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Abstract

Enhanced Early Sepsis Onset Prediction: A Multi-Layer Approach

Kevin Ewig

Chair of the Supervisory Committee:
Dr. Juhua Hu
School of Engineering and Technology

Sepsis is a life-threatening organ malfunction caused by the host’s inability to fight infection. With-
out proper and immediate treatment, sepsis can lead to death. Early diagnosis and medical treat-
ment of sepsis in critically ill populations at high risk for sepsis and sepsis-associated mortality are
vital to providing the patient with rapid therapy. The mortality rate increases with each hour that
antibiotic treatment is delayed. Studies show that advancing sepsis detection by 6 hours leads to
earlier administration of antibiotics, which is associated with improved mortality. However, clinical
scores like Sequential Organ Failure Assessment (SOFA) are not applicable for early sepsis onset
prediction, while machine learning algorithms may be able to capture the progressing pattern for
early prediction. Therefore, this thesis aims to develop a machine learning model that predicts
sepsis onset 6 hours before it is suspected clinically. Although some machine learning algorithms
have been applied to sepsis prediction, many of them did not consider the fact that six hours is
not a small gap. To overcome this big gap challenge for early sepsis detection, this thesis explores
a multi-layer approach in which the likelihood of sepsis occurring earlier than 6 hours is output
from the 1st layer and fed to the 2nd layer as features to help predictions for the 6-hour horizon.
Moreover, we use the hourly sampled data like vital signs in an observation window to derive a
temporal change trend to further assist in sepsis prediction, which however is often ignored by pre-
vious traditional machine learning algorithms. Our empirical study shows that both the multi-layer
approach to alleviating the 6-hour gap and the added features to capture the temporal trend can

help improve the performance of early sepsis prediction.
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1 Introduction

Sepsis is a major public health concern. It is a life-threatening disease caused by a host’s failed
response to an infection [25]. The immune system of a sepsis patient becomes aggressive in its
protection against infection in the body, which causes organ dysfunction and potential organ dam-
age. Sepsis is still a common problem in modern medical settings, particularly Intensive Care Units
(ICUs). According to a global survey conducted in 2018 [22], roughly 13.6% to 39.3% of patients
admitted to ICU are impacted by sepsis. This share is 29.5% worldwide. Patients with sepsis also
experience longer and more expensive hospital stays. For patients that survive, sepsis can cause an

increased risk of permanent organ damage, and physical disability [12].

Early treatment before the formation of sepsis in patients has been shown to improve the chances
of successfully treating and preventing the disease [14]. Early care can prevent 80% of sepsis-related
deaths, and the chances of survival drop by 8% every hour if action is not taken [15]. In particular,
studies have shown that treating sepsis 6 hours earlier before the onset significantly improves the
patient’s chance of recovering [9, 10]. Therefore, this thesis focuses on the problem of early sepsis
prediction, that is, 6 hours in advance. Several clinical scores such as SOFA have been developed
to indicate the onset of sepsis with clinical-based data [25, 3]. These measures are helpful when
sepsis is onset already but have been limited for early prediction. For early sepsis onset prediction,
predictions derived using supervised machine learning models such as Random Forest or Long

Short-Term Memory (LSTM) models have vastly outperformed clinical scores [1].

Because of this, there has been ongoing research in developing a machine learning predictive
model to detect the onset of sepsis early before it is suspected clinically. Some studies have used
traditional machine learning models such as Logistic Regression and Random Forest [19, 18]. How-
ever, these studies did not capture the progressing temporal pattern that can be useful for early
sepsis prediction. Recently, deep learning models have also been applied in sepsis prediction, such
as Recurrent Neural Networks (RNNs) and Convolutional Neural Networks (CNNs) [16]. Compared
with traditional machine learning methods, deep learning often provides better prediction perfor-
mance. However, training deep models can be tedious to obtain the optimal layers and parameters.
In addition, none of them has considered the fact that 6-hour is not a small gap. Without the
progressing information for the next 6 hours before onset, it is challenging to make an accurate
prediction, which is explored in this thesis.

First, it should be noted that training successful deep neural networks is expensive in terms
of time, computational resources, and data. We aim to avoid using deep neural networks but still
capture the progressing temporal change pattern for early sepsis prediction. We accomplish this by
computing the hourly changes in feature values like heart rates within a given observation window.
Doing this will allow us to consider the temporal changes in the feature even in a traditional machine

learning model, where features are often considered independently. Second, we generate a temporal



change trend from hourly collected data such as vital signs in an observation window to aid in sepsis
prediction. Earlier traditional machine learning methods generally overlook adding a temporal
change to the model. Using a multi-layer technique to close the 6-hour gap and adding features to
capture the temporal trend can enhance early sepsis prediction accuracy. The contributions of this

thesis can be summarized as follows.

e We propose generating a series of delta values to capture the temporal change trend window
for a set of features. The temporal change is incorporated into the feature set for training

and prediction.

e We implement a multi-layer strategy in which the likelihood of sepsis arising earlier than
6 hours is generated from the first layer and provided to the second layer as an additional

feature to aid 6-hour horizon predictions.

e Based on the proposed method, we apply an economical machine learning algorithm, that
is XGBoost [5], to the trauma patients from year 2012 to 2015 at ICUs of UW Harborview
Center, and obtain an AUROC of 98.2%, where the specificity for non-sepsis patients is
98.9% and the sensitivity for sepsis patients is 88.7%. More importantly, XGBoost is easy to

interpret, which is essential for healthcare.

2 Related Work

Various machine learning models have been studied for sepsis prediction as follows.

2.1 Traditional Models

Some of the research done in sepsis prediction uses simple traditional machine learning models.
For example, Zabihiet et al. [31] used a wrapper feature selection algorithm based on XGBoost to
extract five different sets of features from clinical data to predict sepsis 6 hours before onset. Both
valid and missing clinical data are used to derive the relevant attributes. Afterward, an ensemble
model comprised of five XGBoost models is utilized to predict sepsis. The result was an average
AUROC of 83.3%.

In addition, Firoozabadi et al. [6] created models to predict sepsis as part of the PhysioNet/CinC
Challenge 2019. In this study, the authors took hourly samples of 40 features from each patient’s
data from three different ICUs. They processed the data to remove outliers, fill in missing data, and
replace the remainder with the population average. They discovered similarly that an ensemble

of bagged decision trees is effective for early sepsis prediction 6 hours before onset. A similar



observation is shown by Fu et al. [7]. The AUROCS obtained from these two studies were less than
80%.

However, these models did not consider that the temporal change trend can be helpful for early
sepsis onset prediction and missing 6-hours of progressing information is challenging to make an
accurate prediction. In this thesis, we will address both by adding temporal change trend features

and proposing a multi-layer approach.

2.2 Deep Learning Models

Deep learning models have also been applied to address specific challenges of sepsis prediction.
For example, Gilbertson et al. [11] used the Principal Component Analysis (PCA) to reduce the
dimensionality of patient data before applying a simple RNN. The PCA method reduced the original
40 patient features to 10 main components. In addition to this, a fast Sequential Organ Failure
Assessment (qSOFA) score generates one additional characteristic. These 11 characteristics are
then loaded into a deep neural network (DNN) classifier. However, the characteristics connected
with each hour are examined independently.

Later, Tsang et al. [26] applied LSTM which allows consideration of past time-step data em-
beddings within the prediction of the current time-step to capture the temporal pattern. Most
recently, Shah et al. [24] proposed a DNN model to predict sepsis 6 hours in advance. The DNN
model is used because of its feature learning capacity and its property of approximating functions.
Better sepsis onset prediction performance were observed using these deep learning models with an
AUROC from 88.8% to 89.3%. However, none of them has considered to address the 6-hour gap
challenge, that is explored by this thesis. Moreover, training DNNs are often time, resource, and

data expensive, which is avoided by this thesis.

3 Proposed Method

We assume that the Electronic Heath Records (EHRs) for a single patient can be represented as a
t x f matrix X. There are ¢ number of rows, where each row represents an hourly observation of
a patient’s features and where the ¢-th observation is the most recent. There is also f number of
columns, where each column represents a physiological feature. Let x; y denote the numerical entry
in X for time ¢ and feature f.

Our first challenge is reducing the 6-hour gap between the prediction and onset time. We
propose a multi-layer approach. In the 1st layer, we use the observed data up to the prediction
time to determine the probabilities that a patient will develop sepsis between the current time
t and the sepsis onset time ¢ + 6. For example, we can use the observed data to determine the

probability of sepsis onset at ¢ + 3. Then, this probability will be treated as an additional input



feature in the 2nd layer of our approach. After that, the big 6-hour gap can be shrunk using an
in-between measure with a smaller gap of 3. We can further shrink the gap by providing sepsis
onset probabilities of each hour in-between to feed more features in the 2nd layer. Finally, the 2nd
layer output will provide the sepsis onset prediction in 6 hours.

We denote the ground truth® sepsis onset label as ¢ that has an indication of onset hour ¢. More
then often, the hourly physiological patient data contain missing values, which are imputed and
filled in. In order to train the model to predict sepsis onset h = 6 hours into the future, for each
patient, we first shift the values in ¢ earlier by h hours and call this yj,. This step creates a new
target feature of sepsis that will occur in A hours. The leftover values on the table with no sepsis
ground truth values are dropped from the data. This step is illustrated in Table 1 as an example.
From this example, we can observe that if we want to predict sepsis onset in 3 hours, using observed
patient data up to t = 1, sepsis onset prediction for ¢ = 4 should be 0, and using data up to t = 2,

sepsis onset prediction for ¢ = 5 should be 1.

t |y t|ys
10 10 T
210 9 Y3
10
30%31—>2
4]0 4] -
31
501 5] -
61 6| -

Table 1: In this example, the table in the left contains the ground truth for sepsis at time ¢. In
order to produce new ground truth values for sepsis at time ¢t + h, the ¢ values are shifted by h = 3
hours. The leftover rows are dropped.

After shifting the label for h hours to predict sepsis onset in A hours, for a certain hour ¢, we
can use only the x; y values across all of the features, and the new ground truth label 4jj, to train the

sepsis onset classification model that will be able to make a prediction on new patients and provide

$The sepsis onset label has been given using the CDC’s adult sepsis surveillance criteria with a priori modifications
utilizing readily obtainable EMR data to improve specificity for the trauma population. It is required that all of the
following be present: 1) an order for a new IV or qualifying oral antibiotic, not administered within the previous
48 hours and excluding antibiotics used for surgical prophylaxis, 2) a body tissue culture was ordered within 48
hours of antibiotic initiation, 3) a qualifying antibiotic was sustained for at least 4 consecutive days, or until
death or discharge, and 4) a 2-point increase in the maximum daily sequential organ failure assessment (SOFA)
score occurred within 3 days before and 3 days after the qualifying culture. The criteria is restricted to hospital-
acquired infections, which is defined as cultures obtained on or after the third hospital day. Two subgroups were
independently adjudicated before final sepsis assignments were made: culture-negative sepsis and patients meeting
partial but not full criteria.



the probability of sepsis in h hours as y. This is illustrated as an example in Table 2. Specifically,
given the hard label of sepsis onset or not, the trained model can provide the probability of sepsis

onset of each time stamp, which contributes the 1st layer of our proposed method.

tlx | @2 | .|y Y3 Y3

1198 | 102 ..130 0 0.26
2195 107 | ... | 32 0 0.44

+ —
3198 | 111 | ...| 35 0 0.62
41100 | 109 | ... | 40 0 0.61
5197 109 | .. |41 1 0.71
Table 2: 1st Layer: Probability of Sepsis in h = 3 hours. Features z1, x2, ..., 2y are used to train

a model with the ground truth label 4, and the model is then used to predict the probability of
sepsis onset in A hours as y,.

After this, we include the probability of sepsis in h hours or y, (i.e., h = 3), as a new feature of

the dataset X to predict sepsis in 6 hours in the 2nd layer. This is shown in Table 3.

t X1 xI9 In Y3 ?j@ Y6
98 | 102 | ... | 30 | 0.26 + 0 — 0.66
2195|107 | ..1]13210.44 1 0.74

Table 3: 2nd Layer: A toy example of calculating the probability of sepsis onset in 6 hours with an
additional feature of yy, that is, the probability of sepsis onset at h = 3 output from the 1st layer.

Now, yg output from our multi-layer approach can be used to determine the presence or absence
of sepsis in 6 hours. If yg shows that the probability of sepsis is more than 50%, we assume that the
patient will develop sepsis in 6 hours. Otherwise, we determine that the patient will not develop
sepsis in 6 hours. It is also important to note that multiple features y’s output from the 1st layer’s
models can be added to enhance the prediction of yg. For example, we could add the values of 1,

Y2, ..., Y5 to predict yg.

3.1 Delta Values for Temporal Change Trend

In order to capture the temporal change trend that can be helpful for early sepsis onset prediction,
we compute the delta values within the observation window, where the window size is denoted as

w. To do this, we derive a new feature f’ for each feature and set the value as the difference of



values for a feature between each nearby timestamp. This means that given feature f, we derive a
new feature f’ and then set the value as Xy pr = Ty p — Ty—1,p within observation window w. The
algorithm to derive this new feature can be found in Algorithm 1. The new features are added to

help predict sepsis.

Algorithm 1: An algorithm to compute the delta values for f’, new features added in

X derived from a feature f.

Input: f: A feature in X used to compute the delta values.
Input: w: The observation window size.
1 // Initialize the new feature, f’
for r < 1 to w do
Ty fr < 0
end

// Populate the new feature f’

if r > w then

2

3

4

5

6 forr< 1totdo
7

8 for n < 1 to w do
9

Ty fr < Tyr—n,f — Tr—n—1,f

10 end
11 else
12 end

4 Experiments

To evaluate the proposed method, we use trauma patients’ data provided by UW Harborview
Medical Center. It contains prospectively collected, de-identified data from injured adults ages
16 years and older who were admitted to Harborview Medical Center intensive care unit (ICU)
between 2012-2015 and required at least three days of invasive mechanical ventilation. The dataset
includes physiological data on 1,263 patients, 186 (14%) were identified to have sepsis during the
first 14 days of admission. The patient data is sampled at different time intervals. Vital signs, for
example, were sampled hourly, whereas laboratory tests were sampled daily or less frequently. As
such, there are some features with many missing values. We use imputation strategies, which will
be discussed later, to address this problem. The list of features used in this thesis is summarized

in the Appendix.



4.1 Imbalanced-Class Problem in Data

One of the primary problems with the sepsis patient data we received is predicting an outcome that
occurs in less than 50% of the study population using an hour-by-hour or day-to-day framework.
Approximately 16.4% of the records in the dataset have a sepsis indicator, while the rest does not
have it. Most of the patients admitted to the ICU never develop sepsis. Some patients develop
sepsis within an hour or two, and some develop sepsis after a more extended period.

To account for the imbalanced nature of the data, we used the following methods. First, we
only include hourly patient records from day two until day 14 of the patient’s stay in the ICU. This
is because the scope of this study is patients developing sepsis after being in the ICU. Limiting the
data will reduce the number of hourly records with no sepsis that does not need to be included
in the training model. Second, if a patient has an hourly record with sepsis, then we remove all
the subsequent hourly records for that patient. For example, if we see a patient record with sepsis
at 4:00, all following observations are removed. It is because we are only interested in the early
sepsis onset prediction, that is, the first onset. We use 5-fold stratified cross-validation method for
training. In addition, to further account for the imbalance of data, we use a random oversampling
of 0.8. Finally, we use random under-sampling to make the number of minority class data the same
as the number of majority class data in the sample. To illustrate this further, suppose there are
20 minority samples and 1000 majority samples. Random oversampling duplicates the 20 minority
samples without replacing them until there are 800 samples. As a result, there are 800 minority

samples and 1000 majority samples.

4.2 Missing Data Imputation

To handle the missing data problem, we apply and compare three state-of-the-art imputation
strategies. The first is Carry Forward Imputation. This imputation implementation is the most
straightforward approach where the previous data values are passed on to the next if the following
values are missing. The second is Multiple Imputation by Chained Equations (commonly known as
MICE) [28]. With the MICE approach, the missing values are filled iteratively using the mean and
a linear regression model several times. The third is a machine learning model called Recurrent
Imputation for Time Series (RITS) [4]. In this approach, a masking vector is constructed for the
missing values. The time gaps between each record are also built. This is passed into a machine
learning model for training. The resulting RITS model can then be used to impute the missing

values.

4.3 Statistical Values

In our proposal, delta values are used to capture the temporal change trend within the observation

window w. As a baseline, we can also add statistical information computed from a feature f within



the time window. Specifically, given a feature f within an observation window w, we can add
six statistical features based on S = [T¢_y f, Tt—wi1,f, Tt—w+2,f5 - Tt ], that is mean(S), min(S),
max(S), the standard deviation of S, the skewness of S, and the kurtosis of S.

4.4 Evaluation Metrics

To evaluate the quality of this approach, we use the Area Under the Receiver Operator Curve,
confusion matrix counts, Sensitivity and Specificity. The evaluation of the model for predicting the

onset of sepsis in 6 hours will be calculated based on results from the confusion matrix shown.

Sepsis Diagnosis

Absolutely Positive | Absolutely Negative Total
Predicted Positive TP FP TP+ FP
Predicted Negative FN TN FN+TN
Total TP+ FN FP+TN

Each entry in the table is as follows, True Positive (TP), True Negative (TN), False Positive
(FP), and False Negative (FN). Note that the entries inside of a confusion matrix (TPs, FPs, FNs,
TNs) are defined as follows:

e True Positives (TPs): the number of positive examples accurately classified by the model.
e True Negatives (TNs): the number of negative examples accurately recognized by the model.

e False Positives (FPs): the number of negative cases wrongly categorized as positive by the

model (i.e., negative examples incorrectly classed as ”positive”).

e False Negatives (FNs): the number of positive cases wrongly categorized as negative by the

model (i.e., positive examples incorrectly labeled as "negative”).

In addition to these confusion matrix counts, we will use the Sensitivity, Specificity and Area

TP
TP+FN

defined as a measure of how well the model can recognize positive examples. When evaluating

is

Under the Curve (AUC) to determine the performance of each model. Sensitivity =

model performance, sensitivity is frequently compared to specificity. Specificity = FPTJF% is the
fraction of real negatives properly detected by the model. Finally, AUC is calculated as the Area
Under the Sensitivity — (1 — Speci ficity) Curve.

4.5 Performance Comparison

To evaluate the proposed method, we first compare between with and without the 1st layer to

shrink the gap. The one-layer setup did not include y;, values as features in the prediction process.



The two-layer setup did include the value of y3 (h = 3) as a feature in the 2nd layer. We then
used two different observation window sizes, w = 6 and w = 12. Finally, we compare different
models: Logistic Regression (LR), Random Forest (RF), and XGBoost (XGB), to determine which

one produces the best result. The complete result for all experiments is located in the Appendix.

Imputation Comparison

We first compare different imputation strategies for the missing data. We used one of the settings,
a single layer with a 6-hour observation window running on XGBoost, to compare the outcomes of

the three imputation algorithms. The results of the experiments are shown in Table 4.

Name AUROC Sensitivity Specificity
Carry Forward  0.958 0.833 0.949
MICE 0.956 0.845 0.943
RITS 0.940 0.775 0.973

Table 4: Comparison of various XGBoost results

It can be observed that the results from Carry-Forward and MICE approaches were similar.
Although the Carry Forward approach has the best AUROC, MICE and RITS had better results
for Sensitivity and Specificity, respectively. Since the Carry Forward approach is easy to implement
and there is not that big a difference between this and the other imputations, we used the Carry

Forward approach in the following experiments.

Results and Discussions

Table 5 shows the top AUROC, Sensitivity, and Specificity results of each model. It can be observed
that XGBoost performs better than other models in terms of AUROC and Sensitivity. Specifically,
the best XGBoost model (2 Layers Size 6 XGB Delta) has obtained the best AUROC of 0.982.
The Random Forest model provides a high Specificity value like 0.9999; however, it has very low
Sensitivity, which indicates that the model is not effective in sepsis onset detection. Finally, LR
has a balanced performance on Sensitivity and Specificity. However, they are both worse than
XGBoost. Therefore, we will use only XGBoost for comparison in the following experiments.

It is also interesting to note that all of the highest values for AUROC, Sensitivity, and Specificity
in XGBoost are in the models with 2 Layers and only use the Delta Values. Further examination
of Table 6 shows that using the statistical values provides a higher AUROC for the one-layer setup.

However, for the multi-layer design, using the Delta Values performs better than setups that use
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Name AUROC Sensitivity Specificity
1 Layer Size 6 LR Delta 0.828 0.736 0.789

1 Layer Size 6 LR Delta Stats 0.828 0.774 0.755

1 Layer Size 6 LR Stats 0.840 0.790 0.755

1 Layer Size 12 RF Delta 0.864 0.021 0.9999
1 Layer Size 12 RF Delta Stats 0.845 0.053 0.9998
2 Layers Size 6 RF Delta 0.891 0.016 0.9999
2 Layers Size 6 XGB Delta 0.982 0.887 0.989

2 Layers Size 12 XGB Delta 0.976 0.892 0.989

2 Layers Size 12 XGB Delta Stats 0.973 0.811 0.991

Table 5: Performance Comparison

Delta and Statistics or just Statistics. More importantly, 2-layer approaches provide significantly
better performance compared to the 1-layer approaches, which demonstrates the effectiveness of

our proposed method.

Name AUC  Sensitivity Specificity
1 Layer Size 6 XGB Delta 0.959 0.838 0.971
1 Layer Size 6 XGB Delta Stats 0.956 0.795 0.981
1 Layer Size 6 XGB Stats 0.965 0.784 0.987
1 Layer Size 12 XGB Delta 0.961 0.844 0.970
1 Layer Size 12 XGB Delta Stats  0.951 0.779 0.981
1 Layer Size 12 XGB Stats 0.966 0.801 0.987
2 Layers Size 6 XGB Delta 0.982 0.887 0.989
2 Layers Size 6 XGB Delta Stats 0.971 0.811 0.990
2 Layers Size 6 XGB Stats 0.974 0.822 0.986
2 Layers Size 12 XGB Delta 0.976 0.892 0.989
2 Layers Size 12 XGB Delta Stats  0.973 0.811 0.991
2 Layers Size 12 XGB Stats 0.973 0.811 0.991

Table 6: Comparison on XGBoost

Finally, we increase the number of features from the 1st layer added to the second layer. Specifi-

cally, we add the probabilities of sepsis onset in 1 hr, 2 hrs, to 5 hrs as additional features in the 2nd
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layer. We then compare it with a two-layer setup with an observation window size of 12 hours using
3 hr probability only. The results are shown in Table 7. Based on this, we can observe that having
multiple probabilities can further help shrink the gap and improve the prediction performance in

terms of all metrics.

Name AUC  Sensitivity Specificity
Multiple Probabilities XGB Delta. 0.988 0.897 0.991
One Probability XGB Delta 0.976 0.892 0.989

Table 7: Comparison between multiple probabilities and one probability.

4.6 Model Explanation

To verify if these probabilities added from the 1st layer are helpful for making predictions, we
apply LIME [21], a tool that attempts to explain the weights in a predictive model, and check the
importance of features for sepsis onset prediction in the 2nd layer. Specifically, we took a random
sample of the data and used LIME to get the importance of each feature for both models shown in

Table 7. Top 5 important features for each model are listed in Table 8.

3 hour Probability Included 1 hr to 5 hr Probabilities Included

Feature Value Feature Value
sepsis-layer1-3hr | 0.026 creatinine-3 —0.023
creatinine-6 —0.021 neutrophils-2 —0.021
surgSum-8 —0.020 neutrophils-5 0.019
neutrophils-1 0.020 sepsis-layer1-5hr -0.019
neutrophilis-9 0.019 creatinine-6 0.014

Table 8: Top values from LIME that influence the probability of sepsis in 6 hours

The left table shows the top values that affect the prediction for a two-layer model with only the
3 hr probability. The results show that the probability of sepsis occurring in 3 hours contributed
significantly to the prediction of sepsis onset in 6 hours. The table on the right shows the top values
that affect the prediction for a two-layer model with 1 hr to 5 hr probabilities. The results show
that the likelihood of sepsis occurring within 5 hours contributed significantly to the prediction.

This further demonstrates the importance of shrinking the gap as much as possible.
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5 Conclusion

This thesis presents a new machine-learning-based prediction setup for early sepsis onset prediction
for critically ill trauma patients. We constructed a series of delta values to record the temporal
change trend within an observation window for a group of characteristics. We also used a multi-layer
technique in which the first layer generates the risk of sepsis developing before 6 hours and provides
it to the second layer as an additional feature to enhance the model’s performance and close the 6-
hour gap. Based on the experiments, adding the delta values within a specified observation window
and adding more sepsis probability features improves sepsis prediction. In addition, in this study,
we show that using multi-layers in conjunction with XGBoost produces the best results based on
AUC and Sensitivity.

There are two future directions for this research. First, we would like to validate our developed
models by using a new dataset to determine if this method of sepsis prediction will work as a
whole. Finally, we would like to enhance the explainability of the model so that it can provide
more valuable data to the clinical staff. This information, in turn, can identify discriminatory
features and will be helpful to clinicians as this information can be used to monitor and screen for

sepsis.

6 Appendix

6.1 Features Used in Generating Delta and Statistic Values

Vital Signs:

Heart Rate
Systolic Blood Pressure

Diastolic Blood Pressure

Mean Arterial Pressure (MAP)
Respiratory Rate

Temperature

Fraction of Inspired Oxygen (FiO2)

Cumulative exposures or Therapeutic Interventions:

bolusSum: IV fluid boluses (volume > 500mL in 1 hour)
Number of hours in Surgery

Number of days requiring invasive mechanical ventilation
Ventilated
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Laboratory values and/or Other physiologic parameters:

Bicarbonate (bicarb)

Stronglon: Strong ion difference
Blood Urea Nitrogen (BUN)
Creatinine

Lymphocyte

Urine Output (UOP)

Acidosis, Hypoperfusion

6.2 Complete Results

The following tables (Tables 9, 10 and 11) are the complete results for each model (i.e., Logistic

Regression, Random Forest, and XGBoost), with an observation window size of 6 and a size of 12.



Name AUC  Sensitivity Specificity

1 Layer Size 6 LR Delta 0.828 0.736 0.789
1 Layer Size 6 LR Delta Stats 0.828 0.774 0.755
1 Layer Size 6 LR Stats 0.840 0.790 0.755
1 Layer Size 12 LR Delta 0.827 0.763 0.783
1 Layer Size 12 LR Delta Stats  0.830 0.784 0.754
1 Layer Size 12 LR Stats 0.839 0.790 0.756
2 Layers Size 6 LR Delta 0.824 0.758 0.783
2 Layers Size 6 LR Delta Stats 0.824 0.763 0.756
2 Layers Size 6 LR Stats 0.838 0.784 0.756
2 Layers Size 12 LR Delta 0.825 0.747 0.781
2 Layers Size 12 LR Delta Stats  0.829 0.790 0.754
2 Layers Size 12 LR Stats 0.838 0.784 0.755

Table 9: Results from the Logistic Regression model

Name AUC  Sensitivity Specificity
1 Layer Size 6 RF Delta 0.869 0.021 0.9999
1 Layer Size 6 RF Delta Stats 0.864 0.053 0.9998
1 Layer Size 6 RF Stats 0.849 0.032 0.9998
1 Layer Size 12 RF Delta 0.864 0.021 0.9999
1 Layer Size 12 RF Delta Stats  0.845 0.053 0.9998
1 Layer Size 12 RF Stats 0.855 0.043 0.9998
2 Layers Size 6 RF Delta 0.891 0.016 0.9999
2 Layers Size 6 RF Delta Stats 0.878 0.048 0.9998
2 Layers Size 6 RF Stats 0.860 0.021 0.9998
2 Layers Size 12 RF Delta 0.889 0.021 0.9999
2 Layers Size 12 RF Delta Stats  0.859 0.053 0.9998
2 Layers Size 12 RF Stats 0.863 0.037 0.9998

Table 10: Results from the Random Forest model




Name AUC  Sensitivity Specificity

1 Layer Size 6 XGB Delta 0.959 0.838 0.971
1 Layer Size 6 XGB Delta Stats 0.956 0.795 0.981
1 Layer Size 6 XGB Stats 0.965 0.784 0.987
1 Layer Size 12 XGB Delta 0.961 0.844 0.970
1 Layer Size 12 XGB Delta Stats ~ 0.951 0.779 0.981
1 Layer Size 12 XGB Stats 0.966 0.801 0.987
2 Layers Size 6 XGB Delta 0.982 0.887 0.989
2 Layers Size 6 XGB Delta Stats ~ 0.971 0.811 0.990
2 Layers Size 6 XGB Stats 0.974 0.822 0.986
2 Layers Size 12 XGB Delta 0.976 0.892 0.989
2 Layers Size 12 XGB Delta Stats  0.973 0.811 0.991
2 Layers Size 12 XGB Stats 0.973 0.844 0.987

Table 11: Results from the XGBoost model
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