre-processing steps were taken before analyzing the data: 
(1) All records of the same patient were merged if the patient had multiple 

hospitalizations on the same day to the same medical unit. That applied to both 
medical and surgical inpatients. 

(2) Admissions that were recorded as having occurred within 24 hours of the 
immediately prior index discharge were excluded from the admission set. 

(3) Missing value referred to the missing data caused by data loss in the process of data 
entry or extraction. There were two ways to deal with the missing value. For the 
features with more missing values, the deletion operation was usually used, and the 
features with less missing values could be filled by means of means, modes, median 
and other methods. In this study, the missing values in the data of patients with 
ischemic stroke were less, so the mean value was used by the row fill method.  

(4) Abnormal value referred to that the data in a feature was far beyond the feature’ 
overall distribution. In practice, it might be caused by an error in the input, and the 
abnormal value might have a significant impact on the prediction results. When the 
dimensions and orders of magnitude of different features were different, using the 
original data would make the algorithm biased to additional features, affecting the 
prediction performance of the model. Therefore, this study used standard 
normalization to standardize the data. 

(5) Inconsistent and/or erroneous components, such as age discrepancies, or a 
discharge date that preceded the admission date, were excluded. 

(6) The dataset was separated randomly into a training set of 14556 admissions (80%), 
and a test (holdout/validation) set of 3639 admissions (20%). 

 

2.4 Build ML Model using the XGBoost Algorithm 

 

The ML model was developed and validated using the data set consisting of patients 
with complete data (98.2 % of the full dataset) to compare the modeling procedures 
with an identical patient population. We used an 80/20 random split for the training and 
testing datasets. 
 

2.4.1 The XGBoost algorithm 

In this study, the XGBoost (Extreme Gradient Boosting) algorithm was used to build 
the model that achieves the best performance for our purpose.  

The XGBoost algorithm, which was improved by T.Q.Hen in 2015 basing on the 
Gradient Boosting Decision Tree, was based on CART classification and regression tree, 
whose main idea was to generate a base learning device based on the selection of partial 
sample features, segment fitting residual in the process, and finally form a 
comprehensive model for prediction. 
A single CART tree could train the corresponding prediction score of F (Xi) for each 
sample. The XGBoost algorithm was an additive model obtained by integrating the 
prediction results of multiple carts, as shown in Equation (1). 𝑦�̂� = 𝜙(𝑋𝑖) = ∑ 𝑓𝑘(𝑋𝑖),𝐾

𝑘=1  𝑓𝑘 ∈ 𝐹 (1) 
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Xi represents the ith hospitalized patients with ischemic stroke. 𝑦�̂�  represents the 
predicted results of 𝑋𝑖. K represents all cart tree based learners and F was the space of 
the CART tree. According to Equation (1), the XGBoost algorithm maps it to the 
corresponding leaf node by applying K CART decision rules, and adds up the mapping 
scores of each leaf node to obtain the final classification prediction score of the sample. 
The XGBoost algorithm of the objective function includes two parts. The first part of 
predicted value 𝑦�̂� with real value 𝑦𝑖 between training errors, measured by its model 
was in accordance with the law of training data. The second part was the penalty term 
of model complexity, namely regularization function, so as to avoid model overfitting 
and make the model more robust. The objective function was shown in Equation (2). Obj(Θ) = L(Θ) + Ω(Θ) = ∑ 𝑙(𝑦𝑖 , 𝑦�̂�)𝑛

𝑖=1 + ∑ Ω(𝑓𝑘)𝐾
𝑘=1  (2) 

This algorithm used the iterative method to solve the model, starting from the constant 
prediction, and each iteration added a new function to the model. 𝑦�̂�(𝑡) represents the 
ith sample's prediction score in the t-th iteration, as shown in Equation (3). 𝑦�̂�(𝑡) = ∑ 𝑓𝑘(𝑥𝑖)𝑡

𝑘=1 = 𝑦�̂�(𝑡−1) + 𝑓𝑡(𝑥𝑖) (3) 

In each iteration, 𝑓𝑡(𝑥𝑖)  was obtained by optimizing the objective function, as shown 
in the Equation (4). Obj(𝑡) + ∑ Ω(𝑓𝑖) =𝑡

𝑖=1  ∑ 𝑙 (𝑦𝑖, 𝑦�̂�(𝑡−1) + 𝑓𝑡(𝑥𝑖)) +𝑛
𝑖=1 Ω(𝑓𝑡) (4) 

 

The XGBoost algorithm used Taylor's second-order expansion to optimize the objective 

function. If the first derivative 𝑔𝑖  ∂𝑦�̂�(𝑡−1)𝑙(𝑦𝑖 , 𝑦�̂�(𝑡−1))  and the second derivative ℎ𝑖  ∂2𝑦�̂� (𝑡−1)𝑙(𝑦𝑖 , 𝑦�̂�(𝑡−1))   were defined, the approximate objective function can be 
obtained, as shown in the Equation (5) 

 Obj̃ (𝑡) ≅ ∑[𝑔𝑖𝑓𝑡 (𝑥𝑖) + 12 ℎ𝑖𝑛
𝑖=1 𝑓𝑡 2(𝑥𝑖)] + Ω(𝑓𝑡) (5) 

 

In the objective function, Ω(𝑓𝑡) = γT + 12 𝜆 ∑ 𝜔𝑗2𝑇𝑗=1  was a regularization term, which 
defines the complexity penalty term according to the number T of leaf nodes and the 
weight of the leaf nodes. Here, γ and λ were the penalty coefficients of them to control 
the degree of regularization. 
Finally, define the sample set in each leaf as 𝐼𝑗 = {𝑖|𝑞(𝑋𝑖) = 𝑗} , then the objective 
function can be rewritten according to the leaf node, as shown in Equation (6). 
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Obj(𝑡) = ∑[(∑ 𝑔𝑖𝑖∈𝐼𝑗 )𝜔𝑗 + 12 (∑ ℎ𝑖 + 𝜆𝑖∈𝐼𝑗 )𝜔𝑗2𝑇
𝑗=1 ]  + γT (6) 

If 𝐺𝑗 is defined as 𝐺𝑗 = ∑ 𝑔𝑖𝑖∈𝐼𝑗  and  𝐻𝑗 = ∑ ℎ𝑖𝑖∈𝐼𝑗 ，there was：  Obj(𝑡) = ∑[𝐺𝑗 + 12 (𝐻𝑗 + 𝜆)𝜔𝑗2𝑇
𝑗=1 ] + γT (7) 

 

 

If the structure of the t-th tree was given as 𝑞(𝑋), the optimal weight of leaves could 
be obtained from the partial derivative formula  ∂𝜔𝑗Obj(𝑡) = 0 as 𝜔𝑗∗ = − 𝐺𝑗𝐻𝑗+𝜆, 
and then the optimal objective function was shown in Equation (8). 

Obj(𝑡) = − 12 ∑ 𝐺𝑗2𝐻𝑗 + 𝜆𝑇
𝑗=1 + γT (8) 

2.4.2 Training and Test 
For the training process, to ensure the same splits for all algorithms, we partitioned the 
(randomly reordered) training data set (80% of the whole sample) into 10 parts with an 
equal number of observations in each part. We indexed the observations in each part, 
so the index runs from 1 to 10; after that we took the part 1 to test the model and the 
other 9 parts to train the model (part 2 to part 10). This procedure was repeated taking 
part 2 to test the model and the other 9 parts to train the model, and so on, until we 
reached part 10. Hence, we obtained the trained model from a 10-fold cross-validation. 
After that, we used the hold-out testing data set (20% of the whole sample) to calculate 
the AUC and its standard error with the analytical formula of Hanley and McNeil (1982). 
2.4.3 Model building 

The 10-fold cross-validation was used to train the model of hospitalization days of 
cerebral infarction. The main steps of model building were as follows: (1) The data set 
Dxi of patients with cerebral infarction was divided into 10 mutually exclusive subsets 
with similar size, and the data distribution in each subgroup was as consistent as 
possible, thus 10 sample subsets Dxij (J   1,2,...) were obtained; (2) for the j-th training 
subset Dxij, it was used as the test set, and the union of the other nine sample subsets 
was used as the training set, and the XGBoost algorithm was used to train the model; 
(3) repeat the second step, train 10 sample subsets in turn, and got five base prediction 
models Mi (I   1,2,...); (4) using bagging integration idea, the average value of the 
performance measures of the five prediction models was used as the performance index 
of the prediction model of Ischemic stroke hospitalization days; (5) the grid search of 
sklearn Gridsearchcv in Python was used to determine the parameters in the model, and 
finally the prediction model of Ischemic stroke hospitalization days was obtained. The 
results were shown in Table.2 

 

2.5 Model evaluation and validation 
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In this paper, combined with medical research and China's medical insurance policy, it 
is a typical three classification problem to convert the length of stay of ischemic stroke 
into discrete variables of three stages. The definition of prediction results (i   1,2,3; j   
1,2,3) represents the number of samples predicted from class i to class j, where I 
represent the real value category of the sample, and j represents the category of the 
predicted value of the sample. In this paper, the accuracy (ACC), recall rate (RE) and 𝐹1 measure were used to evaluate the performance of the prediction model of LOS of 
ischemic stroke patients. 𝐴𝐶𝐶 = ∑ 𝑃𝑖𝑗3

𝑖=𝑗=1 ∑ 𝑃𝑖𝑗3
𝑖,𝑗=1⁄  (9) 

𝑅𝐸 = 13 ∑ 𝑃𝑖𝑗3
𝑖=𝑗=1 ∑ 𝑃𝑖𝑗3

𝑗=1⁄  (10) 

𝐹1 = 2 ∗ 𝑅𝐸 ∗ 𝑃𝑅𝐸 (𝑅𝐸 + 𝑃𝑅𝐸⁄ ) (11) 

 

2.6 Relevant features ranking 

 

The information gain method was used to determine the most important features, which 
can significantly affect the accuracy of the model. The technique could sort all attributes 
according to their importance and identify and remove irrelevant features. 

3. Results 

3.1 The baseline characteristics of patients with ischemic stroke among different 
LOS group. 
A total of (18,195) cardiac visits for patients with ischemic stroke who were admitted 
to the cardiac center from 2017 and 2018 were analyzed. Of these, the baseline features 
were shown in Table 3.  

 

3.2 The performance of the different machine learning models evaluated 

In this study, the data sets of patients with ischemic stroke were predicted 10 times on 
the prediction model to verify the stability of the model. The three evaluation indexes 
of the prediction results were shown in Table 4. 

 

Among them, the ACC was 0.96, which indicates that the model had accurate prediction 
performance for LOS in each stage. The RE reached 0.82, which indicates that the 
model could better identify the hospitalization time in each stage in the data. The F1 
measure was 0.79, indicating that the model still had good performance when the 
comprehensive recall rate and accuracy rate were used. The standard deviation of ACC, 
RE and F1 measure were all less than 0.05, which indicates that the model has good 
stability. In conclusion, the integrated model based on the XGBoost algorithm could 
effectively predict the hospitalization days of ischemic stroke patients and provide 
positive decision support for patients and doctors. 
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3.3 The importance of predictive characteristics of hospitalization days in patients 
with Ischemic stroke 

The XGBoost algorithm was used to rank the importance of the features in the 
prediction of hospitalization days of patients with Ischemic stroke, and the number of 
times that the features were used as segmentation samples in all cart trees was taken as 
the importance index. The features including NIHSS, MRS, Hemiplegia aphasia, age, 
BMI and TIA etc. were found to be the top ten features in importance in predicting the 
LOS of ischemic stroke patients. The results was shown in Table 5. 

 

The result showed that the four features of admission NIHSS value, admission MRS 
value, whether hemiplegic aphasia and age of patients had the most significant impact 
on predicting LOS of ischemic stroke patients, and their essential characteristics were 
far more significant. Among other features, NIHSS and MRS value on admission were 
particularly important for the hospitalization days of ischemic stroke patients, ranking 
first and second, respectively. Simultaneously, it was noted that patients' demographic 
characteristics, such as age, BMI, marital status, also had a more significant impact. 
Overall, the aspects of demographic features, past medical history, admission 
examination characteristics, and operation characteristics had an essential influence on 
the LOS of patients with ischemic stroke. The features of admission examination and 
operation greatly influenced the hospitalization time of patients with ischemic stroke, 
which showed that the length of stay in patients with ischemic stroke was a 
comprehensive problem mainly affected by the degree of illness of patients was 
determined by various factors. 

 

4. Discussion 

This study aimed to develop a new machine learning-based model for predicting LOS 
at admission time for cardiac patients. The results indicated that the prediction models 
developed using XGBoost analyses have high value in predicting LOS in Chinese 
patients with ischemic stroke and the XGBoost Algorithm was an appropriate methane 
learning method for predicting LOS. 
Machine learning methods had been successfully implemented in analyzing the disease 
risk factors using structured data and had provided unique potential benefits. The results 
showed that the essential attributes that have the most decisive influence on the LOS 
were: NIHSS, MRS, Hemiplegia aphasia, age, BMI, TIA, Peripheral arterial disease, 
operation or not, marital status. Several previous studies had explored the key risk 
factors for LOS [15, 23, 24]. The study developed a model for predicting LOS, which 
provide useful information for physicians or patients to better predict patients’ LOS, 
and help the administrative department to better plan the workflow and work plan of 
the hospital.  

In the cardiac field, discovering data and relationships among various factors enables 
constructing a model that can predict LOS accurately. A precise estimation of the 
patients' LOS would be of significant value for systematically managing hospital unit 
resources (medication, equipment and beds) and personnel distribution [25]. It also 
plays an important role for performance evaluation purposes which represents 
important aspects in the new trend of performance-based budgeting. 
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Previous studies showed that no model fits all the requirement of predicting unexpected 
LOS due to the complexities of the various conditions [16, 17, 22]. More attention to 
outlier cases based on prediction at the preadmission stage results in the reduction of 
bed transfers during hospitalization. Further, understanding LOS features and 
comparing them to other patients with similar cases and shorter LOS was essential to 
address the variation in processes that lead to higher LOS. Having a better 
understanding of the features enables the development of more effective action plans to 
eliminate unnecessary procedures that would result in reduced LOS. Accordingly, it 
would reduce cost, decrease the undue burden on patients and healthcare providers. As 
a result of providing accurate prediction, hospital and health care system management 
will be more efficient. 
The model was characterized by a small number of attributes (28 attributes) yet 
provided an accurate assessment of the LOS. Besides, we were able to effectively 
predict the LOS using prospective data collected at admission time. Thus, the model 
was simple, accurate, and could be easily adopted in practice. It achieved a high 
prediction accuracy superior to the results of models adopted in previous studies. 
Therefore, the model established in this study has a strong practical value, which can 
well predict the length of stay, and then help hospital administrative staff and doctors 
to plan their working hours, and help patients and their families to make a good life 
planning.  

However, there were several limitations in the study that need to be recognized. First, 
the population included in this study covers one prefecture level city in northern China 
that might negatively impact the performance of the model. In contrast, data from other 
city or applying the model in other health organizations might have a different result. 
Second, only two years of patients' records were collected in the study. The external 
environment changes in recent two years (such as medical insurance payment, public 
hospital reform system, etc.) might significantly impact on the LOS of patients and, to 
a certain extent, affect the accuracy of the model. 

5. Conclusion 

The XGBoost algorithm was an appropriate machine learning method for predicting the 
LOS of patients with ischemic stroke. In the ML model on predicting the LOS of 
ischemic stroke patients, demographic characteristics, past medical history, admission 
examination characteristics, and operation characteristics significantly impacted 
hospitalization days. Based on the prediction model, an intelligent medical management 
prediction system could be developed to predict the LOS based on electronic medical 
records of ischemic stroke patients. 
 

6. Abbreviations 

LOS: length of hospital stay; ML: machine learning; ACC: Accuracy; RE: Recall Rate  

XGBoost: Extreme Gradient Boosting; TIA: Transient ischemic attack; MRS: Modified 
Rankin Scale; NIHSS: National Institute of Health stroke scale;  
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