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Abstract

Rationale, aims and objectives: Intracerebral hemorrhage (ICH), the second most common cause of stroke, has a high fatality
rate. The establishment of mortality prediction models based on ICH patients and disease characteristics is very useful for
clinical decision-making and corresponding treatment methods. Therefore, we used five machine learning methods to establish
models for predicting in-hospital mortality in ICH patients and compared models’ performance. Methods: Model development
and performance comparisons were performed using the medical information mart for intensive care (MIMIC-III) database.
We took the maximum and minimum values of each index of 1143 ICH patients in the first, second and third days after
admission as the input variables of the model, and established five machine learning models including random forest (RF),
Gradient Boosting Decision Tree (GBDT), decision tree, Naive Bayes and KNN. The most important feature variables were
selected by the RF model and Least Absolute Shrinkage and Selection Operator (LASSO) method. The area under the receiver
operating characteristic curve (AUROC), accuracy, precision, recall, and F1 score were used as the assessment criteria of the
model prediction effect. Results: After 5-fold cross-validation, the AUROC of RF, GBDT, Naive Bayes, Decision Tree and KNN
models were 0.92, 0.93, 0.9, 0.89, 0.89, respectively. The performance of GBDT was better than other prediction models. The
accuracy, precision, recall, and F1 score of the GBDT model were respectively 0.87, 0.84, 0.76, and 0.79. Conclusions: There
is great potential for machine learning in mortality prediction for ICH patients in ICU. Considering the above five models, we

believe that GBDT is an appropriate tool for clinicians to predict ICH patient mortality.

1. Introduction

Intracerebral hemorrhage (ICH) is a serious disease caused by rupture of blood vessels in the brain and is
common in the intensive care unit (ICU)!!. Unlike ischemic strokes that are often preceded by a transient
ischemic attack, ICH appears suddenly without any warning [2!. Consequently, ICH is the most fatal form of
stroke 4. Two million people per year are affected by ICH, accounting for 10-15% of the world’s cerebral
stroke patients /. ICH patients’ mortality approaches 40-50%, and disability in survivors is common/®46.7],
Although much progress has been made in ICU research, clinical outcomes after ICH have not improved
significantly in the last few decades 639, Therefore, identifying potential patients to provide them early
treatment would be an effective approach to control the ICH disease.

Several prognostic tools have been proposed for mortality and functional outcome prediction in ICH. These
tools can help clinicians select the best treatment for ICH patients, facilitate communication between clini-
cians and patients, and serve as indicators for optimal allocation of medical resources in the ICU [10:11.12],
Peng et al. [13] established models such as RF, support vector machine (SVM), and logistic regression to
predict the 30-day mortality of ICH patients. Eighteen indicators including demographic information, phy-
siological characteristics, and laboratory parameters were used and the results showed that RF had the best
predictive performance. The majority of the patients included in this study are Asian, and the number of
cases (423 ICU patients) and model parameters is small, so the universality is limited.



Considering the limitations mentioned above, most of the existing prognostic tools for ICH patients have
the problems of insufficient cases or few parameters, and less research has added the temporal information
that can observe the changes of diseases and make the model prediction more accurate to the indicators of
ICH patients, which has questioned the accuracy and applicability of the model prediction!!3]. In this study,
we aim to use machine learning to develop and validate an ICH in-hospital mortality prediction model. The
publicly accessible ICU database MIMIC I was used for data selection and model development. We
added temporal information to ICH patients and analyzed broader variables that might affect mortality in
ICH patients. Then we compared random forest (RF) model with Gradient Boosting Decision Tree (GBDT),
decision tree, K-Nearest Neighbor (KNN), and Naive Bayes models. Considering the explainability, we also
used the feature importance of RF and LASSO regression to select some important features.

2. Method
2.1. Data source

In this study, we used the Medical Information Mart for Intensive Care IIT (MIMIC-IIT) 2001-2012 ("4} for the
data extraction and model development. There were 53,423patients with different diseases and the database
was included in the vital signs, drugs and laboratory measurement, observation and care providers of record,
liquid balance, program code, diagnosis, imaging report, length of hospital stays, survival data, etc. MIMIC-
IIT included almost comprehensive clinical data of patients admitted to the Beth Israel Deaconess Medical
Center in Boston, Massachusetts.

2.2. Patient selection

Patients admitted to ICU who were diagnosed with ICH (ICD-9 = 431) were eligible for inclusion. In the
MIMIC-III database, each patient has its ID (SUBJECT_ID), and each admission is reassigned with an ID
(HADM_ID). We screened out the variables of each ICH patient at the time of the last admission in the
database record period (that is, each SUBJECT_ID corresponds to a HADM_ID). After extracting, the data
of 1143 ICH patients older than 18 years were included and divided into the dead (383 people) and the alive
group (760 people).

2.3. Predictors and outcomevariables

For each ICH patient, we collected variables including, patient physiological characteristics, laboratory pa-
rameters, and CT findings. For variables with temporal information, the maximum and minimum values of
daily variables within three days after admission were extracted, and we took them as the parallel input
of the model, because we believed that these variables with time information could more directly reflect
the limiting condition of the patient’s body and had a more obvious influence on whether the patient died
or not. After consulting with experts in this area, we selected variables: Gender, marital status, ethnicity,
age, complication (high blood pressure, diabetes, ischemic heart disease, heart failure, pneumonia), and ICH
location (basal ganglia, lobe, infratentorial). In addition, variables with temporal information (the maximum
and minimum values of the first, second and third days of admission) included: systolic pressure, diastolic
pressure, mean blood pressure, heart rate, body temperature, GCS score, white blood cells, lymphocytes,
neutrophils, eosinophils, basophils, red blood cells, hemoglobin, platelet count, hematocrit, glucose, potas-
sium, sodium, creatinine, and urea nitrogen. The outcome of this study was in-hospital mortality of ICH
patients. If the variable’s missing values were more than 20% of the total, we removed it.

2.4. Preprocessing

Missing values were common in data extraction. If a patient died or was discharged on the first day (or
second day) of admission, there was no data entry on the remaining days. In that case, we assumed that
the data on the first day (or second day) could represent the data on the remaining days. Patients whose
data lacked more than 20% of the variables were removed. Other missing values were supplemented by the
median of the dead and alive group. Descriptive data are expressed as actual numbers and percentages or
mean + standard deviations. Five-fold cross-validation is used in the model. The whole group of data was
randomly divided into five pieces. One of the subsamples was retained as the test set, and the remaining



four subsamples were used as the training data. Then the cross-validation process was repeated five times.
The average of the five times generated was used to represent the performance of each model.

In order to better illustrate the relationship between variables, One-Hot Encoding is adopted to deal with
text-based variables. Since Naive Bayes is not good at dealing with data sets with different dimensions, we
standardized the data before the training to make the data conform to the standard normal distribution,
that is, the mean value is 0 and the standard deviation is 1.

2.5. Modeling

In this study, five prediction models of RF, GBDT, decision tree, KNN, and Naive Bayes models were
established and compared.

Naive Bayes is the Bayesian theory based on probability theory and mathematical statistics It is a supervised
algorithm that directly measures the probability relationship between labels and features('®). Naive Bayes’
simplicity makes the model run quickly. However, the condition of its validity is that the features of samples
are independent [*¢. That is difficult in practical application.

K-Nearest Neighbor (KNN) is a simple non-parametric classification method. Assuming the data setdto be
classified, k of its nearest neighbors was retrieved and calculated as the neighborhood of d . Whether or not
weight based on distance is considered, the category of d is usually determined by most data records in the
neighborhood!*7].

Gradient Boosting Decision Tree (GBDT) was first proposed by Jerome H.friedman ['8]. The trees in GBDT
are regression trees, which can be used for regression prediction and classification. The core of GBDT is that
each tree learns the residual (negative gradient) of the sum of all previous tree conclusions, which is the sum
of the true value after adding the predicted value.

The essence of the decision tree algorithm is the graph structure, which, like KNN| is a non-parametric
supervised learning algorithm. It can summarize decision rules from a series of data with features and labels
and present them in a tree structure. A decision tree contains root nodes, intermediate nodes, and leaf
nodes. The decision tree follows the principle of top-down segmentation!'® | which means from the root node,
the division is carried out according to the principle of minimum impurity, and the growth stops when the
number of records in the node falls below the preset threshold. The commonly used measurement methods
of impurities are Gini index and information entropy![2’!

Gini (t) =1 — X2 p(i[t)? (1)

Entropy (t) = — 31, p(i]t) log, p(ilt)  (2)

Where ¢ represents a given node, i represents any classification of labels, and p(i|t) represents the proportion
of label classification ¢ in node ¢ . Since the effect of information entropy and Gini coefficient is the same in
practical application, information entropy is selected to calculate impurities in the decision tree constructed
in this study.

Random forest (RF) is a very representative bagged ensemble algorithm. All its basic evaluators are decision
trees, and the forest composed of classification trees is the random forest classifier. Each decision tree
provides a different solution to the problem. The solutions of all the decision trees are eventually combined
(usually by voting or averaging) into a single final model output 2, which is usually a more stable and
accurate prediction. In this study, the model predicted whether a patient would die in hospital by providing
the probability of death for each patient. The probability is determined by the ratio of the decision tree with
positive results to the total number of decision trees.



For the selection of feature variables, we adopted the feature importance attribute of RF and LASSO
regression. The feature importance of RF indicates the contribution of each predictor to the model, so the
most relevant predictor can be selected to represent most of the performance of the model. Least Absolute
Shrinkage and Selection Operator (LASSO) imposes a constraint on the sum of the absolute values of the
model parameters, applying a regularization process in which it penalizes the coefficients of the regression
variables and sets some of them precisely to zero [22l. Variables with non-zero results were selected as
important variables.

2.6. Data analysis

We used MySQL and Tableau (version 2019.1.0) to extract data from MIMIC-III v1.4, and Python3.7 to
build models and process data. The working environment was PyCharm 2018.3.2.

Each of machine learning models involves a parameter-tuning process, so we used the learning curve and
grid search to select the parameters to get the best model (Table A.1 in Appendices). In this study, accuracy
rate, precision rate (P), recall rate (R), F1 score, and area under ROC curve (AUROC) were used to measure
the model performance.

Results:

A total of 1143 ICH patients were obtained from the MIMIC-III database, including 760 survivors and 383
died. Table 1 shows the clinical characteristics of patients who survived and died during hospitalization.
Table A.2 in Appendices shows the changes of physiological characteristics and laboratory parameters of
dead and alive patients over time.

First, we used all 122 variables to construct five models, and used the learning curve and grid search to
determine the optimal parameters. Prediction performance comparison results after 5-fold cross validation
are shown in Table 2.

We can find that the GBDT model have the best accuracy (0.87) and the best F1 score (0.80). In terms
of accuracy and AUROC, GBDT model had better values than other models, 0.87 and 0.93, respectively.
Naive Bayes had the best recall rate (0.85), but its accuracy and precision were the lowest. KNN model
had the lowest recall rate (0.60), F1 score (0.70) and AUROC (0.87). Then we used the feature importance
of RF and LASSO regression to select the most important feature variables. The first 39 most important
variables were selected by two methods respectively (Table A.3 in Appendices), and the intersection of the
two methods was taken as the screened variables, a total of 18. The importance order of the intersection
variables is shown in Fig. 1. The importance score is normalized value, distributed between 0 and 1, and the
closer to 1, the more important the variable is.

We reconstructed and trained five models with 18 variables obtained, and observed the changes of each
indicator as shown in Table 3. The ROC curves of these predictive models are presented in Fig. 2.

Compared with the model constructed with all variables, it was found that although GBDT model has a
small decline in precision, recall and F1 value, it can be seen from the AUROC index that GBDT model was
the best among the five models. From the results, we found that the prediction effect of all the five models
had not decreased significantly. Therefore, the input variables of our models were reduced from 122 to 18
successfully, greatly improving the practicability.

4. Discussion

This study established a prediction model based on RF, GBDT, decision tree, Naive Bayes, and KNN
algorithms to predict the in-patient mortality of ICH patients, and compared the effects of the five models.
The results showed that the AUROC and precision of the RF model were better than other models. RF
feature importance and LASSO method were used to screen out fewer variables, so that the model was
simplified and the performance is not affected. This had important implications for practical applications of
the model, because researchers can predict mortality rates from just 18 data sets of patients without using
more than 100 variables.



This study adds temporal information into the prediction of mortality model of ICH patients. We took the
maximum and minimum values of each indicator in the first, second and third days after admission of ICH
patients as the model input variables, which can make the model learn more information automatically and
make the prediction effect better. Compared with previous studies!?3261, the AUROC obtained by the GBDT
model in this study reached 0.93, which was higher than the previous results, although the data sources and
methods used were different.

From the results, the indicators of the first, second and third days all had an important impact on the death
of ICH patients. This has not been considered in previous studies. The most important influencing factor is
GCS score, which is consistent with literature reports?”. The lower the GCS score, the higher the mortality
rate (Fig. 3). Another important factor affecting ICH mortality was hematoma volume (7, but this index
was not included in this study, because only 405 patients (35.43% of the total number) had a record of this
index, which was seriously missing. It has been reported that the larger the size of hematoma, the higher
the mortality rate of patients with ICH.

This study is also the first time to use the MIMIC-IIT database as the data source to establish ICH patient’s
mortality prediction model. The dataset spanned more than a decade and details of patient care. The
integrity and normality of the data were assured, and it was the basis for our models to incorporate temporal
information. Therefore, there was no problem in our data that the population age was relatively small [13]
or the number of participants was small [2326:28] But the MIMIC-III data was based on a single medical
center, which meant the generality of our results deserves consideration.

Machine learning has great potential in the field of health and even in the field of critical care 29, Specifically,
the ICH mortality prediction model constructed by using machine learning methods (such as RF, GBDT,
etc.) is far better than the traditional scoring system ICH score 301, Since ICH score involved hematoma size,
ICH score was not compared with other machine learning models in this paper. However, from the existing
research results, there is no doubt that the machine learning model is better than the ICH score.

5. Conclusions

The model used MIMIC-IIT database to extract variables with temporal information, which greatly improved
the prediction effect of the model. Compared with the other four machine learning models, the GBDT model
had a better recognition rate, regardless of whether multiple variables were used or fewer variables were
obtained after screening.
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Table:

Table 1. The clinical characteristics of ICH patients

Variables Survival (n=760) Death (n=383) p-value
Age 67.4+15.81 72.12+13.93 <0.01
Male 417 (54.89%) 196 (51.17%) 0.237
Ethnicity

White 580 (76.32%) 205 (77.02%) 0.790
Black 55 (7.24%) 21 (5.48%) 0.261
Asian 29 (3.42%) 12 (3.13%) 0.558
Other 30 (3.95%) 13 (3.39%) 0.643
Unknown 66 (8.68%) 42 (10.97%) 0.213
Marital Status

Married 383 (50.39%) 187 (48.83%) 0.616
Single 163 (21.45%) 54 (14.10%) <0.01
Widowed 121 (15.92%) 63 (16.45%) 0.819
Divorced 36 (4.74%) 16 (4.18%) 0.668
Separated 4 (0.53%) 7 (1.83%) 0.033
Unknown 53 (6.97%) 56 (14.62%) <0.01
Complication

Hypertension 562 (56.31%) 286 (53.76%) 0.339
Diabetes 156 (15.63%) 90 (16.92%) 0.514
Ischemic Heart Disease 121 (12.12%) 75 (14.10%) 0.271
Heart failure 69 (6.91%) 48 (9.02%) 0.139
Pneumonia 90 (9.02%) 33 (6.20%) 0.054
Location of ICH Location of ICH

Basal ganglia 193 (25.39%) 81 (21.15%) 0.112
Uncharted 108 (14.21%) 58 (15.14%)

Thalamus 67 (8.82%) 23 (6.01%)

Caudate 6 (0.79%) 0 (0%)

Putamen 12 (1.58%) 0 (0%)

Lobe 345 (45.39%) 159 (41.51%) 0.212



Variables Survival (n=760) Death (n=383) p-value

Infratentorial 78 (10.26%) 25 (6.53%) 0.037
Unknown 144 (18.95%) 118 (30.81) <0.01

Table 2. Performance comparison of the five models with all variables for mortality prediction of ICH

Accuracy Precision Recall F1 score AUROC p-value
RF 0.87 0.84 0.75 0.79 0.92 0.276 vs.
GBDT 0.112
vs. Naive
Bayes <0.05

vs. Decision
Tree 0.082 vs.
KNN

GBDT 0.87 0.84 0.76 0.79 0.93 <0.01 vs.
Naive Bayes
<0.05 vs.
Decision Tree
<0.05 vs KNN

Naive Bayes 0.82 0.68 0.87 0.77 0.9 0.116 vs.
Decision Tree
0.356 vs. KNN

Decision 0.85 0.8 0.72 0.76 0.89 0.716 vs.

Tree KNN

KNN 0.84 0.82 0.69 0.75 0.89

Table 3. Performance comparison of the 5 models with 18 variables for mortality prediction of ICH

Accuracy Precision Recall F1 score AUROC p-value

RF 0.87 0.84 0.75 0.79 0.92 0.276 vs.
GBDT 0.112
vs. Naive
Bayes <0.05
vs. Decision
Tree 0.082 vs.
KNN

GBDT 0.87 0.84 0.76 0.79 0.93 <0.01 vs.
Naive Bayes
<0.05 vs.
Decision Tree
<0.05 vs KNN

Naive Bayes 0.82 0.68 0.87 0.77 0.9 0.116 vs.
Decision Tree
0.356 vs. KNN

Decision 0.85 0.8 0.72 0.76 0.89 0.716 vs.

Tree KNN

KNN 0.84 0.82 0.69 0.75 0.89




Appendix:

Table A.1. Parameter setting of 5 ICH mortality prediction models

Models Parameters Explanation Values

RF criterion measurement methods of impurities gini
n_estimators number of trees in the forest 110
max_depth the maximum depth of the tree 5
max_features maximum number of retained features when branching 10

GBDT n_estimators number of trees in the forest 45
max_depth the maximum depth of the tree 2
min_samples_split the number of training samples at least included in the sub-node 2
learning_rate Learning rate 0.1

Decision Tree criterion measurement methods of impurities entropy
random_state parameters of random patterns in branches 13
splitter way of the tree branches random
max_depth the maximum depth of the tree 5

KNN n_neighbors number of nearest neighbor samples with voting rights 5
weights voting proportion method uniform

Naive Bayes alpha Laplacian smoothing coefficient 20

Table A.2. Variables with temporal information

Variables Variables Survival (n=760) Death (n=383) p-value
SBP (1_Mazx) 166.64£22.95 166.64+22.95 171.38+27.76 <0.01
SBP (1_Min) 100.59£26.54 100.59£26.54 88.31£35.66 <0.01
SBP (2_Maz) 161.77£21.03 161.77£21.03 162.28+£27.28 0.727
SBP (2_Min) 108.21£21.68 108.21£21.68 91.82£37.84 <0.01
SBP (3_-Maz) 161.464+21.49 161.46£21.49 160.78+30.24 0.662
SBP (3_Min) 110.5£23.03 110.5£23.03 87.04£41.39 <0.01
DBP (1_Maz) 91.61£18.68 91.61£18.68 88.8+20.9 0.021
DBP (1_Min) 46.68+14.52 46.68+14.52 41.244+16.95 <0.01
DBP (2_Maz) 89.92+31.01 89.92+31.01 82.01£20.58 <0.01
DBP (2_Min) 50.49£12.47 50.49412.47 42.98+17.57 <0.01
DBP (3_-Max) 88.68+£21.93 88.68+£21.93 81.59+22.91 <0.01
DBP (3_Min) 51.52+£12.77 51.52+£12.77 41.16+19.12 <0.01
MBP (1_Mazx) 115.69+32.3 115.69+£32.3 115.67+£32.82 0.990
MBP (1-Min) 63+19.11 63+19.11 58.39£20.17 <0.01
MBP (2_Mazx) 111.14£26.18 111.14£26.18 107.25£30.97 0.026
MBP (2-Min) 70.21£13.1 70.21£13.1 60.22+21.4 <0.01
MBP (3_Mazx) 110.561£29.44 110.561£29.44 105.58+29.68 <0.01
MBP (3-Min) 70.28£15.07 70.28+£15.07 58.18+22.93 <0.01
HR (1_Mazx) 95.26£17.29 95.26£17.29 104.28+23.29 <0.01
HR (1-Min) 65.14£12.08 65.14£12.08 59.86£24.81 <0.01
HR (2-Maz) 95.15£17.87 95.15+17.87 105.36£23.99 <0.01
HR (2_Min) 67.15£11.9 67.15£11.9 57.23£31.05 <0.01
HR (3_Max) 94.4+18.18 94.4+18.18 104.09+24.41 <0.01
HR (3_Min) 67.96£12.21 67.96+12.21 53.08+33.71 <0.01
T (1-Max) 37.47£0.66 37.47£0.66 37.8+1.04 <0.01
T (1-Min) 36.18£2.02 36.18£2.02 36.28+0.97 0.365



Variables Variables Survival (n=760) Death (n=383) p-value
T (2-Max) 37.431+0.69 37.43£0.69 37.89+3.3 <0.01
T (2-Min) 36.42+1.45 36.42+1.45 36.34£2.7 0.531
T (8-Maxzx) 37.43+0.7 37.43+0.7 37.9+3.31 <0.01
T (3-Min) 36.39+2.38 36.39+2.38 36.43+2.72 0.816
GCS (1-Maz) 12.96+3.04 12.96+3.04 7.57+3.63 <0.01
GCS (1-Min) 10+4.16 10+4.16 5.11+£2.93 <0.01
GCS (2-Max) 13.21+2.75 13.21+£2.75 7.27+3.62 <0.01
GCS (2_Min) 11.0943.62 11.09+3.62 5.31+2.89 <0.01
GCS (3_-Max) 13.254+2.63 13.25+2.63 6.96+3.52 <0.01
GCS (3-Min) 11.414+3.61 11.41+3.61 5.271+2.88 <0.01
WBC (1-Max) 10.93+6.95 10.93+6.95 14.6+13.15 <0.01
WBC (1-Min) 10.1£5.57 10.1+£5.57 12.73+6.22 <0.01
WBC (2_-Max) 11.16£5.65 11.16£5.65 14.514+8.57 <0.01
WBC (2-Min) 10.82+5.53 10.82+5.53 13.63+6.65 <0.01
WBC (3_-Max) 10.96+6.31 10.96+6.31 14.27+8.34 <0.01
WBC (3-Min) 10.74+6.27 10.74+6.27 13.4£6.24 <0.01
RBC (1-Maz) 4.384+0.64 4.38+0.64 4.16+£0.72 <0.01
RBC (1_Min) 3.98+0.64 3.98+0.64 3.751+0.72 <0.01
RBC (2-Maxzx) 4+0.63 4+0.63 3.88+0.71 <0.01
RBC (2_Min) 3.94+0.64 3.94+0.64 3.721+0.69 <0.01
RBC (3-Maxz) 3.9740.65 3.974+0.65 3.8440.7 <0.01
RBC (3-Min) 3.93£0.67 3.93+0.67 3.7£0.68 <0.01
HB (1-Maz) 13.224£1.82 13.22+£1.82 12.77+2.04 <0.01
HB (1_Min) 12.02+1.85 12.02+1.85 11.5£2.11 <0.01
HB (2_Mazx) 12.08+1.83 12.08+1.83 11.894+2.02 0.111
HB (2_Min) 11.9£1.85 11.9£1.85 11.424+2.01 <0.01
HB (3-Maz) 12+1.88 12+1.88 11.81+2.05 0.120
HB (5_Min) 11.86£1.93 11.86+1.93 11.37£2.02 0.000
PLT (1_-Maz) 251.76+92.43 251.76+92.43 240.43+99.57 0.057
PLT (1_Min) 221.43+81.01 221.43+81.01 205.7£90.79 <0.01
PLT (2_Mazx) 224.2481.97 224.2481.97 215.09+91.3 0.088
PLT (2_Min) 218.75+80.25 218.75+80.25 201.17+86.28 <0.01
PLT (3-Mazx) 225.06£83.76 225.06+83.76 211.354+90.07 0.011
PLT (3_-Min) 220.57+83.52 220.57+83.52 197.82+£84.24 <0.01
HCT (1-Max) 38.69£5.12 38.69£5.12 37.63£5.71 <0.01
HCT (1-Min) 35.02+5.25 35.02+5.25 33.7+6.14 <0.01
HCT (2-Max) 35.46+5.14 35.46+5.14 35.17£5.77 0.397
HCT (2-Min) 34.86£5.32 34.86£5.32 33.6+5.83 <0.01
HCT (5-Maz) 35.28+5.28 35.28+5.28 34.89+£5.79 0.255
HCT (3-Min) 34.78+5.53 34.78+5.53 33.43+5.84 <0.01
GLU (1-Max) 160.1+74.32 160.1+£74.32 191.78+65.09 <0.01
GLU (1-Min) 124.05£37.63 124.05£37.63 144.23+£49.8 <0.01
GLU (2_-Maz) 133.85+41.99 133.85+41.99 172.69+68.97 <0.01
GLU (2-Min) 124.77£35.83 124.77+£35.83 146.29+£49.94 <0.01
GLU (5_-Max) 131.93+45.2 131.93£45.2 173.05£63.65 <0.01
GLU (3-Min) 124.75+38.07 124.75+38.07 148.61+52.47 <0.01
Na (1_-Maz) 140.48+3.73 140.48+£3.73 142.3+6.21 <0.01
Na (1-Min) 137.95+£4.03 137.95£4.03 138.28+4.94 0.215
Na (2-Maz) 140.16£3.9 140.16£3.9 142.83£6.37 <0.01
Na (2_Min) 139.22+4.17 139.22+£4.17 140.59+£5.55 <0.01
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Variables Variables Survival (n=760) Death (n=383) p-value
Na (8-Maz) 140.04£4.16 140.04£4.16 142.88+6.49 <0.01
Na (5_Min) 139.37+4 139.37+4 140.81+£5.8 <0.01
K (1_-Mazx) 4.26+0.81 4.26+0.81 4.34+0.85 0.145
K (1_Min) 3.71+0.47 3.71+0.47 3.68+0.61 0.422
K (2_Mazx) 3.96+0.52 3.96+0.52 4.1£0.79 <0.01
K (2-Min) 3.79£0.43 3.7940.43 3.71£0.56 <0.01
K (5_-Maz) 3.94+0.53 3.94+0.53 4.07£0.83 <0.01
K (3_Min) 3.8+0.41 3.8+0.41 3.721+0.56 <0.01
CR (1_Mazx) 1.16£1.74 1.16+£1.74 1.38£1.3 0.027
CR (1-Min) 1£+1.09 1+1.09 1.18+1.11 <0.01
CR (2-Maz) 1.04£1.2 1.04+£1.2 1.33£1.26 <0.01
CR (2-Min) 0.99£0.99 0.99£0.99 1.21+1.09 <0.01
CR (3_-Mazx) 1.01£1.05 1.01+£1.05 1.33+1.26 <0.01
CR (3_Min) 0.98+1.02 0.98+1.02 1.24+£1.18 <0.01
BUN (1_Max) 21.09£14.63 21.09+14.63 25.5+18.57 <0.01
BUN (1-Min) 17.54+11.86 17.54+11.86 21.68£16.67 <0.01
BUN (2_-Max) 18.51£12.65 18.514+12.65 24.07+16.68 <0.01
BUN (2_Min) 17.56+11.52 17.56+11.52 22.24+14.96 <0.01
BUN (3_Max) 18.94+11.66 18.94+11.66 24.87£16.56 <0.01
BUN (5_Min) 18.444+11.43 18.44+11.43 23.36£15.76 <0.01

SBP : Systolic Blood Pressure. DBP : Diastolic Blood Pressure. MBP : Mean Blood Pressure. HR :
Heart Rate.T : Temperature. GCS : GCS score. WBC : White Blood Cell. RBC : Red Blood Cell. HB
: Hemoglobin.PLT : Platelet. HCT : Haematocrit. GLU : Glucose. Na : Serum sodium. K : Serum
potassium.CR : Creatinine. BUN : Blood Urea Nitrogen.

*_1(or 2, or 3) _max (or min) : the maximum (or minimum) value of * on the first (or second, or third)
day of admission

Table A.3. RF model and LASSO selected 39 most important variables

RF model selected variables: LASSO selected variables:

GCS_2_max GCS_3_max
GCS_3_max HR_3_min
GCS_1_max GCS_3_min
GCS_3_min Pne
GCS_2_min BUN_3_max
GCS_1_min AGE
HR_3_min WBC_1_min
GLU_3_max GLU_3_max
HR_2_min RBC_1_max
WBC_1_max HR_1_max
SBP_3_max DBP_3_min
SBP_2_min GCS_2_min
WBC_3_max HB_3_max
GLU_2_max GCS_1_max
DBP_3_min SBP_1_min
MBP_3_min x3_no
MBP_2_min Na_2_min
WBC_2_max x3_putamen
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RF model selected variables: LASSO selected variables:

WBC_1_min MBP_2_max
T_1_max MBP_2_min
DBP_3_max GLU_1_max
T_2_min WBC_2_min
AGE x2_ASTAN
PLT_3_min PLT_1_min
WBC_3_min HR_2_max
GLU_1_max T_2_min
T_2_max IHD
BUN_2_min x1_SINGLE
HR_1_min MBP_1_max
GLU_3_min x1_SEPARATED
HB_3_max K_3_min
BUN_2_max WBC_2_max
T_1_min HF
PLT_2_max SBP_3_max
PLT_1_min GCS_2_max
BUN_3_max x3_caudate
DBP_2_min K_1_max
PLT_3_max CR_3_max
RBC_1_min Dia

GCS : GCS score. HR : Heart Rate. GLU : Glucose. WBC : White Blood Cell. SBP : Systolic Blood
Pressure. DBP : Diastolic Blood Pressure. MBP : Mean Blood Pressure. T : Temperature. PLT : Platelet.
BUN : Blood Urea Nitrogen. HB : Hemoglobin. RBC : Red Blood Cell. Pne : Patient with pneumonia.
x3_no : The location of the patient’s cerebral hemorrhage is unknown. Na : Serum sodium. x3_putamen
: The location of the patient’s cerebral hemorrhage is putamen. x2_ASTAN : The patient’s ethnicity is
Asian. THD : Patient with ischemic heart disease.x1_SINGLE : Marital status of the patient is single.x1_-
SEPARATED : Marital status of the patient is separated. HF : Patient with ischemic heart failure.
x3_caudate : The location of the patient’s cerebral hemorrhage is caudate. K : Serum potassium.CR :
Creatinine. Dia : Patient with diabetes.

* 1(or 2, or 3) _max (or min) : the maximum (or minimum) value of * on the first (or second, or third)
day of admission
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Relative importance of inpatient mortality in ICH patients
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