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Abstract

Sepsis is a severe life-threatening disease that causes millions of deaths every year. As a

significant public health problem, the annual costs of hospital treatment of sepsis patients

are rising. Without the treatment of antibiotics for sepsis, the risk of mortality increases

with each additional hour. It is desirable to diagnose sepsis as early as possible, ideally

earlier than the doctors can identify it with traditional methods. Many existing machine

learning approaches show excellent results for onset sepsis prediction. However, it is im-

portant to perform early prediction of sepsis (i.e., hours before it takes place), especially in

the case of intensive care unit patients. In this thesis, I train a Long Short-Term Memory

(LSTM) network for the early prediction of sepsis using an existing dataset published as

part of the PhysioNet/Computing in Cardiology Challenge in 2019. I show that adding a

variety of predictors based on existing hourly recorded variables significantly improves the

prediction results. I also show how tuning the number of epochs and observing the learning

curves can lead to better outcomes for sepsis’s early prediction. Finally, I show that using

data standardization destroys the diversity and variety in the data and weakens the early

prediction outcomes. My best model achieves a utility score of 0.421, an F-score of 0.128,

and an area of 0.129 under the precision-recall curve on the publicly available data. The

obtained standardized utility score is slightly higher than those reported in some published

papers, which use Long Short-Term Memory networks. However, for clinical application,

improved approaches would be needed to produce more reliable results.
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Chapter 1

Introduction

Sepsis is a public health problem that is life-threatening to patients and costly to hospitals

(Singer et al., 2016). The early application of optimal sepsis care can lower the risk of

in-hospital mortality (Seymour et al., 2017), as the delayed antimicrobial therapy for sepsis

patients results in a higher mortality rate (Frost et al., 2010). One of the major issues is that

many sepsis patients are not diagnosed at admission, making the early treatment impossible.

Therefore, early prediction of sepsis and the application of antimicrobial treatments promptly

for sepsis patients are greatly needed.

In general, the hospital will record the patients’ health condition hourly after they enter

the intensive care unit (ICU). Many researchers concentrate on using this data to improve the

sepsis prediction accuracy and achieve excellent outcomes using machine learning approaches

(e.g., Desautels et al., 2016; Fleuren et al., 2020). However, using the time-series data to

predict sepsis early is challenging, despite its significant benefits. Intuitively, recurrent neural

networks (RNNs) can be used for early sepsis prediction from sequential time-series data.

The reason is that RNNs are specifically designed to learn from sequential data and effectively

store and use past information. But the general RNNs suffer from vanishing and exploding

gradients, especially when the length of the sequence, particularly the patient’s length of

stay, is large. Long Short-Term Memory (LSTM) networks are recurrent neural networks

that can capture both short and long term dependencies and are less vulnerable to the
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vanishing gradient problem. Many researchers have shown that training and evaluating the

LSTM model on the PhysioNet/Computing in Cardiology Challenge 2019 data can produce

excellent results (e.g., Nejedly et al., 2019; Schellenberger et al., 2019; Wang et al., 2019;

Roussel et al., 2019; He et al., 2019; Vicar et al., 2019). However, implementing different

approaches may differ in the early prediction of sepsis results. For instance, some researchers

implement a special data normalization approach on the variables and obtain a normalized

utility score of 0.281 (Vicar et al., 2019). However, other researchers achieve a better score

of 0.29 without scaling the data (Schellenberger et al., 2019). In addition, some researchers

conduct the experiment without expanding the number of variables and obtain good results

(e.g., Nejedly et al., 2019; Vicar et al., 2019). However, several research groups report

higher normalized utility scores by adding more variables based on the original 40 variables

(e.g., He et al., 2019; Schellenberger et al., 2019; Wang et al., 2019; Roussel et al., 2019).

All the researchers train and evaluate their LSTM models to generate the best prediction

results. Nevertheless, not all researchers describe the process of tuning the number of epochs.

Additionally, the researchers use different approaches to solve the missing value issue, such as

replacing them with a constant value (Roussel et al., 2019) and using forward filling (Nejedly

et al., 2019).

In this thesis, I compare the differences between eight different experimental settings,

including all the scenarios I mentioned above. I also tune the number of epochs and find

that the number of epochs makes a big difference in the early prediction of sepsis. The

workflow used in my thesis is summarized in Figure 1.1. First of all, I pre-process the

original data by splitting the data and cleaning data. I then train the model and evaluate

the trained model on the test data for each implementation setting. In the end, I summarize

the results and compare the differences between different combinations of settings. This

thesis’s experimental results show that adding various predictors based on existing hourly

recorded variables and tuning the number of epochs can significantly improve the prediction

results. In addition, my thesis shows that using data standardization destroys diversity and

variety in the data and weakens the early prediction outcomes. Schellenberger et al. (2019)

and Roussel et al. (2019) who use LSTM networks for the challenge reported their best
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utility score on publicly available datasets in their published papers. Their best scores are

0.408 and 0.393, respectively. My thesis’s best model achieves a utility score of 0.419, which

is slightly higher than their utility scores.

 The PhysioNet Computing in Cardiology 
Challenge 2019 dataset: 40336

 Hospital A: 20,336 
 Hospital B: 20,000 

60% training: 24201
20% validation: 8067

20% test: 8068

Data cleaning for implementation
setting s1, s2, ..., s8, respectively

split data

data cleaning

The original data has 40336 PSV files 
       in total, around one half of them are in
 hospital A and  the left are in hospital B

Training the LSTM model

training

Predict test data

Summarize the results

prediction

Note

Compare the evaluation results from the 8
    implementation settings and summarize them 

      After finish cleaning the data, train the data 
using the corresponding model for the 8

implementation settings 

The implementation settings s1, s2...s8 have
       different data cleaning approaches, process the

split data using different methods respectively

Split the original files into 3 folders,
   training folder, validation folder and test folder

Note

After finish training the data, evaluate the test
data using the corresponding trained 

model for the 8 implementation settings 
summarization

Note

Note

Note

Note

Figure 1.1: Overview of the workflow for sepsis prediction. The left part of the flowchart represents
the whole process, from pre-processing the data to summarizing the results. The right side presents
more details for each method.

The rest of the thesis is organized as follows: Chapter 2 describes the data and pre-

processing approaches; Chapter 3 reviews the LSTM networks and describes how to apply

LSTM for the sepsis data that was used in the thesis; Chapter 4 presents the experimental

setup; Chapter 5 illustrates the implementation of the Python code created in a Jupyter

Notebook; Chapter 6 shows the results; Chapter 7 includes a discussion of the results, and

finally Chapter 8 presents conclusions, and ideas for future work.
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Chapter 2

Sepsis data

2.1 Data description

The PhysioNet/Computing in Cardiology Challenge 2019 data consists of 40336 PSV files,

20336 in hospital A and 20000 in hospital B (Reyna et al., 2019). Each PSV file refers to one

patient’s hourly recorded health condition data after entering the ICU. Figure 2.1 shows the

details in one PSV file. The hourly collected data on each patient consists of 41 variables,

as shown in Table 2.1. The first 40 variables include eight vital signs, such as heart rate,

pulse oximetry, and temperature. The remaining 32 variable include 26 laboratory values

(Measure of excess bicarbonate, Bicarbonate, Fraction of inspired oxygen, etc.), and six

demographics (age, gender, ICU length-of-stay, etc.). The last variable is the sepsis label.

The label is recorded hourly using 0 or 1, where 0 means no sepsis, and 1 means that sepsis

is identified based on Sepsis-3 criteria (Singer et al., 2016).
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Figure 2.1: Example of a PSV file, which is similar to a CSV file. The PSV (pipe separated values)
file uses a | “pipe” as the delimiter character, instead of a comma character in the CSV (comma-
separated values) file. The first row shows the 41 variables in the sepsis dataset, while the remaining
rows present the patient’s hourly health record.

The data is highly imbalanced, with only 2932 out of the total of 40336 PSV files/patients

having sepsis, which accounts for 7.27% of all patients. In addition, 26 variables out of 41

variable have more than 90% missing values, especially laboratory values. To enable early

sepsis prediction, the sepsis label has been moved forward by six hours for all the datasets

(meaning that the label is set to 1 for six hours before it is officially identified).

Table 2.1: The names of the 41 variables in the sepsis dataset, including eight vital signs, 26
laboratory values, six demographics, and one outcome. The outcome is the sepsis label, as highlighted
in blue, and is the variable that we want to predict.

Vital signs: HR, O2Sat, Temp, SBP, MAP, DBP, Resp, EtCO2

Laboratory values:

BaseExcess, HCO3, FiO2, pH, PaCO2, SaO2, AST, BUN, Alkalinephos,

Calcium, Chloride, Creatinine, Bilirubin direct, Glucose, Lactate,

Magnesium, Phosphate, Potassium, Bilirubin total, TroponinI, Hct, Hgb,

PTT, WBC, Fibrinogen, Platelets

Demographics: Age, Gender, Unit1, Unit2, HospAdmTime, ICULOS

Outcome: SepsisLabel
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2.2 Data pre-processing

For pre-processing the data in my thesis, I first combine all the PSV files from two hospitals

into one folder. I then split the whole datasets into three parts: 60% training, 20% validation,

and 20% test sets.

I implement eight different settings and evaluate their performances by comparing the

differences in the utility score. The settings are obtained by taking combinations of the

following two operations: 1) performing standardization or not; and 2) Adding predictors

or not. The utility scores are calculated using the method provided by the PhysioNet Com-

puting in Cardiology Challenge 2019 (Reyna et al., 2019). The method rewards for early

prediction and punishes for the late prediction of sepsis. I conduct the data pre-processing

differently, depending on the setting used. For example, the first setting uses “no standard-

ization” and “no adding predictors”, which means I do not standardize the data and use the

original 40 variables without adding more predictors before fitting into the training model.

If standardization is performed, I scale the original data by standardizing them between

0 to 1, except the sepsis label. In general, if the features have different ranges, we could

standardize the data before fitting them into the training model. I compare the differences

between standardization and non-standardization because some researchers obtain better

results without standardizing the data (Schellenberger et al., 2019).

In the setting where no predictors are adding, I use the original 40 variables as the

predictors in the model without adding additional predictors. I replace the missing values

using forward and backward filling methods. The forward filling is conducted if there is

a recorded value before the current time, while the backward filling is implemented when

there is no prior record with a value, as it generally happens in the first several hours. For

the setting when more predictors are added, I copy the first 34 variables and append them

into the original dataset. I then use forward filling and backward filling to replace missing

values for the appended variables. Meanwhile, the missing values for the original first 40

variables are replaced with 0. I also compute the difference between the current hour record

and the previous hour for the appended 34 variables and add them to the dataset. The
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reason for adding the difference is that the current values may change much compared to

the last hour’s values when the doctor identifies sepsis. I assume the hourly difference can

capture the signal of diagnosing sepsis. Many researchers have shown that expanding the

predictors using the original 40 variables improves the prediction results (e.g., Wang et al.,

2019; Roussel et al., 2019; Schellenberger et al., 2019). The reason that I ignore copying the

last six groups ’age’, ’gender’, ’unit1’, ’unit2’, ’HospAdmTime’, and ’ICULOS’ is that those

groups have consistent values. Adding them will generate repeated values, while computing

the differences will generate many 0s. Thus, I assumed that they cannot improve model

performance. Therefore, adding more predictors will result in 108 variables in total, the 40

original predictors plus the newly generated 68 predictors.
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Chapter 3

Methods: Long Short-Term Memory

Introduced by Hochreiter and Schmidhuber (1997), Long Short-Term Memory networks are

a special type of recurrent neural network capable of learning long-term dependencies in

sequential data. LSTMs have been widely used on various of problems, such as nature

language processing (Sutskever et al., 2014), forecasting stock prices (Qiu et al., 2020), and

text classification (Luan and Lin, 2019).

As shown in Figure 3.1, an LSTM network consists of three gates: input gate it, forget

gate ft, and output gate ot, and a cell unit to update and store the previous information

for the sequential data. The forget gate ft decides how much information to keep from the

cell state Ct−1. The operator σ represents a sigmoid function, which produces a number

between 0 and 1 for each number in the cell state Ct−1 by using the information from ht−1

and xt. Before merging into the cell unit, the input gate it combines with C̃t computed by a

tanh function from ht−1 and xt. After applying the tanh function for the current unit cell,

we combine it with the output gate ot, which will generate ht. Finally, after executing the

multiplication operator for the unite cell Ct−1 and forget gate, the plus operator is used on

the current unit cell and input gate, and the output is the new cell state Ct. The hidden

state ht and the cell state Ct will be used for next timestep.

In order to fit the sepsis sequence data of a patient into the LSTM model, for each PSV

file, I generate an “instance” for each timestep t in that file. The instance corresponding
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σ

ft

σ

it

tanh

C̃t

σ

ot

× +

× ×

tanh

ct−1

ht−1

xtinput

ct

ht

ht
ft = σ(Wf · [ht−1, xt] + bf )

it = σ(Wi · [ht−1, xt] + bi)

C̃t = tanh(WC · [ht−1, xt] + bC)

Ct = ft ∗ Ct−1 + it ∗ C̃t)

ot = σ(Wo · [ht−1, xt] + bo)

ht = ot ∗ tanh(Ct)

Figure 3.1: LSTM network: The left side shows an LSTM network architecture with the corre-
sponding computation flow, while the right side formulas show the complex operations inside the
left block. Wf ,Wi,Wo and bf .bi, bo are the training parameters in the LSTM network. The signs ⊗,
⊕, ∗, and · represent multiplication operator, plus operator, dot product, and matrix multiplication,
respectively.

to timestep t is a sequence consisting of all the records corresponding to timesteps prior to

the current timestep t, together with the record at the current timestep t. The label of the

instance is the sepsis label corresponding to the current timestep t. For example, if the PSV

file of a patient has 30 timesteps, the first instance will include the first timestep record. The

second instance consists of the first and second timesteps’ records. The thirtieth instance

contains all the hourly records in the file. For each PSV file, the data will then become a

list, including many arrays. Each array corresponds the all the records at and before this

current time. The left side of Figure 3.2 shows the original data without sepsis, and the

right side displays what the data look like after the processing. Similar to Figure 3.2, Figure

3.3 presents the data with sepsis. The sepsis label has been moved six hours earlier in the

PhysioNet Computing in Cardiology Challenge 2019 datasets. Otherwise, we need to move

all the sepsis labels by ourselves. For example, all the sepsis labels on the right side of Figure

3.3 should be set to 1. The reason is the sepsis was identified at t7, and moving six hours

earlier means t1 should be 1, too.
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t2
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t3 0

t1

t2
t1

...

t3
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t4

t5

0

0

t6 0

t7

t8

0

0
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t10 0

Figure 3.2: The left side shows the original data without sepsis, and the right side displays what
the data look like after the processing.

t1

t2

0

0

t3 0

t1

t2

0

0

t3 0

t1

t2
t1

...

t3
t2
t1

t6
t5
t4

t9
t8
t7

t10 1

t4

t5

0

0

t6 0

t7

t8

1

1

t9 1

t10 1

Figure 3.3: The left side shows the original data with sepsis, and the right side displays what the
data look like after the processing.
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Chapter 4

Experimental setup

To find the best implementation setting for the early prediction of sepsis, I conduct exper-

iments for all the settings I mentioned in the data processing section (also shown in Table

6.1). The settings include combinations of two things: whether data standardization is per-

formed or now, and if more variables are added. Furthermore, I train two models for each

resulting setting and tune the number of epochs, as the best number of epochs differ for

different models. Those two models, model 1 and model 2, are inspired from two published

papers (Schellenberger et al., 2019; Roussel et al., 2019). They have been proved successful

in predicting the PhysioNet/Computing in Cardiology Challenge 2019 data. More details

on how the data is fed into the models and the specific configurations of the models are

provided below.

After finishing the data pre-processing for all the 40336 PSV files, new instances are

generated. I split the instances into batches. The batch size is set to 64 for Model 1 and to

256 for Model 2. The instances in the same batch are padded with zeros to the largest length

of a record in the batch, before fitting them into the LSTM models. A masking layer is used

first to account for the fact that the data has been padded to fit into the LSTM layers.

Inspired by the LSTM model architecture drawn by Schellenberger et al., I use similar plots

to present model 1 and model 2 architectures, as shown in Figure 4.1 and Figure 4.2.

Figure 4.1 shows the model 1 architecture, which includes two LSTM layers after the

11



masking layer and 400 hidden units in each layer. To avoid overfitting, a dropout value of

0.2 and a recurrent dropout of 0.5 are chosen for the LSTM layers. After the LSTM layers,

four fully connected layers are added, in decreasing size of the number of hidden units in a

layer. Specifically, the units are 250, 150, 100, and 50, respectively. The activation function

used for those four layers is the Rectified Linear Unit (ReLu) function. The last layer is a

Sigmoid dense layer, which outputs the predicted probabilities for the sepsis label. Batch

normalization is included in model 1. The optimization is performed using the RMSProp

optimizer, with a learning rate of 0.001.

Masking Masking layer to ignore the 
effect of padded 0s

LSTM
LSTM

B
B

Dense (ReLU)
Dense (ReLU)

Dense (ReLU)
Dense (ReLU)

B
B

B
B

Dense (Sigmoid)

Output

Two LSTM layers with 400 units and use
batch normalization

Four dense layers using ReLU activation
and decreasing units (250, 150, 100, 50)

One unit dense layer using sigmoid
activation

Input

Figure 4.1: The left side displays the LSTM network architecture of Model 1. The boxes marked
with B are batch normalization; The right side explains what is given in the corresponding layer.

Figure 4.2 displays the LSTM architecture of model 2. Model 2 includes three LSTM

layers with 64 hidden units in each layer. The same dropout and recurrent dropout values as

in Model 1 are used in the LSTM layers. Between the mask layer and the LSTM layer, three

dense layers are included. The units vary based on the input layer size. The first layer’s

number of units is the input size multiplied by four; the second layer’s number of units is

12



the input size multiplied by eight, while the third layer has a constant number of units,

superficially 32. After the LSTM layers, three hidden dense layers are added. The number

of units in those layers are 64, 512, and 4, respectively. The activation function used for

all the layers is the Rectified Linear Unit (ReLU) function, except for the LSTM layers. At

the last layer, a Sigmoid dense layer is included. Batch normalization and L2 regularization

with a rate of 0.00001 are added in Model 2. The optimization is performed using the Adam

optimizer with a learning rate of 0.0001.

Masking Masking layer to ignore the 
effect of padded 0s

LSTM
LSTM

Dense (Sigmoid)

Output

Three LSTM layers with 64 units and use
batch normalization

Three dense layers using ReLU activation
and various units (64, 512, 8)

One unit dense layer using sigmoid
activation

Input

Dense (ReLU)
Dense (ReLU)

Dense (ReLU)

Dense (ReLU)
Dense (ReLU)

Dense (ReLU)

LSTM

B
B

B

Three dense layers using ReLU activation
and various units (4n, 8n, 32)

Figure 4.2: The left side displays the LSTM network architecture of Model 2. The boxes marked
with B are batch normalization. The ‘n’ is the number of predictors, which can be 40 or 108; The
right side explains what is given in the corresponding layer.

Both of the models are trained for five epochs. The reason for choosing five training

epochs is that I observed that the performance obtained with 5 epochs is better than the

performance using 10, 20, and 30 epochs. After finishing the training on the training data, I

13



evaluate the trained model on the validation data by calculating the utility score. The best

threshold is selected by the criteria of generating a highest utility score using the validation

data. Finally, I use the best threshold to compute the utility score for the test data.
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Chapter 5

Implementation

The code is available at GitHub so that anyone with access to the PhysioNet/Computing

in Cardiology Challenge 2019 data can reproduce my experiment. The experiment is con-

ducted using Python programming language, the LSTM model is trained and evaluated with

TensorFlow open-source library, and the code is organized in Jupyter Notebooks. I use the

“Train Val Test Generation.ipynb” file to split the whole dataset into three parts: training,

validation, and test data. In this Jupyter notebook file, I specify the entire dataset’s file

path and the paths for storing the training, validation, and test data. For each implemen-

tation setting, I create two Jupyter notebooks: for the data cleaning and the LSTM model,

respectively. I specify the file paths for storing the training, validation, and test data for

both notebooks. In addition, the LSTM training file needs to define the file path for the

Python evaluation file and the file paths for storing the prediction results. Finally, I imple-

ment the “compute utility score” function in the “LSTM” Jupyter Notebook file to compute

the utility score using different thresholds. The function includes the Python file “evalu-

ate sepsis score.py”, which includes all the functions to compute “ AUROC”, “AUPRC”,

“Accuracy”, “F-measure”, and “Utility” values. The best threshold I select is the one that

can obtain the highest utility score for the validataion data.
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Figure 5.1: Sample code example showing one method used for data pre-processing.

Figure 5.2: Sample code showing the methods of data padding and model generation.
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Chapter 6

Results

The experiments’ results for the settings and models considered are shown in Table 6.1. As

can be seen in the table, standardizing the data can produce better results for Model 1 than

Model 2 when controlling the adding predictors’ approach. In addition, the table shows

that in terms of utility, adding predictors performs better than simply using the original 40

variables both when standardization is used or not used, for both Model 1 and Model 2.

Furthermore, Model 1 obtains better overall results than Model 2 by controlling the stan-

dardization method and adding predictors’ approach. Moreover, the best-chosen threshold

using Model 2 is higher than Model 1 in my thesis. The best threshold values are all between

0.25 and 0.7, as shown in Table 6.1 and Table 6.2. However, the threshold can be as low as

0.07 if training the model with 30 epochs, as shown in the paper published by Schellenberger

et al. (2019). Overall, the combination of no standardization, adding predictors, and using

Model 1 produces the highest utility score, which means this combination produces the best

overall early prediction of sepsis results.
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Table 6.1: Prediction results for different settings and models. The “Standardization” column means
whether I standardize the data before fitting into the model or not. The column “Adding Predictors”
shows if extra predictors based on the original 40 predictors are added or not. The “Model” column
represents which model is used in the training process. The performance is reported in terms of
several metrics, including the area under the precision-recall curve (AUPRC), best threshold, F1
score, and utility score. The cells highlighted in green correspond to the setting with the best overall
results among the eight implementation settings.

Standardization
Adding

Predictors
Model AUPRC

Best

Threshold
F1 score

Utility

Score

No

No
1 0.118 0.47 0.133 0.366

2 0.079 0.57 0.113 0.321

Yes
1 0.129 0.42 0.128 0.421

2 0.085 0.73 0.124 0.343

Yes

No
1 0.112 0.61 0.116 0.361

2 0.086 0.61 0.115 0.356

Yes
1 0.093 0.45 0.128 0.385

2 0.084 0.66 0.120 0.382

To avoid information overload in terms of graphs, I only report the results from the

best and worse settings on the early prediction of the sepsis here, in Figures 6.1 and 6.2,

respectively. The results of other settings are listed in Appendix A. The graphs show the

area under the precision recall-curve (AUPRC), the area under the receiver operating char-

acteristic curve (AUROC), the distribution of F1 scores, and the histogram of the prediction

probabilities on the test data. The F1 score and utility score will be different if using a

different threshold. The best threshold is the one which makes the utility score highest for

the validation data. The precision values in Figure 6.1 (best scenario) start from a little

above 0.4, resulting in an area under the precision-recall curve of only 0.13. However, in the

worst scenario, the precision value starts from around 0.3, resulting in an AUPRC of only

0.08, as shown in Figure 6.2. The values of the true positive rate in Figure 6.1 are always

above the red dashed line, and produce an AUROC value of 0.83, while the setting in Figure

6.2 only obtains an AUROC value of 0.78. Additionally, the F1 score in Figure 6.1 can get
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around 0.2 by using a large threshold, while the best F1 score in Figure 6.2 is less than 0.2.

Finally, the histogram of the predicted probabilities on the test data, shown in Figure 6.1

for the best setting, has more values below 0.1 than the histogram of predicted probabilities

in the worst setting shown Figure 6.2. This shows that the best model predicts no sepsis

labels with higher confidence. Overall, from the results of Figure 6.1 and Figure 6.2, we can

conclude that even under the scenario of no standardization, implementing Model 2 along

with not adding variables can worsen the prediction results significantly.
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Figure 6.1: Results for setting 3. This setting uses no standardization, adds more predictors, and
uses Model 1. The top left plot shows the precision-recall curve; the top right represents the receiver
operating characteristic curve; the bottom left presents the distribution of F1 scores using different
thresholds; the bottom right displays the histogram of the predicted probabilities on the test data.
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Figure 6.2: Results for setting 2. This setting uses no standardization, does not add predictors, and
uses Model 2. The top left plot shows the precision-recall curve; the top right represents the receiver
operating characteristic curve; the bottom left presents the distribution of F1 scores using different
thresholds; the bottom right displays the histogram of the predicted probabilities on the test data.

Using the best implementation setting with no standardization, additional predictors

added, and using Model 1, the early prediction of sepsis results varies if training the model

with a different number of epochs. As shown in Table 6.2, as the number of epoch increases,

the results become worse. Even though the F1 score does not change much by using a

different number of epochs, the utility score and the AUPRC become smaller if using a

larger epoch value. In addition, the best threshold also decreases as the number of epoch

increases. Figure 6.3 shows the learning curves for training and validation loss. The pictures

show that with the increase of the number of epochs, the loss becomes smaller. However,

using five epochs achieves the highest utility score.
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Table 6.2: Results for the best seeting using different number of epochs. The AUPRC stands for
the area under the precision-recall curve. The best threshold is the one that achieves the highest
utility score. The F1 and utility scores correspond to the best threshold. The cells highlighted in
green correspond to the number of epocs that show the highest utility score.

Implementation

Setting
Epochs AUPRC Best Threshold F1 score Utility Score

no

standardization,

adding predictors,

using model 1

5 0.129 0.42 0.128 0.421

10 0.109 0.40 0.130 0.392

20 0.098 0.31 0.129 0.362

30 0.087 0.25 0.127 0.341
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Figure 6.3: The learning curves show the training and validation loss using a different number of
epochs. The top left shows the loss using five epochs; the top right displays the loss using ten epochs;
the bottom left presents the loss using 20 epochs; the bottom right exhibits the loss using 30 epochs.

Figure 6.3 displays the training and validation loss using 5, 10, 20, and 30 epochs. The

training loss becomes smaller with the increase of the number of epochs for the training data.

However, the decreasing trends still hold for the validation data loss even though it does not

change as much as the training data.
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Chapter 7

Discussion

The results from the eight implementation settings, summarized in Table 6.1, show that

whether standardizing data can improve the early prediction results depends on the model.

More specifically, we can see that using Model 1 without standardization receives better out-

comes than standardization, but that is not the case for Model 2. The reason could be that

Model 2 has three dense layers to deal with the standardized data before the LSTM layers,

making the data more appropriate for the LSTM layers than without standardization. How-

ever, further research should be conducted to prove this point. In addition, adding predictors

presents better results for all the scenarios, which means the added extra predictors, such

as the hourly differences, play an essential role in the prediction results. Moreover, Model 1

performs better than Model 2 when no standardization is performed and more predictors are

added. The best implementation setting consisting of no standardization, adding predictors,

and using Model 1 has the highest area under the precision-recall curve and utility score, but

not the highest F1 score. The reason can be found when comparing Figures 6.1 and A.1. The

histogram of the prediction probabilities in Figure 6.1 shows more than 185,000 of the pre-

dicted probabilities are less than 0.1, while Figure A.1 has around 150,000. Therefore, when

using a small value of the threshold, the precision in Figure A.1 can arrive at around 0.8,

which is higher than 0.5 in Figure 6.1. That is why the implementation of standardization,

not adding predictors, and using Model 1 achieves a higher F1 score of 0.133.
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Table 6.2 shows that using less epoch results in a higher utility score. With the increase

of the training epochs, the results become worse. The reason is training the model with more

epochs achieves less loss and larger accuracy for the training data. However, the utility score

is the evaluation criterion in the early prediction of sepsis, instead of accuracy. In addition,

the best threshold drops when increasing the number of epochs because the model predicts

smaller probabilities after training longer.

From the learning curves of the training and validation loss in Figure 6.3, we can find the

validation loss does not decrease smoothly. The validation loss becomes larger than training

loss after training for more than 10 epochs. That is a clear sign that the model is overfitting.

Even though this model helps me and Schellenberger et al. obtain acceptable prediction

results. There could be a better LSTM model that can solve the overfitting problem.
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Chapter 8

Conclusions and future work

Adding more predictors based on the existing variables can capture more critical information

than using the original data. That information could play a vital role in the early prediction

of sepsis, such as the differences between two adjacent hours. Besides, data scaling could

destroy data diversity and weaken the strength of recognition. In general, as the number

of epochs increases, the training loss will also decrease, and the prediction results become

better. However, a small training loss may cause overfitting, meaning the model will not

generalize well on the test data. Thus, it may be useful to sacrifice some loss and allow some

false positive to avoid overfitting and improve the early prediction results on test data.

In conclusion, assuming that the goal is an early prediction of sepsis using LSTM, I

recommend adding more predictors based on the original existing variables and not stan-

dardizing the data before fitting into the training model, using Model 1 discussed in this

thesis. I suggest using a smaller value first and trying many different epochs for the number

of training epochs until obtaining the best early prediction results.

However, further improvements may be demanded to produce more reliable outcomes.

For example, concentrating on adding more variables based on the variables that are highly

related to sepsis may obtain better results, such as “FiO2” and “Platelets.” In addition, I

only try four different number of epochs and use two LSTM networks from existing published

papers in this thesis. I assume that tuning more numbers of epochs and implementing
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different LSTM model architectures should improve the early prediction results.
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Appendix A

The results for other scenarios
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Figure A.1: Results for setting 1. This setting uses no standardization, does not add predictors,
and uses Model 1. The top left plot shows the precision-recall curve; the top right represents the
receiver operating characteristic curve; the bottom left presents the distribution of F1 scores using
different thresholds; the bottom right displays the histogram of the predicted probabilities on the test
data.
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Figure A.2: Results for setting 4. This setting uses no standardization, adds predictors, and uses
Model 2. The top left plot shows the precision-recall curve; the top right represents the receiver
operating characteristic curve; the bottom left presents the distribution of F1 scores using different
thresholds; the bottom right displays the histogram of the predicted probabilities on the test data.
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Figure A.3: Results for setting 5. This setting uses standardization, does not add predictors, and
uses Model 1. The top left plot shows the precision-recall curve; the top right represents the receiver
operating characteristic curve; the bottom left presents the distribution of F1 scores using different
thresholds; the bottom right displays the histogram of the predicted probabilities on the test data.
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Figure A.4: Results for setting 6. This setting uses standardization, does not add predictors, and
uses Model 2. The top left plot shows the precision-recall curve; the top right represents the receiver
operating characteristic curve; the bottom left presents the distribution of F1 scores using different
thresholds; the bottom right displays the histogram of the predicted probabilities on the test data.
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Figure A.5: Results for setting 7. This setting uses standardization, adds predictors, and uses
Model 1. The top left plot shows the precision-recall curve; the top right represents the receiver
operating characteristic curve; the bottom left presents the distribution of F1 scores using different
thresholds; the bottom right displays the histogram of the predicted probabilities on the test data.
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Figure A.6: Results for setting 8. This setting uses standardization, adds predictors, and uses
Model 2. The top left plot shows the precision-recall curve; the top right represents the receiver
operating characteristic curve; the bottom left presents the distribution of F1 scores using different
thresholds; the bottom right displays the histogram of the predicted probabilities on the test data.
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