ABSTRACT

LIN, CHEN. The Many Faces of Septic Shock: A General Framework for Disease Prediction using
Generated Visualizations. (Under the direction of Dr. Min Chi.)

The recent advances in data collection and storage technologies have enabled the collection
of large amounts of complex time series data. Such data has provided invaluable information and
created unprecedented opportunities to make revolutionary breakthroughs. In this dissertation, a
type of complex multivariate time series data called Electronic Health Records (EHRs) were used.
EHRs are a systematized collection of patient medical histories containing static and dynamic
information. Static information (e.g., age and gender) is generally collected once and remains static
during a patient’s visit. Dynamic information (e.g., vitals and lab results), on the other hand, is
represented as time series data and captures patients’ changing health conditions.

This dissertation focuses on building a general framework that further improves Long Short Term
Memory (LSTM). LSTM is a powerful model specially designed to handle temporal dependencies in
time series data. The framework was applied to predict a life-threatening condition called Septic
Shock under two different experimental settings: visit level early diagnosis (left align) and event
level early prediction (right align). The dissertation is organized into the three thrusts as described

below, each of which captures a major development.

¢ Thrust 1: We investigated whether LSTM can be improved by doing one of the following: 1)
incorporating static information, 2) using one-side Convolutional Neural Network (1CNN)
to extract temporal-invariant patterns from dynamic information, or 3) incorporating both
static information and 1CNN. Our findings suggest that adding static information improves
the performance, whereas applying 1CNN worsens the results.

¢ Thrust 2: We investigated whether two-side CNNs (2CNN) can be applied to further improve
the results from Thrust 1. Motivated by two-side CNN’s (2CNN) success in computer vision,
we propose a novel component called Image Generator, which maps EHRs to image repre-
sentations. 2CNN is then applied to the generated image representations to extract spatial
invariant patterns predictive of Septic Shock. Our results show that transforming EHRs into
images achieves greater performance than using EHRs directly in the left align experimental

setting, but not in the right align experimental setting.

e Thrust 3: We investigated if the framework can be further improved if both of the original
EHRs and the generated image representations are used as inputs in the prediction process.
More specifically, the extracted patterns from the image representations using 2CNN are
concatenated with the dynamic information at every temporal step. The results show that the

proposed framework in Thrust 3 leads to the best performance in both experimental settings.



The contributions of this dissertation are threefold. First, the framework introduces an innovative
way of mapping complex multivariate time series data to meaningful image representations. The
image representations allow us to fully take advantage of 2CNN’s computational power to extract
important features contributing to Septic Shock while filtering out irrelevant information. Second,
the proposed framework achieved great success in Septic Shock early diagnosis and prediction, thus
making it possible to identify patients at high risks early on so timely treatment can be provided.
Finally, the generated image representations are intuitive, interpretable, and informative. Therefore,
they can potentially prove to be a great visual aid for researchers hoping to better understand the

process of Sepsis progression.
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CHAPTER

1

INTRODUCTION

1.1 Research Overview

The recent advances in data collection and storage technologies have enabled the collection of large
guantities of complex multivariate time series data. This data has proven to be an invaluable source
of information and has created unprecedented opportunities to make revolutionary breakthroughs.
Organizations and companies are now turning to predictive analytics to help them uncover new
opportunities and make important decisions. For example, as cybersecurity becomes increasingly
concerning, there is a need for high-performance models to monitor activity data in real time,
spot abnormalities, and prevent criminal behaviors. As another example, many organizations have
focused on stock market prediction. The successful prediction of stock trends could yield a signi cant
pro t. Despite its great potentials, many challenges are faced in mining complex time series data,
such as high dimensionality, temporality, noise, heterogeneity, irregularity, mixed granularities,
sparseness, and incompleteness [Birl5].

This dissertation primarily focuses on a type of complex multivariate time series data called
electronic health records (EHRs). EHRs are a systematized collection of health data stored in a digital
format [Shil7]. They are primarily designed for archiving and administrative purposes. Generally
speaking, EHRs contain two types of information:  static information , such as gender, race, ethnic,
and diagnosis, and dynamic information which includes temporal information, such as vitals,
lab/ assessment results, medication, and treatment. Dynamic information is often collected multiple



times at irregular time intervals during a patient's visit and gets updated whenever a new medical
record is available. Each record is associated with a unique timestamp.

This dissertation describes a general framework that performs early prediction using EHRs. The
early diagnosis and prediction of clinical conditions allow more time for treatment and intervention.

For many diseases and conditions, such as kidney failure and cancer, early diagnosis leads to a
higher survival rate and a reduced hospital cost.

More speci cally, this dissertation proposed a framework based on a type of Deep Neural
Network called Recurrent Neural Network (RNN). RNN is one of the most powerful models for
time series data and has achieved superior performance in Language modeling [Sun12], translation
[Cho14], text generation [Vin15], speech recognition [Sak14]), and recognition of surgical activity
[DiP16]. The original vanilla RNN has a memory maintenance scheme that allows the information
calculated in the past to be passed to the future state. Therefore, RNN is effective in capturing
temporal dependencies between events. However, the original RNN is often affected by the gradient
vanishing and exploding problem when the sequenceislong [Pas12. Therefore, Long Short Term
Memory (LSTM) is designed to tackle this problem. Numerous studies  [Miol6; Phal6; Chol6] have
applied RNN /LSTM to predict future medical events using EHRs and found thatthe RNN  /LSTM
based framework achieves signi cantly better results than classic machine learning classi ers. In
this dissertation, LSTM was applied as the model is more robust for long sequence data.

The major research goal of this dissertation is to build a framework that further improves the
performance of LSTM. The framework was applied to predict a clinical condition called Septic
Shock, which is the most severe stage of Sepsis. Our research was carried out in three thrusts. Each
thrust focuses on a speci c research question.

In thrust 1, we were concerned with whether LSTM can be improved by: incorporating static
information through a dense layer, applying a Convolutional Neural Network (CNN) layer to extract
temporal-invariant patterns from the dynamic information, or both. The rstidea is motivated by
previous research, which suggests static information such as comorbidities  [Won14] and gender
[Coh15] are important predictors of Septic Shock. Thus, we hypothesized that incorporating static
information may improve performance. The second idea is motivated by the fact that the structure of
LSTM between its input and hidden layer is shallow. Empirical evidence suggests that having depth
in the neural network leads to better performance. Prior studies  [Chel6; Chel7] have applied CNN
to capture temporal-invariant patterns from the dynamic information of EHRs. In this dissertation,
we made a similar attempt. A One-side CNN (1CNN) layer was added between the input and the
hidden layer of LSTM. Note that the added CNN layer is called one-side CNN as the convolution
operation is only applied to the temporal dimension but not the feature dimension. The name for
this particular type of CNN is distinct from  two-side CNN (2CNN) applied in computer vision in
which the convolution operation is applied to two dimensions: width and height [LeC98], [ZF14],
[Sz14.



The proposed framework was tested in two experimental settings, each of which focused on a
different prediction task: the visit level early diagnosis (left align) and the event level early prediction
(rightalign). Our results showed that adding static information leads to better performance, however,
the added 1CNN layer does not bring any performance gain. We suspect the temporal-invariant
patterns extracted by 1CNN may have already been captured by LSTM. However, the relationship
between features are not fully modeled as the convolution operation is not applied to the feature
dimension. On the other hand, 2CNN is capable of extracting patterns between different features
(i.e., pixels) in images. Nonetheless, EHRs do not possess the same spatial arrangement as images
that allows 2CNN to work optimally. Thus, in thrust 2, we attempted to tackle this problem by
transforming EHRs into images.

In thrust 2, we explored how we can adapt the EHRs for the application of 2CNN. We proposed a
component called Image Generator which takes a sequence of EHRs as input and then maps them
to a sequence of image representations re ecting different sepsis stages. 2CNN was then applied to
extract spatial-invariant patterns from those image representations. Finally, the extracted patterns
were fed into LSTM. In this thrust, the proposed framework was also tested in the two aforementioned
experimental settings, i.e., the visit level early diagnosis (left align) and the event level early prediction
(right align). The results showed that transforming EHRs into image representations and then
applying 2CNN achieves greater performance in the left align experimental setting but not in the
right align experimental setting.

In thrust 3, we investigated whether the performance could be improved by using both EHRs
and the generated image representations. Although the results in thrust 2 suggested the images
representations capture some predictive information, a certain degree of information loss is in-
evitable during the transformation. Therefore, in this thrust, the extracted patterns from 2CNN were
concatenated with the dynamic information of EHRs at every temporal step. The concatenated
vectors were then fed into LSTM to make a nal prediction. Again, the framework was tested in both
visit level early diagnosis setting (left align) and event level early prediction (right align) setting. The
results showed that the proposed framework in thrust 3 led to the best performance in both settings.

To summarize, in this dissertation, we propose a general LSTM based framework for Septic
Shock prediction. The proposed framework incorporates a dense layer to handle static information.
Italso contains an Image Generator which maps EHRs to theirimage representations. The generated
image representations allow the application of 2CNN, which can capture important spatial-invariant
patterns. The proposed framework achieves greater performance than LSTM. As a byproduct,
the Image Representation can provide an intuitive, immediate, interpretable, and informative
visualization that helps researchers without a medical background to better understand the process
of disease progression.



1.2 Thesis Statement And Hypotheses

In this dissertation, we proposed a general predictive framework based on LSTM to predict Septic
Shock using EHRs. The dissertation was carried out in three thrusts.

In thrust 1, we incorporated static information by applying a dense layer. Furthermore, we
introduced a 1CNN layer to extract temporal invariant patterns from the dynamic information
in EHRs and then feeding the extracted patterns to LSTM. The hypothesize was both approaches
would lead to improved performance.

In thrust 2 we explored how to adapt EHRs for the application of 2CNN. At the core of this
proposed framework is a component called Image Generator. This component was designed to
follow three important design principals: 1) empathetic visualization, 2) visual homomorphism
[LS0Z], and 3) automatic mapping. In this dissertation, we used facial images as media for visualizing
EHRs. Given that one of our major research goals is to predict Septic Shock, it is natural to de ne a
one-to-one correspondence between emotions and the different stages of Sepsis. Thus, we de ned
neutral corresponds to infection, sad to in ammation, angry to organ failure, fear to Septic Shock,
and happy to any patients that are not in any of the aforementioned Sepsis stages. As a result, the
evolving emotions re ect the trajectory of disease progression. One way to generate the image
from the data is by explicitly determining a set of layout rules. However, it is often hard to come
up with handcrafted layout rules and guarantee a high-quality image, let alone enforce visual
homomorphism. Our framework employs a more principled approach: we designed an Image
Generator component is based on neural network that learns the mapping automatically through
back-propagation. Formally. the Image Generator has three parts: Mapping , Image Rendering,
and Emotion Classi er . Image Generator rst maps the incoming EHRS, including both static and
dynamic information, to a high-level image representation through Mapping . Given these high-
level representations (i.e., the emotion vector and identify vector), images can be generated by the
second part Image Rendering. To ensure the quality of the generated image and to enforce visual
homomorphism, the third part Emotion Classi er is introduced to recognize different emotions
(i.e., neutral, sad, angry, fear and happy) from a given facial image. We hypothesized that using
the generated image representations allow us to fully take advantage of 2CNN's power, thus the
framework would yield improved results.

In the thrust 3, we investigated if the prediction would be further improved if we use both
EHRs and the generated images as inputs. More speci cally, after 2CNN is applied to capture the
spatial-invariant patterns within the image representations derived from the EHRS, its output is
concatenated with the dynamic information at every temporal step. The concatenated vectors were
fed into LSTM to make a nal prediction. We hypothesized the framework in thrust 3 would achieve
the best results.

To train the entire framework, two datasets were used. The rst dataset - Radbound Face Dataset-



[Lan10] was used to learn the weights in Image Rendering and Emotion Classi er . This database
is a public dataset provided by the behavior Science Institute of the Radbound University. The
dataset contains high-quality pro le images showing eight facial expressions: anger, disgust, fear,
happiness, sadness, surprise, contempt, and neutral. All images have labels corresponding to the
depicted emotions and identities. A total of 456 front view images from 57 models were used in this
dissertation. The second dataset is an EHRs dataset from Christiana Care Health System (CCHS),
Newark, USA. It was used for training Mapping as well as carrying out our prediction experiments.
This dataset consists of adult inpatients' medical records from July 2013 to December 2015. In total,
there are 119,857 patients and 210,289 hospitalizations in the CCHS dataset.

The framework was tested in two different experimental settings: the visit level early diagnosis
(left aligned) prediction and the event level early prediction (right aligned). For the visit level early
diagnosis task, the rst n hours of the patients' EHRs were made available to the framework. The goal
is to predict whether the patient will develop Septic Shock at any subsequent point during the visit.

To carry out this task, the patients' sequences were left aligned, i.e., they were aligned by the start of
their visits. Only records within the rst  n hours of patients' visit were used for training and testing.
This n-hour window is denoted as the observation window . For the event level early prediction task,
the goal is to predict whether the patient will develop Septic Shock  m hours later. To carry out this
task, we right aligned all sequences by their endpoint. For Septic Shock patients, the endpoint is
the onset time of Septic Shock, whereas for non-Septic Shock patients, the end point is the end of
truncated sequences. Note that for all Septic Shock patients, their shock onset time is identi ed

as the rst occurrence of any abnormality within the speci ed Septic Shock criteria as de ned by
clinicians. The EHRs within the m -hour window leading up to endpoint were omitted. This ~ m-hour
window is denoted as the hold-off window. Only the records before the hold-off window were used

to predict whether the patient will be in septic shock ornot ~ m hours later.

To evaluate the results, Recall, F1 Score, AUC, accuracy, and precision were computed. Generally
speaking, the F1 score and AUC present the trade-off between different metrics, and they are more
robust. Therefore, we will mainly focus on these two metrics.

To summarize, the following hypotheses were investigated in this dissertation:

« Hypothesis 1: In thrust 1, introducing 1CNN between the input and the hidden states of LSTM
would yield a similar or better performance.

« Hypothesis 2: In thrust 1, incorporating static information through a dense layer would lead
to improved performance.

« Hypothesis 3: In thrust 2, applying 2CNN to the generated image representations of EHRs
would achieve a similar or better performance than applying 1CNN to EHRs.

» Hypothesis 4: In thrust 3, using both generated image representations and EHRs as inputs



would achieve a similar or better performance than using either of them alone.

1.3 Contributions

The contributions of this dissertation are three fold. First, the framework introduces an innovative

way of generating image representations from EHRs via a component called Image Generator. The
image representation allows us to fully take advantage of 2CNN's computational power. The 2CNN

is capable of extracting the most important features contributing to septic shock prediction while
Itering out irrelevant information. Second, the proposed framework has achieved great success

in Septic Shock early diagnosis and prediction, thus making it possible to identify patients at high
risks early on so timely treatment can be provided. Finally, as a byproduct, the generated graphic
representation can provide visualization for different sepsis stages. This can be a great visual aid for
researchers to understand the process of disease progression.

1.4 Organization

The organization of this proposal is as follows: Chapter 2 introduces the background of Sepsis and
Septic Shock. Chapter 3 compares classic machine learning models and LSTM. This chapter serves
as the motivation for our work. Chapters 4, Chapter 5 and Chapter 6 present a detailed description
of the three research thrusts mentioned above. For each thrust, the literature review, proposed
framework, experimental design, and results are presented. Chapter 6 concludes this dissertation
and describes future applications.



CHAPTER

2

SEPTIC SHOCK

Sepsis is a critical condition that arises when the body starts to unintentionally injure its own tissues
and organs in response to an infection [Del04]. This condition is characterized by several negative
factors including longer and larger number of hospitalizations, greater medical costs, and increased
risk of death. Compared to other conditions, sepsis increases the duration of hospitalization by
75% [Halll]. Moreover, it is the second most common reason for hospitalization  [TAO6], with annual
hospitalization for sepsis having more than doubled over the past decade  [Ber13]. As a result, sepsis
and its more severe stage, Septic Shock, have placed a $23.7 billion burden on the US healthcare
system, 75% of which is paid through Medicare and Medicaid [TAOQ6]. Lastly, Septic Shock, the nal
and most severe stage of sepsis, dramatically increases the risk of mortality in patients, with the
mortality rates being nearly 50%.

Septic Shock, which causes circulatory and cellular / metabolic dysfunction, incrementally de-
creases survival. Studies have shown that the identi cation of patients at risk of Septic Shock during
the critical “golden hours” is crucial [RMO06]. In fact, early goal-directed therapy provided near the
onset of Septic Shock has a signi cant bene t, which arises from the timely restoration of balance
between oxygen delivery and oxygen demands in patients at high risk of cardiovascular collapse
[RivO1]. For those in Septic Shock, mortality rate increases by 7.6% with each hour treatment is
delayed after the onset of hypotension. Therefore, early recognition and treatment is key to the
patients' survival.



2.1 Challenges

To this day, awareness of Sepsis and Septic Shock remains low. Several challenges prevent accurate
and timely identi cation of patients at risk of Septic Shock. These challenges arise from both clinical
and machine learning perspectives.

Clinical Perspective: There is continued disagreement between government agencies about
what de nes Sepsis and Septic Shock (e.g., Center for Medicare and Medicate, professional societies,
and Third International Consensus De nitions for Sepsis and Septic Shock)  [Seyl§. This disagree-
ment is partly due to the vague nature of sepsis symptoms such as: subtle change in mental status,
minor uctuations in white cell count, or elevated blood glucose levels [HKO3]. Moreover, the sepsis
disease spectrum is heterogeneous — sepsis includes multiple subtypes of pathologically distinct
disease processes. For example, according to PIRO sepsis staging framework [Rat15],a sepsis subtype
can be de ned by a predisposition (e.g., age, gender, past medical conditions, etc), infection type
(e.g., pneumonia, urinary tract infection, etc), response (e.g., heart rate, respiratory rate, etc), and
organ dysfunction (e.g., cardiovascular, metabolic, etc). Patients with a similar risk for mortality
may express drastically different symptoms depending on their sepsis subtype.

In practice, Various Early Warning Scores (EWS) systems have been developed to assess patients'
health status. Some prevailing examples are: the Sequential Organ Failure Assessment (SOFA) Score
[Vin96], Mortality in Emergency Department Sepsis (MEDS) [Sha03, Acute Physiology and Chronic
Health Evaluation (APACHE) system [Boh88], and Predisposition Insult Response and Organ failure
(PIRO) [Rel09]. However, these scores are general-purpose tools and are not designed to predict a
speci ¢ acute condition such as Septic Shock. Many more speci ¢ tools such as invasive monitoring
or particular biomarkers drawn from blood tests are dif cult to access in an emergency room setting.
Besides, many biomarkers have only been studied in speci ¢ patient populations and may not be
applicable to the broader patient population. In fact, clinicians have not yet reached a conclusion as
to which molecular trigger can be responsible for tissue injury and organ failure among Septic Shock.
The potential indicators for sepsis risk are scattered in a wide range of clinical measurements, which
makes Septic Shock onset a non-trivial prediction task. The previous works on Sepsis prediction
have been limited to small and carefully curated datasets with limited applicability [Ho12]. Due in
part to all these reasons, many Septic Shock patients are under-diagnosed at earlier stages when
aggressive treatment could still reverse its course of progression [Riv01].

Machine Learning Perspective: The use of machine learning models offers a great alternative
to accelerating clinical research and predictive analysis. The recent wide adoption of Electronic
Health Records allows rich clinical information (e.g., demographics, vitals, labs, treatment,etc) to be
saved in a digital format and shared among different entities. The secondary use of those EHRs has
enable data-driven predictions of clinical conditions. Nevertheless, in practice, models based on
EHRs have not been reliably adopted in decision support systems or work ow  [Miol6]. According



to [Miol6]: “EHR data is challenging to represent and model due to its high dimensionality, noise,
heterogeneity, sparseness, incompleteness, random errors, and systematic biases”. Therefore, it is
necessary that all these factors are properly addressed in order to build reliable models.

Another challenge comes from the lack of ground truth labels. Most existing literature suggests
using the Ninth Revision of International Classi cation of Diseases (ICD-9). However, solely relying
on ICD-9 can be problematic as it has been proven to have limited reliability due to the fact that its
coding practice is used mainly for administrative and billing purposes, not for research purpose.
More importantly, ICD-9 cannot tell when certain condition such as sepsis shock occurs, which is
essential for our task. Therefore, two expert clinicians who have extensive experience in the eld
of sepsis de ned their own rules through many rounds of iterative discussions and face-to-face
meetings. In this dissertation, these rules are used as our ground truth together with ICD-9 codes.

2.2 Four Stages

Our clinicians de ned four stages of sepsis ordered by increasing severity:  Infection , In ammation
Organ Failure , and Septic Shock. In order to identify these stages using the data elements available
in our EHRs, the clinicians generated the following de nitions:

« Infection : administration of a single dose of any anti-infective (antibiotic, antiviral, or anti-
fungal) or any positive PCR test result.

Rationale: This de nition identi es the population at risk for Sepsis outcomes and will serve
as our global denominator. Since our goal is to optimize the sensitivity of this population, the
clinicians intentionally set low criteria with the anticipated inclusions of patients treated with
antibiotics for preventative measures and empiric coverage.

¢ Inammation : The presence of an abnormality within any of the in ammatory criteria will
de ne a positive in ammatory state, with each abnormality being summative representing
the in ammatory burden:

— Cellular Response:

White blood cell > 12,000 cells;
Bandemia of white blood cells > 10%;
Erythrocyte Sedimentation Rate (ESR) > 20 mm/ hr;
C-Reactive Protein (CRP) > 8 mg/L;
Procalcitonin > 0.15 ng/ mL.
— Physiologic Response:

Heart rate >= 90 beats/ minute;



Respiratory rate >= 20 breaths / minute;
Shock Index > 1.0;

Temperature >= 38°C (100.4°F);
Temperature < 36°C (96.8°F).

Rationale: In ammation exists on a broad spectrum that can be identi ed by different biomark-
ers. By expanding the in ammatory criteria can be useful in the risk strati cation of Sepsis.
Their inclusion is mainly intended for investigation purpose.

» Organ Failure : The presence of an abnormality within any of the speci ed organ systems
criteria de nes a positive organ failure state. Each dysfunction is summative representing an
organ failure burden:

Cardiovascular:
Systolic blood pressure < 90 mmHg;
Mean arterial pressure < 65 mmHg;

Decrease in systolic blood pressure > 40 mmHg within an 8 hour window.

Metabolic:
Lactate > 2.0 mmol /L.

Renal:

Creatinine > 1.2 mg/ dL;

Creatinine increase > 50% from initial creatinine;
Urine output < 500mL over 24 hours;

BUN > 20 mg/ dL.

Respiratory:
New oxygen requirement;
Mechanical ventilation requirement;
Pulse Oxygen OR SpO2< 90%;
Fio2 > 21%;
Sp02/ FiO2 ratio < 421.

— Nervous:

Glasgow Comma Score (GCS)< 14;
Verbal GCS<5.

— Gastrointestinal
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Bilirubin > 2 mg/ dL.

Rationale: Organ failure represents the primary outcome in the infection spectrum that we
wish to prevent and target the recovery from patients who develop organ failure associated
with infection. Sepsis is de ned by the presence of organ dysfunction with an active infection.
The speci c criteria de ned represents an assimilation of all accepted markers of organ dys-
function used by previously validated scoring systems. However, there is limitation associated
with this criteria — some of them are poorly reliable within the EHRSs, for example, the true
incidence of a new oxygen requirement is unclear depending on hospital practice. While we
anticipate a poor capture of these elements, including them allow for future incorporation of
novel predictive tool and re-design of EHRs.

Septic Shock : The presence of an abnormality within any of the speci ed septic shock criteria
de nes a positive organ failure state:

— Persistent hypotension as shown through two consecutive readings ( >= 30 minutes apart)

Systolic Blood Pressure < 90 mmHg;

Mean arterial pressure < 65 mmHg.
— Decrease in SBP>= 40mmHg within an 8-hour period

— Any vasopressor administration

Rationale: Traditional de nition of septic shock would presume an intensive care unit admis-
sion. Our de nitions identifying a population in non-ICU beds by using persistent hypotension
criteria. This location-independent de nition relies on patient-centered physiological criteria
and allow for non-biased de nition of its incidence.
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CHAPTER

3

CLASSIC MACHINE LEARNING (ML)
MODELS VS. LONG SHORT TERM
MEMORY (LSTM)

3.1 Overview

In this chapter, LSTM is compared against several classic machine learning (ML) models on the task
of Septic Shock prediction. This chapter shows the results and serves as a motivation for the rest of
the dissertation.

3.2 Related Work

In this section, we mainly focus on two categories of approaches, classic ML models and LSTM, that
are widely used in EHRs application for disease prediction.

Classic ML models Numerous studies have applied classic ML models for Sepsis related event
prediction. Tang et al. [Tan10] explored the use of principal component analysis (PCA) and nonlin-
ear support vector machine (SVM) to predict severe Sepsis and systemic in ammatory response
syndrome. Their results suggested that their ML classi cation model can be a potential useful clini-
cal tool to classify the Sepsis continuum into groups with varying Sepsis severity. Shavdia [Sha07)
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constructed an early warning system based on multivariate Logistic Regression with a greedy for-
ward feature selection method to detect Sepsis patients who will progress to Septic Shock. Their
study de ned Septic Shock as having Sepsis-induced arterial hypotension despite adequate uid
resuscitation. Their studies were conducted using a public dataset called Multi-parameter Intelli-
gent Monitoring for Intensive Care Il (MIMIC I1). Their best Logistic Regression model achieved
ROC=0.940. Thiel et al. [Thi10] developed a tool based on Recursive Partitioning and Regression Tree
(RPART) to predict Septic Shock among hospitalized non-intensive care unit (ICU) medical patients.
In this study, Septic Shock is de ned as having ICD-9 for acute infection and ICD-9 for acute organ
dysfunction and the need for vasopressors within 24 hours of ICU transfer. Their data was collected
from Barnes Jewish Hospital, St. Louis, MO. Their model identi ed 54.7% Septic Shock patients from
the 635 patients in 2006 cohort, and identi ed 55.0% Septic Shock patients from the 667 patients in
2006 cohort. Another study [Ho12] used SVM combined with Bayesian PCA imputation to predict
Septic Shock, de ned as having any hypotension region (consecutive systolic blood pressure < 90
mmHg) with a total uid intake > 600 mL. Their study also used MIMIC-II dataset. They concluded
that PCA imputation approach leads to improvement of SVM in Septic Shock prediction.

In this dissertation, we also applied classic ML models as our baselines. However, there are
several important differences between the aforementioned studies and this dissertation. First of
all, different ground truth rules to identify Septic Shock were employed. Second, out dataset was
collected from Emergency Department (ED), thus, our prediction was more challenging for the
following reasons: 1) generally speaking, the physiological measurements are recorded at higher-
frequency in ICU, thus, there is more information and less missing entries in ICU dataset. 2) more
patients undergo invasive procedures in ICU and such procedures are necessary to obtain accurate
bio-markers for Septic Shock.

Classic ML models do not adequately capture the temporal-sequential nature of the medi-
cal events or their dependencies. These models are trained using summary statistics (e.g., mean,
standard deviation) calculated in a prede ned window as extracted features  [Tan10]. Furthermore,
classic ML models heavily depend on feature engineering and selection. However, learning robust
features is a challenging task owing to the complexity of physiological processes and the nonlinear
relationship between medical events. Therefore, manual feature engineering can be laborious and
time-consuming. In this dissertation, the framework relies on deep neural networks based approach
to learn optimal features directly from the data itself without any human guidance, allowing the
automatic discovery of latent data relationships.

LSTM is one of the most extensively researched deep neural network that has been applied to
EHRs. Lipton et al. was the rst study empirically evaluate the ability of LSTM to recognize patterns
in multivariate time series of clinical measurements and to diagnose given frequently but irregularly
sampled clinical measurements. Their results show that LSTM based model outperform logistic
regression and multilayer perceptron baselines.
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Many efforts have also been made, allowing LSTM to be better t for EHRs applications. For
example, Lipton et al. focused on handling missing values and time irregularities. They sampled
records in an hourly rate. Forward and back- lling were used to remove missing entries. A clinically
normal value was imputed if a single variable was missing entirely. In this dissertation, we addressed
the issue of missing values by rst forward- lling vitals for 8 hours and lab values for 24 hours. For
the rest of the missing entries, we applied zero lling and introduced a missing indicator. Some
other studies focused on addressing the episodic and irregular recording of EHRs. DeepCare  [Phal6]
used a vector derived from the time interval to model the forgetting dynamics. Baytas et al. divided
the hidden memory into a short-term component and a long-term component. Thus, while the
information contained in the memory of the previous time step is being adjusted by the irregular
time interval, the global pro le of the patient remains the same. Finally, Choi et al. adopted a
simpler approach that concatenated its original input vector with elapsed time between consecutive
medical events. It is worth mentioning that this study also introduced sequential target replication
and auxiliary output training techniques. To address time irregularity, we introduced time interval
between two medical recordings as an additional input variable to the model.

3.3 LSTM

LSTM [Sak14] is a type of Recurrent Neural Network (RNN) speci cally designed to avoid the van-
ishing and exploding gradient problems. LSTM enables the network to maintain the previous
information of hidden states as internal memory. Therefore, it is particularly suitable for tasks where
long range temporal dependencies between events exist. A LSTM block (see Figure 3.1) consists
of a memory cell state denoted by C, and the following three gates: Forget gate f; 2 [0, 1], Input
gatei; 2 [0,1], and Output gate o; 2 [0,1]. These three gates interact with each other to control
the ow of information. During training, the network learns what to memorize and when to al-

low reading / writing in order to minimize the classi cation errors. More speci cally, the Forget
gate determines what information from the previous memory cell state is expired and should be
removed; the Input gate selects information fromthe  candidate memory cell state C, to update
the cell state; the Output gate Iters the information from the memory cell so that the model only
consider information relevant to the prediction task. The value of each gate is computed as follows,
where Wj; ¢ ¢ o] are the weight matrices and by 1 ¢ o are the bias vectors:
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Figure 3.1 A single LSTM block containing a forget, input and output gate

Table 3.1 Contingency table for shock and non shock patients

| Shock(Criteria) Non shock(Criteria)
Shock(ICD-9) 3,047 86
Non shock(ICD-9) 25,885 23,901

iy =sigmoid (Wi [yt 1,X¢]+ bj)
fy =sigmoid (Wr [yr 1,X]+ by)
C, =tanh(Wc [yr 1, X¢]+ be)

oy = sigmoid (Wo [y 1,X¢]+ bo)

(3.1)

The memory cell value C; and output label y; from the LSTM block are computed using the

following formulas:

Ct=Ct1f1+Ct it
Y =O¢ tanh (C)

(3.2)

3.4 Datasets

In this study, we utilized retrospective EHRs obtained from Christiana Care Health System (CCHS)
as part of our collaborative National Science Foundation supported grant entitled S.E.P.S.1.S.: Sepsis

Early Prediction Support Implementation System.

Source and population CCHS is a not-for-pro t healthcare system with over 53,000 hospital admis-
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sions per year and 1,100 hospital beds. The CCHS dataset includes retrospectively collected EHR
data for adult patients (age 3218 years) hospitalized within CCHS from July 2013 to December 2015,
corresponding to 119,968 unique patients and 210,289 hospitalizations. Emergency department
(ED) visits without subsequent hospital admission were excluded.

According to the rules described in Chapter 2, we identi ed 3,047 shock positive visits and
23,901 negative visits who have consistent septic shock labeling from both ICD-9 and clinical rules
(Table 3.1). Given the imbalanced ratio of positive and negative shock visits, we further conducted a
strati ed random sampling on shock negative visits while keeping the same underlying distribution
of age, gender, ethnicity, length of stay and the number of records in both positive and negative
visits. As a result, the nal dataset used to predict septic shock contains 6,049 visits (3,047 positives
and 3,047 negatives). This population is called “clean dataset".

Data Description The EHRSs contain static and dynamic information. Static information contains
background data generally collected once per visit, whereas dynamic information can be collected
multiple times during the entire hospitalization and has a time stamp associated with each record;
hence, dynamic information can be expressed as a time series. In this study, we used 35 static
and 43 dynamic variables. The static ones include gender, age, ethnicity, 30 comorbid conditions
(e.g.,Diabetes and AIDS) and so on. A screenshot of static information is shown in Figure 3.2 . The

Figure 3.2 The static information in EHR
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Figure 3.3 The dynamic information in EHR

43 dynamic predictors are: 6 vitals (e.g., heart rate), 9 laboratory results (e.g., lactate, platelet), 2
assessment results (i.e., Glasgow comma scores and Glasgow best verbal response score), 18 culture
results (e.g., PCR in uenza culture), 4 treatment (e.g., antibiotic), and 4 other categories (e.g., oxygen
source). A screenshot of dynamic information is shown in Figure 3.3.

3.5 Experiments

3.5.1 Two Experimental Settings

All the models were tested using two different early diagnosis tasks: the visit level early diagnosis
(left aligned) and the event level early prediction (right aligned).

For the visit level early diagnosis task (Figure 3.4), the rst n hours of the patients' EHRs were
made available to the models. The goal is to predict whether the patient will develop Septic Shock
at any subsequent point during the visit. To carry out this task, the patients' sequences were left
aligned, i.e., they were aligned by the start of their visits. Only records within the rst n hours of
patients' visit were used for training and testing. This  n-hour window is denoted as observation
window and is represented as a shaded area in Figure 3.4.
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Figure 3.4 Left align: predict whether a patient will have Septic Shock at the end of the visit using records in
the rst n-hour window

Figure 3.5 Right align: predict whether a patient will have Septic Shock m hours later

For the event level early prediction task (Figure 3.5), the goal is to predict whether the patient
will develop Septic Shock m hours later. To carry out this task, we right aligned all sequences by
their endpoint. For Septic Shock patients, the endpoint is the onset time of Septic Shock, whereas
for non-Septic Shock patients, the end point is the end of sequences. Note that for all Septic Shock
patients, their shock onset time is identi ed as the rst occurrence of any abnormality within the
speci ed Septic Shock criteria as de ned in Chapter 2. The EHRs withinthe ~ m -hour window leading
up to endpoint were omitted. This m -hour window is denoted as hold-off window. Only the records
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before the hold-off window (shaded area in Figure 3.5) were used to predict Septic Shock m hours
later.

3.5.2 Models for Comparisons and Implementations

In this chapter, we compared six classic machine learning baselines against LSTM. These six classic
ML baselines are Gaussian Naive Bayes, Random Forest, Logistic Regression, SVM, Decision Tree
and Multilayer Perceptron (MLP).

For classic ML baselines, features were extracted as these models do not handle time series
directly. Motivated by previous literature  [Sha07], the mean, max, min, median, and standard devia-
tion were calculated as features for numeric variables. For categorical variables, we counted how
many times the variable was collected and how many times a given value was observed. Note that
static information was also included. The six machine learning baselines were all implemented
using the scikit-learn package in Python. For Random forest, the number of trees was setto 10. The
function to measure the quality of a split was Gini impurity. The maximum depth was setto 4. The
minimum number of samples required to split an internal node was set to 2. The minimum number
of samples required to be at a leaf node was set to 1. For SVM, rtbf' was used as kernel function. For
Decision Tree, CART algorithm was used. The minimum number of samples required to split an
internal node was 2. The minimum number of samples required to be at a leaf node was 1. For MLP,

3 layers of neural network with 100 nodes were used. The recti ed linear unit (ReLU) was used as
activation function. Adam was applied as the optimization function. A constant learning rate of
0.001 was applied.

LSTM require us to address missing values and time irregularities in time series. To address
missing values, we adopted a missing indicator strategy originally proposed by Lipton et al. [Lip15].
Anindicator variable M, was introduced for every X, where M; = 1if X, is missing and 0 otherwise.
Then zero was imputed for the rest of the missing entries. To handle time irregularities, we introduced
the time interval between consecutive recordings as an additional variable. For LSTM layer, we used
200 hidden units.

3.5.3 Evaluation Metrics

AUC, F1 Score, accuracy, recall, and precision are the most commonly used evaluation metrics.
Accuracy tells the fractions of patients whose labels were correctly identi ed. Recall tells us what
proportion of patients that actually had Septic Shock were correctly diagnosed. Precision tells us
what proportion of patients who were diagnosed as having Septic Shock actually had Septic Shock.
Finally, AUC calculates the trade-off between recall and speci city. F1 Score is the harmonic mean
of precision and recall that sets their trade-off. We consider AUC and F1 Score as the most important
metrics as they are generally more robust. All models were evaluated using 3-fold cross-validation.
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3.6 Results

3.6.1 Septic Shock Visit Level Early Diagnosis (Left Align)

In Table 3.2, we present the results for Septic Shock visit level early diagnosis when the observation
window size = 24 hrs. The rst six models are classic ML baselines and the last one is a vanilla LSTM.
Since only dynamic information is used as input to LSTM, we use the notation ~ dyn.LSTM for clarity.
The best performance metrics among classic ML baselines are highlighted in bold and the best
metrics among all models are highlighted in red.

Among the 6 classic ML baselines, Gaussian Naive Bayes achieves the highest recall = 0.7250.
Random Forest achieves the highest F1 Score = 0.7150. Logistic Regression achieves the highest
AUC = 0.7885 and accuracy = 0.7165. SVM achieves the best precision = 0.7326. Comparing LSTM
against all classic ML baselines, we found the former outperform the latter in all ve performance
metrics signi cantly.

Table 3.2 Septic Shock Visit Level Early Diagnosis (Observation Window = 24 hrs)

Recall F1Score AUC Accuracy Precision

Gaussian Naive Bayes 0.7250 0.7041 0.7553 0.6954 0.6844
Random Forest 0.7181 0.7150 0.7814 0.7138 0.7120
Logistic Regression 0.6861 0.7076 0.7886 0.7165 0.7304
SVM 0.6640 0.6966 0.7868 0.7108  0.7326

Decision Tree 0.6416 0.6468 0.6490 0.6497 0.6521
Multilayer Perceptron 0.6835 0.7063 0.7868 0.7158 0.7307

dyn.LSTM 0.8286 0.8611 0.9339 0.8664 0.8963

N[O ok WN P

3.6.2 Septic Shock Event Level Early Prediction (Right Align)

In Table 3.3, we present the results for Septic Shock event level early prediction (right align) when

the hold-off window = 1 hr. Among the 6 classic ML baselines, Gaussian Naive Bayes has the highest
recall=0.7114 and F1 Score=0.7072. SVM achieves the best AUC=0.7738 and accuracy=0.7056.
Random Forest has the best precision =0.7220. Comparing LSTM against the classic ML baselines,
the former outperforms the latter in all ve performance metrics signi cantly.
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Table 3.3 Septic Shock Event Level Early Prediction (Hold-off Window = 1 hr)

Recall F1Score AUC Accuracy Precision
1 Gaussian Naive Bayes 0.7114 0.7072 0.7683 0.7055 0.7031
2 Random Forest 0.6492 0.6837 0.7661 0.6996 0.7220
3 Logistic Regression 0.6621 0.6902 0.7693 0.7028 0.7207
4 SVM 0.6700 0.6947 0.7738 0.7056 0.7213
5
6
7

Decision Tree 0.5816 0.6165 0.6253 0.6381 0.6558
Multilayer Perceptron 0.7023  0.7005 0.7668 0.6998 0.6988
dyn.LSTM 0.7672 0.8000 0.8862 0.8082 0.8357

3.7 Summary

This chapter shows an comparisons between several classic ML baselines (e.g., Logistic Regression)
and LSTM on Septic Shock applications using EHRs. All models were tested on two different experi-
mental settings: visit level early diagnosis (left align) and event level early prediction (right align).
The results from both experimental settings consistently show that LSTM signi cantly outperform
classic ML baselines in all performance metrics. The temporal dependencies between medical
events extracted by LSTM provide valuable information for Septic Shock prediction. This nding
motivates us to explore how we can further improve LSTM while taking advantage of its ability in
capturing temporal dependencies. While LSTM is more effective than other classic ML models, it
has worse results if the observation window size is less than 2 hours in visit level early diagnosis (left
align) setting because the sequence is too short. When hold-off window size is more than 24 hours
in event level early prediction (left align), more than 70% patients do not have their records available
as their length of stay is less than 24 hours. Therefore, we mainly explored the models' performance
when the observation window size ranges from 3 hours to 24 hours and hold-off window size ranges
from 1 hours to 24 hours.
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CHAPTER

4

THRUST 1: INCORPORATING STATIC
INFORMATION AND ONE-SIDE CNN

4.1 Overview

This thrust explores whether LSTM can be improved by incorporating static information through a
dense layer, or applying a Convolutional Neural Network (CNN) layer to extract temporal-invariant
patterns from the dynamic information, or both.

4.2 Related Work

Static Information Esteban et al. [Est16] introduced an independent dense layer to RNN to process
static information. The output was then combined with the hidden states of RNN at every time step.
The models were applied to predict the outcome of patients with kidney failure. The results showed
that the model's performance was improved greatly after static information was incorporated.

Our framework also incorporated static information through a dense layer. The difference is,
their study used outpatient data to predict the outcome of a patient's next visit. Thus, the static
information actually changes from visit to visit. As a result, they concatenated the static information
to the hidden states of LSTM at every time step . On the contrary, our study used inpatient data
where the static information was collected only once in a visit and remained unchanged for the
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duration of that visit. Therefore, we concatenated the static information with LSTM only at the last
time step.

CNN Oiriginally invented for computer vision, CNN has been shown to achieve remarkable
results in many image / video related tasks [Kril2]. Despite its huge success in vision, its applica-
bility to EHRs is still unclear and mixed results have been reported. For example, Razavian et al.
[Raz1qg compared three variations of CNN with LSTM and found all four models achieved similar
performances. Che et al. [Chel7] applied CNN with different lter sizes: smaller lter size captured
short-term dependency whereas larger Iter size captured longer temporal dependency. Unlike im-
age processing tasks, where convolution operation is applied over both width and height, this study
only applies convolution operations over the temporal dimension but not the attributes / feature
dimensions. Their model was applied to two tasks: diabetes prediction and heart failure prediction.
The results showed the model performs well in the rst task, but not in the latter. Another study
[Chel6] proposed a similar CNN model for extracting phenotype. In contrast to the previous model,
where a dense layer was added on top of CNN to make the nal prediction, this study investigated
several temporal fusion mechanisms [Karl4]. Finally, Suresh et al. compared CNN with LSTM to
predict different interventions and found mixed results.

Our framework also applied CNN and only allowed its convolution operations to be applied
over the temporal dimension. However, our framework is different than previous studies in that
LSTM was applied on top of CNN to capture temporal dependencies, whereas the previous literature
applied a dense layer or temporal fusion mechanisms instead. As far as we know, this is the rst
attempt to combine both CNN and LSTM for Septic Shock prediction using EHRSs.

4.3 Framework

In this thrust, the framework is based on LSTM. It is further extended by introducing two additional
components: a dense layer that incorporates static information, and a CNN layer that extracts
temporal-invariant patterns from the dynamic information. To determine the effectiveness of
introducing static information and 1CNN to LSTM, four models are compared against each other as
illustrated in Figure 4.1. The dynamic information is represented as a sequence:  X;.X»,...,X7. The
static information is represented as S. The output is the predicted septic shock label, representedas V.
Dense represents a dense layer (or a fully connected layer). The rst modelis a plain LSTM named as
dyn.LSTM where dyn represents dynamic information. The second modelis dyn.LSTM +sta, which
combines LSTM with a dense layer that handles static information.  starepresents static information.
Their outputs are combined to make nal septic shock prediction. The third model dyn.1CNN.LSTM
applies 1CNN to extract temporal invariant patterns from dynamic information. The last model
dyn.1CNN.LSTM +sta applies both LCNN and static information. A detailed explanations about
how static information and 1CNN are incorporated are provided below.
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Figure 4.1 Framework in Thrust 1

Static Information our framework employs a dense layer (or fully connected layer) to extract
compressed representations from static information. The output is then concatenated with the
hidden states of LSTM only inthe lastor nal time step.

1CNN Our framework employs CNN ( Figure 4.2) to extract local, temporal-invariant dependency.
The input of CNN is dynamic information represented as time series; the output of CNN is compact
state representations that are further fed into LSTM in the next step. The CNN consists of three
types of layers: the Convolutional Layer, the Recti ed Linear Unit (ReLU) Layer, and the Pooling
Layer. The Convolutional Layer employs a set of convolutional Iters that look for speci ¢ patterns,
the ReLU layer introduces non-linearity. The pooling layer reduces the spatial /temporal span of the
extracted features.

The convolutional lters always span the entire feature dimension, but are connected to only
a small temporal region of the data. They carry out a set of computations to determine whether
speci ¢ patterns show up. Then the Iters traverse along the temporal direction of the sequence,
producing a sequence of outputs indicating where different patterns occur. Note that when CNN is
applied to image tasks, the Iters were allowed to travel through both width and height dimensions.
However, when it is applied to EHRSs, the convolutional lters move  only in the temporal dimension
Therefore, we will use the terms two-side CNN (2CNN) to refer to its application on images, and
one-side CNN (1CNN) to refer to its application on EHRs.

This demonstrates 1CNN architecture has the following distinguishing properties: local receptive
elds, shared weights, and temporal sampling [LB95]. When dealing with temporal sequences, it
is expensive to extract features by connecting neurons to inputs at all time steps. Therefore, CNN

24



Figure 4.2 1CNN extracts temporal-invariant patterns from dynamic information

employs a set of lters which are only connected to local temporal region. The temporal extent of

the connectivity is controlled by a hyperparameter called local receptive eld . Figure 4.2 shows an
example of a convolutional layer with a local receptive eld of size 3. Parameter sharing is employed
to limit the number of parameters and it is based on the reasonable assumption that if a pattern
exists at some temporal location, then it can also exist in other temporal location. More speci cally,

the convolutional Iters traverse from one location to the next, carrying out a set of computations

to look for speci ¢ patterns. Finally, the pooling layer performs temporal sampling by taking an
average or using the min / max operation, thereby reducing the model's sensitivity to shifts and
distortion. Note that the CNN is capable of learning its own feature extractors automatically through
backpropagation.

4.4 Experiments

In this thrust, we used the same CCHS EHRs as described in Chapter 3.4. Four models dyn.LSTM,
dyn.LSTM +sta, dyn.1CNN.LSTM and dyn.1CNN.LSTM + sta were compared against each other. All
the models were tested in two different experimental settings: the visit level early diagnosis (left
align) and the event level early prediction (right align). For a detailed descriptions of these two
experimental settings, please refer to Chapter 3.5.1.

The application of LSTM require us to address missing values and time irregularities in time
series. A detailed description is provided in Chapter 3.5.2. For LSTM, we used 200 hidden units.
For 1CNN, 50 lters with Iter size = 4 and pooling size = 2 were used. Since the task is to predict
Septic Shock, binary Cross-entropy was applied as loss function and Adam optimizer was used for
optimization. Early stopping were applied to avoid over tting.

To evaluate the models, Recall, F1 Score, AUC, accuracy and precision were used. For a detailed
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descriptions of these metrics, please refer to Chapter 3.5.3.

45 Results

4.5.1 Septic Shock Visit Level Early Diagnosis (Left Align) for Thrust 1

In Table 4.1, we present the results for Septic Shock visit level early diagnosis when the observation
window size = 24 hrs. The best model among all models are highlighted in red.

Four models dyn.LSTM, dyn.LSTM +sta, dyn.1CNN.LSTM and dyn.1CNN.LSTM + sta are com-
pared against each other. The best model among themis dyn.LSTM +sta, which achieves the highest
F1 Score= 0.8791, AUC=0.9538, accuracy=0.8823 and precision=0.9036.dyn.1CNN.LSTM+sta has
the best recall =0.8644. Comparing models with static information against models without static
information ( dyn.LSTM +stavs.dyn.LSTM and dyn.1CNN.LSTM +stavs.dyn.1CNN.LSTM), we

nd adding static information improves all performance metrics, except that dyn.1CNN.LSTM
+sta has slightly worse precision than dyn.1CNN.LSTM (0.8777 vs. 0.8830). Then we compare the
models with 1CNN layers against models without 1CNN layers ( dyn.1CNN.LSTM vs. dyn.LSTM
and dyn.1CNN.LSTM +stavs.dyn.LSTM +sta), we nd adding 1CNN layer only improves the recall,
whereas the rest of the metrics are affected negatively.

Table 4.1 Septic Shock Visit Level Early Diagnosis (Observation Window = 24 hrs) in Thrust 1

Recall F1Score AUC Accuracy Precision
1 dyn.LSTM 0.8286 0.8611 0.9339 0.8664 0.8963
2 dyn.LSTM +sta 0.8559 0.8791 0.9538 0.8823 0.9036
3 dyn.1CNN.LSTM 0.8352 0.8584 0.9306 0.8623 0.8830
4 dyn.ICNN.LSTM +sta 0.8644 0.8710 0.9449 0.8720 0.8777

To investigate whether the same patterns exist when the observation window size changes,
Figure 5.7 show the most robust metrics AUC and F1 Score while varying the observation window
from 3 hours to 24 hours by 1 hour increments. For all models, both evaluation metrics increase
over time because more information became available as the observation window becomes larger.
As we can see, the model achieves the best F1 Score and AUC isdyn.LSTM +sta. Comparing mod-
els with static information and those without static information ( dyn.LSTM +sta vs. dyn.LSTM
and dyn.1CNN.LSTM +stavs.dyn.1CNN.LSTM), adding static information achieves better results
in both F1 Score and AUC. Comparing models with 1CNN layer and those without 1CNN layer
(dyn.1CNN.LSTMvs.dyn.LSTM and dyn.1CNN.LSTM +stavs.dyn.LSTM +sta), we nd adding 1CNN
layer hurts the performance.
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Figure 4.3 Left align: LSTM based models in Thrust 1 using EHRs only

Finally, the average performance metrics across different observation window were calculated
(see Table 4.2). The best performance metrics are highlightedinred. dyn.LSTM +staachieves the best
recall=0.8472, F1 Score=0.8656, AUC=0.9451, accuracy=0.8684 and precision=0.8851. Comparing
models with static information and those without static information ( dyn.LSTM +stavs.dyn.LSTM
and dyn.1CNN.LSTM +stavs.dyn.1CNN.LSTM), the former achieves better results in all performance
metrics. Comparing models with 1CNN layer and those without 1CNN layer (  dyn.1CNN.LSTM vs.
dyn.LSTM and dyn.1CNN.LSTM +stavs. dyn.LSTM +sta), adding 1CNN worsens all performance
metrics.

Table 4.2 Average Performance Metrics for Septic Shock Visit Level Early Diagnosis in Thrust 1

Recall F1Score AUC Accuracy Precision
1 dyn.LSTM 0.8127 0.8423 0.9213 0.8478 0.8743
2 dyn.LSTM +sta 0.8472 0.8656 0.9451 0.8684 0.8851
3 dyn.1CNN.LSTM 0.8087 0.8286 0.9074 0.8330 0.8508
4 dyn.1CNN.LSTM +sta 0.8330 0.8499 0.9313 0.8533 0.8698

4.5.2 Septic Shock Event Level Early Prediction (Right Align) for Thrust 1

In Table 4.3, we present the results for Septic Shock event level early prediction (right align) when
the hold-off window = 1 hr. The best performance metrics are highlighted in red.

The best model among all is dyn.LSTM + sta which obtains the best values for all ve metrics.
Comparing models with static information and those without static information ( dyn.LSTM +sta
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vs.dyn.LSTM and dyn.1CNN.LSTM +stavs. dyn.1CNN.LSTM), we nd adding static information
improves all performance metrics consistently, exceptthat dyn.1CNN.LSTM +sta has slightly worse
recall than dyn.1CNN.LSTM)f (0.7184 vs. 0.7384). Comparing models with CNN layer and those
without CNN layer ( dyn.1CNN.LSTM vs. dyn.LSTM and dyn.1CNN.LSTM +stavs.dyn.LSTM +sta),
we nd adding CNN layer makes the models perform worse. To summarize, taking static information

into consideration contributes greatly to the event level early prediction, however, adding 1CNN
layer makes the all performance metrics worse.

Table 4.3 Septic Shock Event Level Early Prediction (Hold-off Window = 1 hr)in Thrust 1

Recall F1Score AUC Accuracy Precision

1 dyn.LSTM 0.7672 0.8000 0.8862 0.8082 0.8357
2 dyn.LSTM +sta 0.8244 0.8400 0.9229 0.8430 0.8563
3 dyn.1CNN.LSTM 0.7384 0.7624 0.8522 0.7698 0.7880
4 dyn.1CNN.LSTM +sta 0.7184 0.7701 0.8727 0.7856 0.8299

Next, we investigate the performance when hold-off window size changes from 1 hr to 24 hr
by 1hrincrements (see Figure 4.4). The task becomes more challenging because less records are
available as the size of hold-off window increases. Comparing models with static information
and those without static information (  dyn.LSTM +stavs.dyn.LSTM and dyn.1CNN.LSTM +stavs.
dyn.1CNN.LSTM), we can see adding static information achieves better results in both F1 Score
and AUC. Comparing models with 1CNN layer and those without 1CNN layer (  dyn.1CNN.LSTM
vs.dyn.LSTM and dyn.1CNN.LSTM +stavs. dyn.LSTM +sta), the results show that adding 1CNN
layer does not bene t the performance. When the hold-off window size gets larger, there is no clear
winner between models with 1CNN and models without 1CNN.

Finally, the average performance metrics across hold-off window sizes were calculated (see
Table 4.4). The best value were highlighted in red. dyn.LSTM +sta achieves the best F1 Score,
AUC, accuracy and precision. dyn.1CNN.LSTM +sta has the best recall=0.7456. Comparing models
with static information and those without static information ( dyn.LSTM +stavs.dyn.LSTM and
dyn.1CNN.LSTM +stavs. dyn.1CNN.LSTM), the former achieves better results in all performance
metrics. Comparing models with 1CNN layer and those without 1CNN layer (  dyn.1CNN.LSTM vs.
dyn.LSTM and dyn.1CNN.LSTM +stavs. dyn.LSTM +sta), we found adding 1CNN layer worsens the
performance.

28



Figure 4.4 Right align: DNN based models in Thrust 1 using EHRs only

Table 4.4 Average Performance Metrics for Septic Shock Event Level Early Prediction for Thrust 1

Recall F1Score AUC Accuracy Precision
1 dyn.LSTM 0.6416 0.6805 0.7690 0.6989 0.7256
2 dyn.LSTM +sta 0.7204 0.7369 0.8212 0.7429 0.7549
3 dyn.1CNN.LSTM 0.6676 0.6807 0.7580 0.6881 0.7000
4 dyn.1CNN.LSTM +sta 0.7456 0.7364 0.8149 0.7344 0.7336

4.6 Summary

In thrust 1, the effectiveness of two different approaches was investigated to improve LSTM. The rst
approach incorporated static information through a dense layer. The second approach introduced

an 1CNN layer to capture temporal-invariant patterns from dynamic information. Four models
dyn.LSTM, dyn.LSTM +sta, dyn.1CNN.LSTM, and dyn.1CNN.LSTM + sta were compared against
each other. These models were tested in two experimental settings, i.e., the visit level early diagnosis
(left align) and the event level early prediction (right align). The results showed that introducing
static information improves the performance in both experimental settings, however, the temporal-
invariant patterns extracted by 1CNN may have already been captured by LSTM, thus, adding 1CNN
does not lead to improvement. Note that for both experimental settings, = dyn.LSTM+ sta achieved
the best performance.
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CHAPTER

5

THRUST 2: GENERATE IMAGE
REPRESENTATIONS AND APPLY
TWO-SIDE CNN

5.1 Overview

In Thrust 1, we found that applying static information improves the LSTM's performance, whereas
applying 1CNN does not. The temporal-invariant patterns extracted by 1CNN may have already
been captured by LSTM. However, the relationship between features are not fully modeled as the
convolution operation is not applied to the feature dimension. On the other hand, 2CNN is capable

of extracting patterns between different features (i.e., pixels) in images. Nonetheless, EHRs do not
possess the same spatial arrangement as images that allows 2CNN to work optimally. For images,
any rearrangement of the rows or columns would alter its semantics, whereas for EHRSs, although
the individual records (or rows) are ordered sequentially by time, the features (e.g. heart rate and
blood pressure) have no speci c ordering. In this thrust, we explore whether we can map EHRs to
image representations so that we can take advantage of 2CNN's computational power.
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5.2 Related Work

5.2.1 Graphic Representations of EHRs

EHRs contain longitudinal records of symptoms related to patients' changing health status, changing
medications, and procedure over time. Many types of diagrams, such as bar charts, line graphs,
scatter plots, and pie charts have been applied to reveal patterns in EHRs leading to knowledge
discovery. For instance, graphs with time as the horizontal axis are one of the most common ways

to display the trend of vitals. Fishbone diagrams are widely used to represent laboratory results.
Besides those classic techniques, there are many studies proposing innovative techniques such as
sequential displays, treemaps, radial displays, or icicle trees [Won11]. For example, one study [Hrill]
calculated lagged linear correlation between clinical lab values and clinical concepts extracted from
resident notes. Another study [JS13 used radial starburst to represent the severity of a patient's
condition.

Many systems have also been developed to represent EHR data that take into account its volume
as well as its sparse and complex nature. One of the most often described systems, Lifelines [Pla96],
summarized a single patients medical data as a set of lines representing different temporal events
in a zoomable timeline. Aspects of the records are grouped into different facets (e.g., problems,
allergies, etc) and listed vertically. Life ow [Won11] allowed viewers to see trends and patterns by
visualizing aggregate information from millions of records. InfoZoom [Spe0]] displayed data sets as
extremely compressed tables and allows users to perform queries through direct manipulation of
the presented information.

All the aforementioned systems display raw data and do not directly visualize derived clinical
patterns. KNAVE, on the other hand, [SCO0(Q abstracted the data into multiple levels of medical
concepts that drive visualization. Visitors (Visualization of Time-Oriented Records)  [KS0§ is an-
other system based on the temporal-abstraction ontology. It enables navigation and exploration of
semantically related raw and abstract concepts.

Although these systems are great tools to facilitate effective data exploration, they all have limited
ability to display multivariate data and to visualize longitudinal trends. Most importantly, from
a visualization standpoint, most visualization tools require training that ranges from 6 minutes
to 30 minutes. Besides, it requires domain knowledge and heavy cognitive workload in order to
interact with those systems effectively. In this dissertation, we will focus on a more intuitive and
straightforward method of visualization.

5.2.2 Facial Representations of Data

Prior research has investigated the use of faces to represent high-dimensional data. One of the most
classic examples is the Chernoff algorithm [Che73]. It allowed the values of different variables to
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control different facial features, e.g., face size, the length of nose. However, the mappings between
variables to facial features were often arbitrarily determined, which can be problematic as the feature
dimensions become large. A more principled approach is called Empathic visualization algorithm
(EVA) [LS0Z, which allowed the data to control the facial emotions. To do so, it rst de ned a set

of utility functions that re ects the important aspects of the data that interest the observers. Next,

it extracted the characteristics of the data and allowed them to control the muscle tensions that
impact emotions. Finally, a tness function measuring the distance between the utility functions
and emotions was optimized. Motivated by EVA, we also used different emotions to represent
different aspects of EHRs. The differences between our framework and EVA are: 1) EVA prede ned a
set of mapping functions describing the correspondence between data characteristics and facial
features, whereas our framework relied on DNN to  automatically learn the mapping in a data-driven
manner through backpropagation; 2) EVA was used on non-temporal data, whereas our framework
visualized temporal EHR data; 3) the original EVA work mainly focused on data visualization, and
thus generated facial emotions were not used for prediction or classi cation tasks, whereas our
framework applied the generated graphic representations to disease early predictions.

5.3 Framework

The framework in Thrust 2 is shown in Figure 5.1. Both  img.2CNN.LSTM and img.2CNN.LSTM+sta
were implemented. These two models rst map EHRSs to their image representations through a
component called Image Generator and then apply 2CNN to extract spatial-invariant patterns. The
patterns extracted from 2CNN are then fed into LSTM to capture their temporal dependencies.
Unlike img.2CNN.LSTM (Figure 5.1(1)), img.2CNN.LSTM+ sta (Figure 5.1(2)) introduces the static
information through a dense layer. At the core of the frameworkis  Image Generator which maps
EHRs to theirimage representations. In the following section, we will rst describe our three design
principles and explain how Image Generator is implemented and trained in order to comply with
those principles.

5.3.1 Design Principals

This section concerns with the visualization of EHRs. The objective is to construct an image repre-
sentation of the data where the most important characteristics are captured. As a by-product, we
expect this visualization should be interpretable for viewers and provide meaningful information
that bene ts our understanding and facilitates knowledge discovery. Given these goals, the design
of Image Generator follows three important principles.

1. Empathetic visualization In our study, we used facial images displaying different emotions
to represent EHRs. Humans have an innate ability to quickly and accurately recognize facial
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Figure 5.1 Framework in Thrust 2

expressions [Par03]. Facial expressions are interpretable, requiring no special knowledge to
understand. We encounter different emotions on a daily basis and thus can recognize and
understand their implications easily.

2. Visual homomorphism Facial expressions provide a natural way to realize visual homomor-
phism. There can be a controlled one-to-one correspondence between emotions and impor-
tant aspects of data. Given that our ultimate goal is to predict septic shock, it makes intuitive
sense that different emotions should represent patients' Sepsis stages. Thus, the evolving
facial emotions represent the trajectory of disease. To this end, we de ned the following vi-
sualization rules in Figure 5.2, where the mapping between emotions and disease stages is
speci ed.

3. Automatic mapping A less sophisticated method of generating images is to establish a set of
layout rules mapping each variable to a group of pixels in a given region. However, it is often
challenging to come up with those rules. Besides, there is no guarantee of producing a quality
image. Our proposed Image Generator is based on DNN that can be trained automatically
from data.

5.3.2 Overview of Image Generator

Image Generator maps a patients EHRs to a sequence of facial images. Formally, the Image Genera-
tor (Figure 5.3) has three parts: Mapping , Image Rendering, and Emotion Classi er .fxq,X5,..Xn 0
represent dynamic information and S represents static information . The component Mapping rst
maps the incoming EHRs (including both static and dynamic information) to high-level image
representation vectors. The image representation vectors describe important properties (i.e., the
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Figure 5.2 Visualization Rules

identity of the facial image and what emotion it displays) that control how the images look like. Given

a high-level representation vector, images can be generated through Image Rendering. To ensure the
generated faces display emotions that appropriately correspond to patients' sepsis stage, Emotion
Classi er was introduced. Emotion Classi er recognizes ve different emotions (i.e., neutral, fearful,
angry, sad, and happy) from any given image. An objective function is de ned to measure the dis-
tance between the predicted emotions and the probability that the patient is in a particular Sepsis
stage. The training objective is to minimize the objective function. Note that before training the
Image Generator component, both Image Rendering and Emotion Classi er need to be pretrained
using an image dataset. During training, their weights are xed so that both components would
work as deterministic functions. Only the weightsin ~ Mapping can be updated.
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Note: to initialize, the sepsis stages probability 9t1 are calculated by applying LSTM on EHRs

Figure 5.3 Image Generator

However, when training Image Generator, we faced the following two main challenges: 1) at
any given time a patient can be in multiple sepsis stages while each image in our image training
dataset only corresponded to one emotion; thus our Image Rendering had to be trained to generate
new, unseen face expressions with mixed emotions of varying degrees; and 2) the probability of a
patient being in any of the four sepsis stages is not always known because the features employed
in the clinician de ned rules are not always available in EHRs. To overcome these challenges, the
Expectation-maximization (EM) algorithm is applied iteratively. During the EM training, the weights
and parameters of Image Rendering, Emotion Classi er , and K-medoids are xed, and only the
LSTM in the Mapping component is updated. In the initialization step, an independent LSTM was
trained to obtain estimates of Sepsis stages probability. In the expectation (E) step, the parameters
in the LSTM of Mapping were learned and updated based on the initially learned probabilities of the
Sepsis stages. In the maximization (M) step, an estimate of sepsis stage probabilities was computed
using the parameters calculated in the E step. The EM steps alternate until convergence is reached.
More details regarding each part of Image Generator are described below.

5.3.3 Mapping

The mapping part maps the EHRs (including both static and dynamic information) to a high-level
image representation vector that controls how the images look like. Speci cally, an LSTM layer is
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applied to map dynamic information to an emotion vector which controls what emotion is displayed,

and the K-medoids cluster algorithm is applied to group patients based on their static information.
Patients from the same cluster are mapped to the same identity vector. Thus, they are represented
by faces from the same person. From the emotion vector and identity vector, the second part  Image
Rendering can produce RGB face images accordingly.

5.3.4 Image Rendering

Image Rendering can be seen as the inverse of a traditional image recognition task in that it generates
images given the high-level latent representation. Formally, Image Rendering can be trained in a
supervised manner using a set of labeled images (the labels are identity and emotion). The input of
the modelis atuple oftwovectors: D =f(i1, 1),(i2, 2),...(in, N)G Where i, isthe one-hot encoding
of the identity and |, is the one-hot encoding of the emotion. The targets are the RGB images
X =fxq,Xs,...,Xn O In other words, Image Rendering learns a function g(i,, ,)to approximate X,.
The architecture of the Image Rendering is shown in Figure 5.4. The input identity is represented
as an one-hot encoding of 57 dimensions, and the emotion is represented as an one-hot encoding
of 8 dimensions. Both vectors are rstindependently passed to two dense layers with 512 neurons.
The output is concatenated and passed to two FC layers with 1024 neurons and the third dense layer
with 2560 neurons. Next, the output vector h with 2560 dimensions is reshapedtoa 5 4image
of 128 channels. It is fed through 6 “upsampling + deconvolution” layers with 2 2 upsampling,
and each layer is followed by a convolutional layer. The “upsampling  + deconvolution” operation
can be seen as the opposite of the “convolution + pooling” steps performed in standard CNN. The
upsampling step upsamples the feature maps to increase their space span, thus the width and height
are both doubled after this operation is applied. The nal convolutional layer produces an image of
640 512with 3 channels. Note that each layer of the network is followed by a Leaky ReLU operation
to introduce nonlinearity. The network is trained by minimizing the reconstruction error, or Mean
Squared Log Error (MSLE).

5.3.5 Emotion Classi er

The Emotion Classi er (Figure 5.5) takes a facial image and assigns an emotion (i.e., fearful, sad, etc).
This multi-label classi cation problem is solved by CNN with three types of layers. The convolution
layers look for spatial-invariant patterns. The ReLU layers introduce nonlinearity. The pooling layer
performs a down-sampling along the spatial dimensions to reduce the span of the feature map. Our
goal is to ensure the generated faces preserve the correspondence between emotions and sepsis
stages. Note that when training Emotion Classi er , we xed the weights inthe Image Rendering
and only the weights in Emotion Classi er were allowed to be updated.
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Figure 5.4 Image Rendering

5.4 Datasets

To train the Image Rendering and Emotion Classi er , we used Radbound Faces Dataset. To train
Mapping component, we used CCHS dataset. In the following sections, both datasets are described.

5.4.1 Radbound Faces Dataset

The Radbound Faces Database (RadFD) is a public dataset provided by the Behavior Science Institute
of the Radbound Universtiy Nijmegen to support scienti ¢ research.

The dataset contains a set of high-quality portrait images of models showing eight facial ex-
pressions: anger, disgust, fear, happiness, sadness, surprise, contempt, and neutral. According to
[Lan10], all models were required to practice different facial expression at home before the photo
shoot session. During the photo shoot, there are FACS specialists monitoring their performance
and giving feedback. All displayed facial expressions were guided based on the prototypes from the
Facial Action Coding System (FACS) [EF77).

After the images were preprocessed, 276 participants were asked to validate and judge the
following aspects: (a) the depicted expression; (b) the intensity of the expression (from weak to
strong); (c) the clarity of the expression (from unclear to clear); (d) the genuineness of the expression
(from faked to genuine); and (e) the valence of the image (from negative to positive). The participants
were asked to pick the emotion label that best t the shown emotions.

In this dissertation, we included 456 validated frontal view images of 57 adult models showing 8
emotions. For more information regarding this dataset, please refer to the paper  [Lan10].
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Figure 5.5 Emotion Classi er

5.4.2 CCHS Dataset

The CCHS dataset has been described in Chapter 3.4. In this thrust, we used the same population,
that is, the “clean population” for septic shock prediction. However, to pretrain the Image Generator,
we selected a different population consisting of the rest 46,825 patients that are not included in the
“clean population” to prevent the framework from cheating. From this population, we randomly
sampled 20,000 patients to train the Image Generator.

5.5 Experiments

To train the Image Rendering, we used Leaky ReLU as activation functions for all the convolutional
layer except the last one. For the last convolutional layer, the Sigmoid activation function was used.
Mean square log error (MSLE) was used as the loss function. To avoid over tting, early stopping
with patience = 8 was applied. Five folds cross-validation was used for evaluation. Image Rendering
achieved a MSLE of 0.0038.

To train the Emotion Classi er , we applied ve convolution layers with 20 ltersofsize 3 3
and max-pooling layers of size 2 2. The nal dense layer has an output of size 5 1. The Sigmoid
activation function was used. Binary crossentropy was employed as the loss function. To avoid
over tting, early stopping with patience = 3 was applied. For this Emotion Classi er , a three fold
cross-validation loss of 0.0029 was achieved.

To train the Mapping , EM was applied. To initialize, LSTM was rst applied to predict four sepsis
stages at different time steps. The LSTM has 100 units. Early stopping was used to prevent over tting.
Three folds cross-validation was used to evaluate the model. Note that since we do not have the
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ground truth sepsis stages at every time step. Thus, a masked loss function was used for training,
and a masked accuracy was used as the loss function. These customized functions do not consider
prediction if the ground truth is missing. The three fold cross-validation masked accuracy was
0.8592. The LSTM in Mapping has 50 units. To train this LSTM, we used mean squared error (MSE)
as the loss function. In total, we underwent three iterations of EM steps. In the rstiteration, the
validation MSE was 0.0667. In the second interaction, the validation MSE was 0.0352. In the nal
iteration, the validation MSE was 0.0369.

In this experiment, we compared four models  dyn.LSTM, dyn.LSTM +sta, img.2CNN.LSTM, and
img.2CNN.LSTM +sta. Note that dyn.LSTM +stais the best model in Thrust 1. img.2CNN.LSTM and
img.2CNN.LSTM +sta are the two models proposed in this thrust. All the models were tested in two
experimental settings: the visit level early diagnosis (left aligned) and the event level early prediction
(right aligned) as described in Chapter 3.5.1. Recall, F1 Score, AUC, accuracy, and precision were
used as evaluation metrics. For more details, please refer to Chapter 3.5.3.

5.6 Results

5.6.1 Septic Shock Visit Level Early Diagnosis (left align) for Thrust 2

Figure 5.6 shows a snapshot of 8 faces generated from different patients' EHRs. The patients in
the rstrow are nonseptic shock patients, whereas the patients in the second row are septic shock
patients. The faces were captured at the moment after Septic Shock occurred.

Table 5.1 shows the results for septic shock visit level early diagnosis with observation window =
23 hrs. The reason we choose to report the results when observation window = 23 hrsin this thrustis
because when the observation window = 24 hrs, the results are outlier and do not re ect the overall
patterns. The best performance metrics are highlighted in red.

When comparing the two models proposed in thrust 2 ( img.2CNN.LSTM vs. img.2CNN.LSTM
+sta), we found adding static information improves all metrics except precision, which again shows
the bene ts of considering static information.

When comparing dyn.LSTM and img.2CNN.LSTM, we found the latter outperforms the former
in all performance metrics. Most notably, the precision was improved from 0.8823 to 0.9476. When
comparing dyn.LSTM+staand img.2CNN.LSTM+ sta, the latter outperforms the former in every per-
formance metric as well. The nding suggests the bene t of using generated image representations
and applying 2CNN.

Next, we varied the observation window from 3 hrs to 24 hrs. The F1 Score and AUC for these
models can be seenin Figure 5.7 - Figure 5.9. As the observation window size increases, both F1 score
and AUC increase because more information becomes available. First, we compare img.2CNN.LSTM
and img.2CNN.LSTM +sta in Figure 5.7. The results show adding static information improves
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Figure 5.6 Generated Facial Expressions from 8 Different Patients

the performance for almost all observation window sizes. Then  dyn.LSTM is compared against
img.2CNN.LSTM in Figure 5.8. For F1 Score, when the observation window is less than 11 hrs,
dyn.LSTM achieves a better score, however, when the observation window is larger than 11 hrs,
img.2CNN.LSTM +sta has a better F1 Score. For AUC, when observation window is less than 9 hrs,
dyn.LSTM is better. However, when observation window is larger than 9 hrs, img.2CNN.LSTM +sta
is better. The same pattern can be found when we compare dyn.LSTM +staand img.2CNN.LSTM
+sta. As shown in Figure 5.9, there is a threshold at 12 hrs. When the observation window size is
smallerthan 12 hrs, dyn.LSTM+ staperforms better for both F1 Score and AUC; when the observation
window size is larger than 12 hrs, img.2CNN.LSTM+ sta performs better.

Table 5.2 calculates the average performance metrics across different observation window size.
dyn.LSTM +sta has the highest recall =0.8472.img.2CNN.LSTM has the best precision =0.9256.
img.2CNN.LSTM +sta has the highest F1 Score=0.8732, AUC=0.9529 and accuracy=0.8762. Compar-
ing img.2CNN.LSTM+ sta against img.2CNN.LSTM, we found adding static information improves all
metrics except precision (0.9256 vs. 0.9082). Comparing dyn.LSTM and img.2CNN.LSTM, the latter
outperforms the former for all metrics, except recall (0.8127 vs. 0.7935). Most notably, the precision
is improved from 0.8743 to 0.9256. Finally, dyn.LSTM+staand img.2CNN.LSTM+ sta are compared
against each other, the latter outperforms the former in every performance metrics except recall
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Table 5.1 Septic Shock Visit Level Early Diagnosis (Observation Window = 23 hrs) for Thrust 2

Recall F1Score AUC Accuracy Precision
Thrust 1: EHRs
1 dyn.LSTM 0.8244 0.8523 0.9277 0.8572 0.8823
2 dyn.LSTM +sta 0.8526 0.8787 0.9570 0.8823 0.9065
Thrust 2: Images
3 img.2CNN.LSTM 0.8316 0.8858 0.9552 0.8928 0.9476
4 img.2CNN.LSTM +sta 0.8883 0.9133 0.9749 0.9156 0.9396

Figure 5.7 Visit Level Early Diagnosis (Left Align) for img.2CNN.LSTM+sta and img.2CNN.LSTM in Thrust 2

Table 5.2 Average Performance Metrics for Septic Shock Visit Level Early Diagnosis for Thrust 2

Recall F1Score AUC

Accuracy Precision

Thrust 1;: EHRs

1 dyn.LSTM 0.8127 0.8423 0.9213 0.8478 0.8743

2 dyn.LSTM +sta 0.8472 0.8656 0.9451 0.8684 0.8851
Thrust 2: Images

3 img.2CNN.LSTM  0.7946 0.8550 0.9358 0.8653 0.9256

4 img.2CNN.LSTM +sta 0.8414 0.8732 0.9529 0.8782 0.9082

(0.8472 vs. 0.8414). The results suggest the sepsis stages captured by generated graphic representa-

tion provides informative information of septic shock in the visit level early diagnosis experimental

setting. Being able to accurately capture this information is important for our prediction task.

5.6.2 Septic Shock Event Level Early Prediction (Right Align) for Thrust 2

Table 5.3 shows the results for septic shock event level early prediction (right align).

Dyn.LSTM+sta

achieves the highest F1 Score=0.8400, AUC=0.9229, accuracy=0.8430 and precision =0.8563.
Comparing the two models img.2CNN.LSTM+staand img.2CNN.LSTM proposed in thrust 2,
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Figure 5.8 Visit Level Early Diagnosis (Left Align) for dyn.LSTM and img.2CNN.LSTM in Thrust 2

Figure 5.9 Visit Level Early Diagnosis (Left Align) for dyn.LSTM+staand img.2CNN.LSTM+sta in Thrust 2

Table 5.3 Septic Shock Event Level Early Prediction (Hold-off Window = 1 hr) for Thrust 2

Recall F1Score AUC Accuracy Precision
Thrust 1: EHRs
1 dyn.LSTM 0.7672 0.8000 0.8862 0.8082 0.8357
dyn.LSTM +sta 0.8244 0.8400 0.9229 0.8430 0.8563
Thrust 2: Images
3 img.2CNN.LSTM  0.8331 0.7687 0.8620 0.7805 0.8123
4 img.2CNN.LSTM++sta 0.7619 0.8049 0.9005 0.8153 0.8530

N

we found the model with static information has better result in all metrics, except recall (0.8331 vs.
0.7619)

When compare the model dyn.LSTM against img.2CNN.LSTM, and dyn.LSTM+ sta against
img.2CNN.LSTM+ sta, we found the models using image representations and applying 2CNN do
not outperform the models using EHRs only.

Next, we vary the hold-off window size from 1 hr to 24 hr with 1 hour increment. Figure 5.10
compare the two models proposed in Thrust 2 ( img.2CNN.LSTM vs.img.2CNN.LSTM++ sta). The
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results show that adding static information improves the model's performance. Figure 5.11 compared
dyn.LSTM against img.2CNN.LSTM, and Figure 5.12 compared the model dyn.LSTM +sta against
img.2CNN.LSTM+ sta. Both of them show that mapping EHRs to image representations and applying
2CNN do not bene t the prediction.

Figure 5.10 Visit Level Early Diagnosis (Left Align) for img.2CNN.LSTM+sta and img.2CNN.LSTM in Thrust 2

Figure 5.11 Visit Level Early Diagnosis (Left Align) for dyn.LSTM and img.2CNN.LSTM in Thrust 2

Finally, we calculate the average performance metrics for event level early prediction (right
align). The results in Table 5.4 show the best model is dyn.LSTM +sta, which has the highest F1 score
= 0.7369, AUC=0.8212, accuracy=0.7429 and precision=0.7549.Img.2CNN.LSTM++ sta achieves
the highest recall =0.7259.

Comparing the two models img.2CNN.LSTM+staand img.2CNN.LSTM proposed in thrust 2, we
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Figure 5.12 Visit Level Early Diagnosis (Left Align) for dyn.LSTM+staand img.2CNN.LSTM+stain Thrust 2

Table 5.4 Average Performance Metrics for Septic Shock Event Level Early Prediction (Right Align) for
Thrust 2

Recall F1Score AUC Accuracy Precision
Thrust 1: EHRs
1 dyn.LSTM 0.6416 0.6805 0.7690 0.6989 0.7256
dyn.LSTM +sta 0.7204 0.7369 0.8212 0.7429 0.7549
Thrust 2: Images
3 img.2CNN.LSTM 0.6121 0.6487 0.7263 0.6693 0.6912
4 img.2CNN.LSTM +sta 0.7259 0.7292 0.8114 0.7307 0.7358

N

found the model with static information has a better result. Finally, comparing dyn.LSTM against
img.2CNN.LSTM, and dyn.LSTM +sta against img.2CNN.LSTM++ sta, we nd that in event level
early prediction (right align) setting, using generated images representations and then applying
2CNN do not bring signi cant bene ts to the performance.

5.7 Summary

In this thrust, we proposed an Image Generator that maps EHRs to image representations. The image
representations allow us to fully take advantage of 2CNN's computational power. 2CNN is capable

of extracting the most important features contributing to septic shock prediction while Itering out
irrelevant information. In this thrust, four models  dyn.LSTM, dyn.LSTM +sta, img.2CNN.LSTM and
img.2CNN.LSTM++ sta were compared against each other. They were tested in two experimental
settings, i.e., the visit level early diagnosis (left align) and the event level early prediction (right align).
First of all, the results consistently demonstrate the bene t of adding static information. Second,

the results show that mapping EHRSs to image representations and then applying 2CNN bene t the
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visit level early diagnosis (left align) task when the observation window size is large. However, the
framework does not bene t the performance in event level early prediction (right align) setting.
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CHAPTER

6

THRUST 3: COMBINE GENERATED
IMAGE REPRESENTATION AND EHRS
FOR PREDICTION

6.1 Overview

The results from the previous thrust have shown the generated images do carry informative informa-
tion for septic shock. Nonetheless, the performance is only improved for visit level early diagnosis
(left align), but not the event level early prediction (right align). This thrust explores whether we can
improve the performance of both tasks by combining the generated images and EHRs for prediction.
As far as we know, this is the rst work toward this direction.

6.2 Framework

The framework is presented in Figure 6.1. In this framework, both  dynamic information and static
information are rstfedinto Image Generator to produce a series of graphic representations at every
temporal step. 2CNN is applied to extract patterns from the generated images. The output of 2CNN

is further concatenated with the dynamic information at each time step, and the concatenated
vectors are fed into LSTM to capture their temporal dependencies. Additionally, in the nal layer,
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we also employ a dense layer to capture predictive information from  static information (rightmost
link in Figure 6.1). The output of the dense layer is concatenated with the output of LSTM in
the last or nal time step to make the nal septic shock prediction. The framework is referred as
{dyn+img.2CNN}.LSTM + sta, where dyn represents dynamic information, img represents generated
graphic representations, and sta represents static information.

Figure 6.1 Framework for Thrust 3: {dyn+img.2CNN}.LSTM +sta

6.3 Data

The Radbound image dataset described in Chapter 5.4.1 was used to train  Image Rendering and
Emotion Classi er . The CCHS dataset used to pretrain Mapping and to predict Septic Shock is
described in Chapter 3.4 and Chapter 5.4.2.

6.4 Experiments

As shown in Figure 6.2, the framework {dyn+Img..2CNN}.LSTM+ sta was compared against the best
models in thrust 1 and thrust 2: dyn.LSTM +staand img.2CNN.LSTM +sta. The model dyn.LSTM
+staonly uses EHRs for Septic Shock prediction. img.2CNN.LSTM +sta, on the other hand, rst maps
EHRs to their image representations and uses the image representations to make prediction. The
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proposed framework uses both EHRs and image representations to predict. Note that all these three
models incorporate static information through a dense layer as our previous results have consistently
demonstrated the bene t to do so. The details about implementation have been described in
Chapter 5.5.

Figure 6.2 Models for Comparisons

All the models were tested in two experimental settings: the visit level early diagnosis (left
aligned) and the event level early prediction (right aligned) as described in Chapter 3.5.1. Recall, F1
Score, AUC, accuracy, and precision were used as evaluation metrics as described in Chapter 3.5.3.

6.5 Results

6.5.1 Septic Shock Visit Level Early Diagnosis (Left Align) for Thrust 3

Table 6.1 shows the results for visit level early diagnosis when the observation window = 24 hrs.
The best model {dyn+img.2CNN}.LSTM +sta has the highest recall =0.9012, F1 Score=0.9211,
AUC=0.9776 and accuracy=0.9228.img.2CNN.LSTM +sta has the best precision =0.9621. The frame-
work outperforms both dyn.LSTM+staand img.2CNN.LSTM+sta.

Figure 6.3 shows the prediction results when we vary the observation window from 3 hrs to 24
hrs. As we can see, the best model is {dyn+img.2CNN}.LSTM + sta. This model outperform both
dyn.LSTM +staand img.2CNN.LSTM +sta for almost all observation window sizes.

Next, we calculate the average performance metrics for these three models and the results are
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Table 6.1 Septic Shock Visit Level Early Diagnosis (Observation Window = 24 hrs) for Thrust 3

Recall F1Score AUC Accuracy Precision
1 dyn.LSTM +sta 0.8559 0.8791 0.9538 0.8823 0.9036
2 img.2CNN.LSTM +sta 0.8414 0.8977 0.9597 0.9041 0.9621
3 {dyn+img.2CNN}.LSTM +sta 0.9012 0.9211 0.9776 0.9228 0.9420

shown in Table 6.2. Again, the bestmodel {dyn+img.2CNN}.LSTM +sta has the highestrecall =0.8734,
F1 Score=0.8899, AUC=0.9605 and accuracy = 0.8921. It also has a high precision 0.9073, close to
the best value 0.9082 achieved by img.2CNN.LSTM +sta.

Figure 6.3 Visit Level Early Diagnosis (Left Align) for Thrust 3

Table 6.2 Average Performance Metrics for Septic Shock Visit Level Early Diagnosis for Thrust 3

Recall F1Score AUC Accuracy Precision
1 dyn.LSTM +sta 0.8472 0.8656 0.9451 0.8684 0.8851
2 img.2CNN.LSTM +sta 0.8414 0.8732 0.9529 0.8782 0.9082
3 {dyn+img.2CNN}.LSTM +sta 0.8734 0.8899 0.9605 0.8921 0.9073

6.5.2 Septic Shock Event Level Early Prediction (Right Align) for Thrust 3

Table 6.3 shows the results for septic shock event level early prediction when the hold-off window
size= 1 hr. The best model is {dyn+img.2CNN}.LSTM +sta, which has the highest recall =08696,
F1 Score=0.8519, AUC=0.9252 and accuracy=0.8488.dyn.LSTM +sta achieves the highest preci-
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