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Abstract

Objectives. Early detection of sepsis is a clinically im-
portant, yet remains challenging. As machine learning de-
velops, there have been many approaches for prediction of
sepsis using neural network-based models. In this work,
We propose novel preprocessing and training strategies,
which can boost the performance of the model.

Methods. Our approach consist of two-component: fea-
ture engineering and training strategy. In feature engineer-
ing, we employed a novel input imputation method that
combines input decay, masking, and duration of missing
and input transformation which is the value difference be-
tween adjacent time step. As for training strategy, manip-
ulation of the normal distribution, reconstruction loss, and
population-based training are utilized.

Results. We applied our method on three-block trans-
former. Our approach achieved an AUROC/AUPRC of
0.819/0.144, Physionet Challenge score of 0.376 on the
held-out test. Compared to the baseline, we improved per-
formance AUROC of 0.034, AUPRC of 0.024, and score of
0.079. On the hidden test, we obtained the score of 0.387.

Conclusion. We have developed a novel approach that
can improve the performance of neural networks in the
early detection of sepsis.

1. Introduction

Sepsis is a life-threatening disease caused by an uncon-
trolled response to infection. In worldwide, an estimated
30 million people develop sepsis, and 20 percent of them
die from it every year [1]. Missing golden time for appro-
priate treatment is considered as the main reason for mor-
tality [2]. For this reason, early identification is critical for
improving sepsis outcomes, yet remains challenging [3].

As machine learning technologies develop, there have
been many studies applying machine learning to predict
sepsis. Early studies concentrated on a statistical methods
[4,5]. Lately, there have been efforts to apply a deep neural
network to early detection of sepsis, and they outperform
classical statistical methods [6, 7].

Whereas studies on building architectures continue, pre-

processing, or training strategies for sepsis prediction has
not been studied thoroughly. In this work, we suggest s
novel preprocessing method, combining input imputation
methods and data transformation method. In the mean-
time, we also adopted a novel training strategy, includ-
ing normal data resampling and population-based training.
Utilizing the methods described in the paper, we obtained
meaningful improvement in performance with three-block
transformer.

2. Methods

In this chapter, we describe the database we employed
in developing the model, the structure of the neural net-
work, methods to improve the neural network, and evalu-
ation method. In the section of the structure of neural net-
work, the baseline model and hyperparameters for train-
ing the model are introduced. Afterward, approaches we
adopted to improve the performance are presented in fol-
lowing section.

2.1. Data

We developed the model using the database from Phys-
ionet Challenge 2019. The database is collected from two
hospitals consisted of 20,336 and 20,000 patients, respec-
tively, of which 1,790 and 1,142 patients underwent sepsis
in each hospital. Forty variables, including vital, labora-
tory, and demographics, were used as predictor variables.
Detailed information about the database can refer to [8].

2.2. Model

Transformer The architecture adopted in this work is
based on a multi-layer bidirectional Transformer encoder
described in [9]. In this work, we used three-layer instead
of six-layer of original paper because there was no perfor-
mance improvement as the number of layer increases in
our experiment. Except for the number of layers, imple-
mentation is identical to the original.

Hyperparameters Hyperparameters adopted in the



Figure 1. An overview of the architecture. Positional en-
coding and three-layer of transformer are utilized. The de-
tail of architecture can refer to [9].

training the model are as follow. We used the learning rate
of 1e-3 with Adam optimize. The batch size for training is
32. Dropout and weight decay are employed for general-
ization of the model. The dropout rate in transformer and
classifier are 0.1 and 0.5, respectively. Also, L2 regular-
ization with multiplication by 0.001 is applied.

2.3. Proposed methods

We improved the three-block transformer by applying
the following approaches. At first, we explored various
methods for input imputation and transformation methods
and elaborated by combining them. Next, various tech-
niques, including data sampling, reconstruction error, and
population learning, are developed.

Figure 2. Example of feature engineering. The first row
and following four rows refer original values and the ex-
ample of input imputation and transformation.

2.3.1. Preprocessing

Data scaling variables of Electro Medical Records(EMR)
data have different units and range. For example, Heart
rate ranges from 60 to100 in the normal case, while nor-
mal pH ranges from 7.38 to 7.42. These differences in
the scales across input variables increase the difficulty in
training the model [10].To solve the problem, we applied
standardization and used cutoff values sigma 5.

Feature engineering EMR data unavoidably contains
missing observation induced by medical events, abnormal-
ities, and inconvenience. There are several methods to
handle missing values of EMR data, including forward-
imputation, mean-imputation, and utilization of masking
[11, 12]. Forward-imputation assumes missing values as
same as its last measurement. Masking is used to distin-
guish the true values from imputed values, which is often
applied with a duration of missingness. Recently, [13] sug-
gested a novel missing value imputation model that decays
the missing value to zero as the difference between its last
observation and current time increases. We applied com-
binations of input imputation methods, including method
[13], masking, and duration of missingness in this work.
As variables of EMR reflects the status of patients, they
tend to be non-stationary, which is more challenging to
learn the attributes of the sequence [14]. Thus, we calcu-
late difference between adjacent time step of each variable.
It removes the temporal dependence such as time-series
trend, making the sequence stationary [15].

2.3.2. Training strategies

Data resampling The model trained on the skewed dis-
tribution of class tends to have difficulty in learning the
properties of a minority class and is biased to the majority
class [16]. In our dataset, the number of the sepsis label
is only 1 of 30 of the normal label, which probably leads
to the difficulty in training described above. To handle this



Figure 3. The example of population-based learning. The
model is trained on different five set of samples and the
model with highest performance is selected.

problem, we undersampled minority class data so that bal-
anced the class ratio in the training sample. Furthermore,
we manipulate the distribution of normal data point. The
ratio between normal data point from sepsis patient and
normal data point from a non-sepsis patient is 1:8. We un-
dersampled the normal data points from patients who un-
derwent sepsis and make the ratio of those data as 1:4 in
training. It allows the model to be trained frequently on
hard samples, inducing the model to be more robust.

Reconstruction loss The primary loss function em-
ployed in training is the cross-entropy function. Addition-
ally, we adopted reconstruction loss to prevent the model
from overfitting on a training dataset. The reconstruction
error is calculated as the L2 distance between imputed
input with different transformed value and linearly trans-
formed output of the transformer.

Population-based learning We found that the perfor-
mance of the model decreases whenever a specific portion
of the dataset flow into the training process. It means that
some part of data deteriorate training. We parallelly trained
the model on five subsets of randomly selected samples
from the bootstrapped data pool, and choose the model
with the highest performance among them to handle the
problem. At every epoch, the parallel training begins from
the best model of the previous epoch.

2.4. Evaluation

In model evaluation, we hold out a randomly selected
20 percent of overall data as an internal test. The rest
dataset of 80 percent is divided into training and devel-
opment dataset. The ratio of hospital A and B are equal
in each set. As for performance metrics, we used Area

Under Receiver Operator Curve (AUROC), Area Under
Precision-Recall Curve (AUPRC), and score function pro-
vided by Physionet Challenge 2019. During model train-
ing, we evaluated the performance using a sum of AU-
ROC and AUPRC. Once training is done, we compute the
score function, which is adjusted by threshold values. The
threshold value with the highest score function is a cutoff
value for the model. Afterward, the model is tested on an
internal test that was held out from the training process.
We choose the model based on the internal test score, and
then tested on the hidden external test.

3. Results

We fixed the model as a three-layer transformer and
trained on various combination of preprocessing and train-
ing strategies. Table 1 represents the matrix of a combina-
tion of them. Each row indicates the preprocessing meth-
ods and the columns indicate training strategies.

Blue-colored sections mean the three highest methods
based on score, and the red-colored sections mean the three
lowest methods. There is a trend that performance in-
creases as training strategies and preprocessing methods
are applied. The proposed model achieved the highest per-
formance with the AUROC/AUPRC of 0.819/0.144 and
score of 0.376. On the other hand, the performance of the
baseline is one of the lowest, which is AUROC/AUPRC of
0.785/0.120 and score of 0.297. The performance gain us-
ing the suggested method was AUROC of 0.034, AUPRC
of 0.024, and score of 0.079. Finally, we tested the model
on a hidden external test and obtained a score of 0.387.

4. Conclusions and Discussion

In this work, we present various input processing and
training strategy for sepsis prediction from clinical data.
As an input preprocessing, [13] based imputation, differ-
ence transformation, masking, and duration of the miss-
ing are employed. Meanwhile, the sampling method from
the dataset, reconstruction loss, and population training are
implemented as a training strategy. Using the proposed
method, we gained meaningful performance improvement
with the 3-block of the transformer. In the internal test
dataset, our model achieved the AUROC of 0.819, AUPRC
of 0.144, and Physionet Challenge score of 0.376, and it
obtained Physionet Challenge score of 0.387 in the exter-
nal dataset.

The suggested methods are tested with hyperparameters
fixed. We expect that hyperparameter optimization such as
learning rate, weight decay rate, optimization method, and
reconstruction loss ratio, could further enhance the perfor-
mance.

When comparing the model performance in the inter-
nal test set, we observed that the scores of several models



Table 1. The result of proposed methods. The red-colored section indicates three lowest-score and the blue-colored section
indicated three highest-score. It is found that proposed methods enhance the performance of transformer significanlty.

are very sensitive to a threshold value. High sensitivity
of score around the cutoff value indicates that there are
many data points close to the decision boundary. A slight
deviation in the overall distribution of the data can signif-
icantly degrade the performance in this case. Further in-
vestigation about the association between distribution of
data point and the generalization ability of the model is
required, which we intend to study in the future.
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