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Abstract 

In-hospital cardiac arrest is a significant problem for medical systems. Although the traditional early warning 

systems have been widely applied, they still contain many drawbacks, such as the high false warning rate and low 

sensitivity. This paper proposed a strategy that involves a deep learning approach based on a novel interpretable 

deep tabular data learning architecture, named TabNet, for the Rapid Response System. This study has been 

processed and validated on a dataset collected from two hospitals of Chonnam National University, Korea, in over 

10 years. The learning metrics used for the experiment are the area under the receiver operating characteristic 

curve score (AUROC) and the area under the precision-recall curve score (AUPRC).  The experiment on a large 

real-time dataset shows that our method improves compared to other machine learning-based approaches. 

 

1. Introduction 

In the context of a serious epidemic worldwide, reducing 

the burden on the medical system is an urgent requirement 

for many countries. In recent years, alongside the 

development of Early Warning Score (MEWS) [1] which 

have been widely used by hospitals for Rapid Response 

System (RRS) to detect the patient’s abnormal status (cardiac 

arrest and mortality), the proposed of deep learning 

approaches (DEWS) are also got the attention of the research 

community.  The application of novel deep learning methods 

achieved significant enhancement over the traditional clinical 

score and machine learning method.  Recurrent neural 

network (RNN) and Long-Term Short-Term Memory 

(LSTM) have demonstrated outstanding performance when 

considering various benchmarks [2], [7]. In 2017, the 

introduction of attention learning et al. [3] opened a 

promising future about the integration of a state-of-the-art 

deep learning method for Rapid Response Systems. In this 

paper, we proposed a warning system applied TabNet [4] - 

attentive interpretable tabular learning method for early 

detection of patients in hospital abnormal status. The system 

was studied and validated on highly challenging patient 

dataset. Our method partly solves the inherent problems of 

imbalanced data and achieves specific efficiency in detecting 

abnormal states. 

 

2. Proposed Method 

We considered detecting a person’s in-hospital abnormal 

status as a binary classification problem that determines the 

status of patients in the point of time t based on the basic 

medical measurement values within the previous N hour of 

that patient. We choose N = 8 in this study.  The patient’s 

measurement indexes were evaluated every hour. The overall 

of the system is described as Figure 1, the input of the system 

are the measurement indexes includes the vital-sign and the 

blood test values of a patient at a timestamp, output is the 

Figure 1: The overall system 
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prediction of abnormal/normal status of that patient at the 

same time. An abnormal patient is the people who per-

formed cardiac arrest and in-hospital airway intubation 

among hospitalized patients, the normal case is the patient 

admitted to the internal medicine department and did not 

undergo cardiopulmonary resuscitation and airway intubation 

during hospitalization. The final output that we aim for is the 

result of predicting patient's status after a measurement 

period Xi = [X0, X1, ..., XN] with N is the number of 

measurement hours. As the proposed system was presented 

in detail as Figure 2, our main idea is firstly converting the 

raw input data (time series) into tabular data.  In the next 

step, we generate the statistic features from the processed 

data to increase the training process’s information dimension. 

Finally, the TabNet model is implemented for classifying. 

A. Features processing: 

 The pre-processing stage is the transfer progress from time 

series to tabular data. The original data have total 23 

measurement features by time, includes 5 vital-sign values 

(Heart Rate (HR), Body Temperature (BT), Oxygen 

Saturation (SaO2), Respiration Rate (RR) and Symbolic 

Blood Pressure (SBP)) and 18 blood test values (Albumin, 

Lactate, Total Protein, Platelet, Total Bilirubin, Calcium, 

BUN, CRP, Creatinine, Hgb, WBC count, AST, Chloride, 

Glucose, Alkaline Phosphatase, Sodium, Potassium, Alt). We 

flattened these features based on the window time N = 8 we 

mentioned before to change the data dimension from time 

series to pure 2D tabular. Therefore, for each feature X in the 

time-series dimension, we would have 8 values of Xi in the 

2D dimension with Xi = [X0, X1, ..., X7]. Besides, the 

statistical features are also generated from X at each 

timestamp. These features are the min, max, mean and 

standard deviation of each set of feature values. After 

processed, we have total 440 features (n=440). 

 

B. TabNet model:  

 TabNet [4] is trained basing on gradient descent-based 

optimization, allowing for flexible integration into the end-

to-end learning process. Sequence attention is applied to the 

instance-wise features selection at each decision step for 

better interpretability and learning as the learning capacity is 

used for the most helpful features. In addition, a single deep 

learning engine is utilized for feature selection and reasoning. 

The architecture of Tabnet is presented at Figure 3. The 

encoder stage of the model is built up by the feature 

transformer, feature masking, and the attentive transformer. 

The feature selection masks that contained the model’s 

interpretable information are concatenated for obtaining the 

important features. In the encoder stage, feature transformer 

blocks are used at each step for feature reconstructing. 

 

3. Experiments and results 

This study was conducted on the dataset established for 

patients at Chonnam National University Hospital in 

Hakdong and Hwasun from 2009 to 2019. The data includes 

two groups of patients: abnormal group and normal group. 

Considering the measurement indexes of patients at each 

point of time are a sample, our study uses total 315,946 

samples from 3,279 patients. The train set has 2,615 patients 

with 291,364 samples, and the test set includes 24,582 

samples from 664 patients. The train set has 938 abnormal 

samples, while the test set has 57 abnormal samples. This 

Figure 3: TabNet encoder architecture [4] 

Figure 2: The proposed method 

ACK 2021 학술발표대회 논문집 (28권 2호)

- 806 -



distribution shows a significantly imbalance rate between the 

minority class and majority class. All these data were directly 

labeled by the doctors. 

Table 1: Experiment result on test set 

Model AUROC (%) AUPRC (%) 

DEWS (TabNet) 66.8 29.1 

RNN 65.0 13.1 

MEWS 50.0 6.2 

LGB 54.2 7.1 

XGBoost 53.7 8.9 

 

With a highly imbalanced dataset, we used Python 3.7 

with scikit-learn Gridsearch library to hyper-tuning 

parameters for our model. Because of the imbalance problem, 

we apply the AUROC and AUPRC score for metric learning.  

We compare our system with Modify early warning system 

(MEWS), Light gradient boosting (LGB) [5], Extreme 

gradient boosting (XGBoost) [6] and simple Recurrent 

Neural Network (RNN) model. Table 1 shows the results 

from our experiments. We could see that our proposed 

approach outperformed the whole machine learning based 

methods, achieved 66.8% AUROC score and 13.1% AUPRC 

score. Comparing to the RNN model, our method does not 

show the significantly improvement with AUROC score. 

However, the comparison base on AUPRC score, which 

makes it possible to assess the performance of a classifier on 

the minority class, shows a remarkable improvement with 

16% higher. 

 

4. Conclusion 

In this paper, we presented a novel method implemented 

for Rapid Response System that detects the in-hospital 

abnormal status of patients based on basic vital signs and 

blood test values. The application of the attention tabular 

learning approach shows the potential improvement of the 

whole benchmark machine learning systems and early 

warning score. Based on that, our future goal is to extend the 

system by implementing other deep learning models to 

achieve better results. 
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