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Abstract

The prevalence of real-time data acquisition has increased significantly in recent years
due to advancements in sensors, transmission, and storage technologies. This has led
to the collection of large datasets in various fields, including engineering, medical,
physical, and social sciences. In healthcare, dynamic monitoring data has become
a crucial aspect for health diagnosis, treatment, and proactive health tracking. The
emergence of wearable technology and monitoring systems has provided new avenues
for understanding complex dynamic processes through longitudinal data, providing
insight into an individual’s health and comfort. However, it is important to note that
data quality issues can significantly impact temporal data analysis.

Additionally, the analysis strategies required for monitoring data vary greatly
between monitoring a few parameters at high sampling rates and monitoring several
parameters over extended periods at low sampling frequencies. One approach for
improving such data analysis is to represent the data as features, enhancing the
interoperability of outcomes from statistical and machine learning analyses.

This thesis explores the domain knowledge feature engineering of monitoring time
series data through a Python package, developed to provide a robust and systematic
temporal data analysis platform. The package includes functional elements ranging
from data reading to denoising and feature extraction, and its modular design allows
for diverse applications and the incorporation of user-defined components. The find-
ings of this thesis demonstrate the capability of temporal data abstraction using a
methodical feature extraction scheme. The developed workflow provides a robust and
user-friendly architecture for conducting time series analysis.



Zusammenfassung

Die Verfiigharkeit von Echtzeit-Datenerfassung hat in den letzten Jahren aufgrund
von Fortschritten in Sensor-, Ubertragungs- und Speichertechnologien erheblich zugenom-
men. Dies fiihrte zur Erhebung umfangreicher Datensétze in unterschiedlichen Bere-
ichen wie Ingenieurwesen, Medizin, Natur- und Sozialwissenschaften. Im Gesund-
heitswesen ist die Erfassung dynamischer Uberwachungsdaten zu einem zentralen
Element fiir Gesundheitsdiagnosen, Therapien und proaktives Gesundheitsmonitor-
ing geworden. Das Aufkommen tragbarer Technologien und Uberwachungssysteme
hat neue Moglichkeiten eroffnet, komplexe dynamische Prozesse anhand von Langss-
chnittdaten besser zu verstehen und Einblicke in den Gesundheitszustand sowie das
Wohlbefinden Einzelner zu gewinnen. Es ist jedoch zu beachten, dass Probleme bei
der Datenqualitéit die zeitliche Datenanalyse erheblich beeinflussen konnen.

Dariiber hinaus unterscheiden sich die erforderlichen Analysestrategien fiir Uberwachungs-
daten je nach Einsatzgebiet stark: Sie reichen von der Beobachtung weniger Parame-
ter mit hohen Abtastraten bis hin zur Uberwachung mehrerer Parameter iiber lingere
Zeitrdume bei niedrigen Abtastraten. Ein Ansatz zur Verbesserung solcher Daten-
analysen besteht darin, die Daten in Form von Merkmalen darzustellen. Dies erhoht
die Interoperabilitdt der Ergebnisse sowohl fiir statistische Verfahren als auch fiir
Methoden des maschinellen Lernens.

Diese Dissertation untersucht das doménenspezifische Feature-Engineering fiir die
Analyse von Zeitreihendaten im Uberwachungskontext anhand eines Python-Pakets.
Dieses Paket wurde entwickelt, um eine robuste und systematische Plattform fiir
zeitliche Datenanalysen bereitzustellen. Es umfasst funktionale Elemente von der
Dateneinlesung iiber die Rauschunterdriickung bis hin zur Merkmalsextraktion. Dank
seiner modularen Architektur kann es fiir vielfdltige Anwendungen genutzt und um be-
nutzerdefinierte Komponenten erweitert werden. Die Ergebnisse dieser Arbeit demon-
strieren die Fahigkeit zur Abstraktion zeitlicher Daten mithilfe eines methodischen
Schemas zur Merkmalsextraktion. Der entwickelte Workflow bietet eine robuste und

benutzerfreundliche Architektur, um Zeitreihenanalysen effizient durchzufiihren.
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Introduction

1.1 Big Data in Healthcare

One may call the 21st century the era of data and digitalization. We can observe
the rapidly increasing data availability in all aspects of our lives. From our social
interaction to public policy and safety, from travel and transportation to news and
information, and from education and employment to cutting-edge sciences.

Due to the exponential growth in the amount and variety of generated data, also
referred to as Big Data, and their management complexity, we require new strategies
and resources for governing these data. New technologies, accompanied by advance-
ments in building high capacity physical storage, have already demonstrated promis-
ing solutions for Big data collection and storing [1|. Nevertheless, today’s challenge
is no longer just generating and collecting more data but transforming this data into
real value by extracting hidden and complex relationships from the data, yielding new
information [2, 3.

The vision of Big Data shifts the paradigm of data analysis from testing deter-
mined hypotheses to hypothesis-generating data analysis, achieved by machine learn-
ing (ML) techniques. ML, a subcategory of artificial intelligence, is based on the
concept that systems can learn from data, recognize patterns and make decisions in
an automated approach. In other words, ML models learn quantitative patterns from
a number of observations without understanding the underlying mechanisms. ML
allows the exploitation of Big Data at multiple scales to abandon a priori hypotheses
and represent the real world in a practically unbiased way|[4, 5].

One of the areas that has also been flooded by the explosion of data is the health-
care system and medical services [6]. The expectations for Big Data in medicine are
based on the immense complexity of the mechanisms that initiate the onset and de-
velopment of diseases in individual patients. The progression of diseases is not only

controlled by molecular level factors but by a multitude of heterogeneous elements,
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e.g., genetic background, lifestyle, stress factors, and comorbidities. Elaborated and
established workflows drive the development of therapies targeting core molecular
processes in laboratory research and clinical trials. In particular, clinical trials are
based on sophisticated protocols, designed by requirements arising from statistical
needs, with few patients compared to the overall patient population. Therefore, data
gathered in clinical trials are selected concerning a detailed hypothesis and rarely
represent the total cohort of patients in actual clinical practice [7]. Therefore, by
analyzing data from clinical practice, so-called real-world evidence (RWE) analysis,
which reflects the actual and unbiased patient population, using ML-based tools for
data analysis, there is hope to overcome the limitations of established research and
development workflows to boost precision medicine. Precision medicine, also known
as personalized medicine, is a medical approach that utilizes an individual’s unique
characteristics, such as genetics and lifestyle, to develop tailored treatment strategies
with the goal of improving health outcomes. This approach to healthcare utilizes
large-scale data analysis to identify specific biomarkers that can inform treatment
decisions. By leveraging this information, precision medicine enables the creation of
more targeted, effective therapies and can potentially reduce the need for hospital-

ization by facilitating more effective healthcare management at home [8|.

1.2 RWE

As explained in the previous section, Real World Evidence (RWE) in medicine implies
evidence conveyed from real-world data (RWD).

RWD are collected and documented data from several sources of heterogeneous
patient populations in real-world environments during clinical practice rather than
data generated in the context of randomized controlled trials (RCTs) [9].

The data structures of Real World Evidence datasets are very heterogeneous.
They can contain various data types, as follows:

e Static and single recorded data (e.g., patient demographic, biometric data, ad-

mission date, medical images, free text forms and diagnosis)

e Low sampling rate time series (e.g., laboratory parameters, medication prescrip-

tions)

e High sampling rate time series (e.g, ECG, EEG, Respiratory rate, Blood pres-

sure)

Such data multiformity results in a combination of static and temporal data with

very different sampling densities. In terms of volume, RWE- databases may include
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from hundreds to millions of patients and from a few to thousands of parameters per
patient [10]. More detailed and small databases are usually related to specific indi-
cations or medical areas such as intensive care. In contrast, gigantic databases with
several million patients are mostly limited to electronic medical records collected by
healthcare providers and health insurers. For instance, the IQVIA EMR US database
comprises records of 30 million active patients treated by more than 30,000 healthcare
providers in the United States. The database includes medical and pharmacy service
data files that contain information on patient demographics, diagnoses, prescription
medications and comorbidities [11].

Since RWE datasets cover broad patient cohorts, they have potential applications
in rare diseases and syndromes discovery [12]. Besides, such data can contribute to
the identification of more minor but homogeneous groups of patients who may benefit
from new treatment opportunities [6].

Despite all the potential of RWE, they have limitations and suffer a few short-
comings. Contrary to well-defined protocols for data collection in clinical trials, RWE
databases may not have consistent and adequate data quality, structure, and stan-
dardization. For instance, unstructured data such as medications and diagnoses are
considered high uncertainty records, as the data documentation depends heavily on
the hospital guidelines and physician or clinical staff situation during data documen-
tation. In addition, absolute values of a diagnostic parameter may depend on the
type of monitoring equipment and the respective calibration parameters, even for
structured data. Such tremendous heterogeneity of data types requires sophisticated
approaches to make these data usable and translatable. In practice, a parameter is
only taken into assessments, when clinicians are convinced it is necessary, which lead
to severe data gaps in analyses [10].

Dynamic observable data, such as vital signs (e.g., heart rate, blood pressure,
body temperature) or routine lab parameters collection (e.g., blood and urine test
results), are less sensitive to human errors, so they are advantageous for RWE data
analysis. However, the monitoring rate of temporal data may vary from sparse to
dense sampling frequency during hospitalization, which must be adequately tackled

during analysis.

1.3 Biosignals

Biosignals are a branch of RWE time-series data types and have developed into a vital

indicator for health diagnosis, successive treatment, and proactive health tracking.
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They deliver data on physiological conditions that are indicative of an individual’s
health and comfort [13, 14, 15].

Biosignals are driven by the development of monitoring technologies, so-called
wearables (portable devices) or implantable sensors. Such devices are an arising
innovation in the healthcare system that enables remote and real-time monitoring,
tracking, and analysis of human health states [16], including daily steps, heart rate,

brain activity, and glucose level.

The concept of wearable devices was introduced in 1990 to empower patients
to monitor their health conditions outside the clinic or hospital [15]. These clini-
cal signals can eventually support disease prevention or be used as diagnostic tools
for quick treatment and recovery from diseases or injuries [17]. For example, such
biosignals have been extensively applied to various applications, including detecting
cardiac arrhythmias, epileptic seizures, sleep phase evaluation, sentiment analysis,
and blood pressure detection. Although data collected at clinics is always consid-
ered the gold standard compared to data monitored from wearable devices, these
devices are now gaining popularity due to their capability to continuously monitor a
small set of health-related signals in very dense sampling rates over very long periods.
These monitored patient data can be shared with health professionals to establish a

monitoring framework through the cloud.

Despite the fact that wearables are mainly used in fitness applications today, they
are anticipated to be the first choice in the future for various medical applications.
For example, The concept of clinical trials can be improved by monitoring patients
continuously throughout the day rather than just during clinic visits. Incorporating
wearable technology and remote monitoring methods in multi-institutional trials can
expand the sample size and diversity of participants. Furthermore, the utilization
of wearables to collect more detailed and specific health outcomes data can aid in
demonstrating the clinical benefit of a new treatment, increasing the probability of
proceeding to a large-scale randomized trial [18].

The wearable sensors integrated with smart devices offer continuous monitor-
ing, wireless transmission, low memory and power consumption, cost-effectiveness
and user-friendliness. In contrast, traditional data monitoring methods cannot be
performed remotely, and data acquisition, transformation, and processing require a
significant amount of time and effort [16]. Therefore, the data structures generated
by wearables are very different from the telemetric RWE data structures discussed
above. Wearables deliver long time series data with high sampling frequency and

high availability, which leads to a low number of missing values compared to RWE
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datasets. Data from wearables is consistently structured and clearly defined; however,
in contrast to RWE data, wearables can only record a few signals that correspond-
ing sensors can assess. Additional data types such as diets, activities, etc., have
to be collected manually by patients and then added into the data, which is highly
error-prone process, as patients might not record such data types consistently and
accurately, particularly in elderly groups.

Another issue with wearables is that laypersons must operate and handle them,
which in turn can induce systematic measurement errors if the sensors are not posi-
tioned correctly, and the displacement is not noticed. Although sensors used in wear-
ables are primarily non-invasive, complex signal processing techniques are required to
extract a high-quality signal. Therefore, sophisticated algorithms for pattern detec-
tion with a low signal-to-noise ratio are essential for a prospering health monitoring
analysis. In spite of this fact, new developments in embedded sensors software showed
promising results in real-time filtering of data [19, 20].

Today, wearables collect large datasets for each individual, which facilitates the
development of personalized diagnostic tools. Nonetheless, identifying data patterns
related to diseases, in any case, requires data from larger cohorts of patients, which
are not yet widely available. Therefore, ML-based pattern identification is focused on
patterns that can be easily identified by ML tools or that are at least qualitatively
known from previous analysis, e.g., arrhythmia detection in ECG data [21|. However,
this situation could change qualitatively if commercial wearable providers could access
consumer data, creating databases of monitoring signals and accordingly opening up

new prospects.

1.4 Time-Series Data Analysis

Time-series data is a sequence of observations collected over a period of time. We
discussed in section 1.1, in the era of Big Data, as a result of the healthcare sector’s
transition from manual to automated data collection processes, there has been an
explosion in massive and complex temporal clinical data generation. Clinical time
series enclose a wide range of data types that can be captured in a variety of forms
and structures, from electronic health records (EHRs) and clinical trials to biosignals
collected by commercial monitoring wearables [22, 23].

Although collecting and storing such data types have become more effortless,
their methodical use demands the development of specific algorithms and mathemat-

ical models. For instance, two typical applications are detecting hidden patterns of
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recurring time series segments and identifying surprisingly irregular patterns. These
patterns can be used, for example, to identify high-risk patients at an early stage
or to predict the occurrence of sudden critical disease processes at an earlier phase

compared to the state of the art of medical therapy protocols [24].

Because of the high heterogeneity, high noise level, and incompleteness of clini-
cal time series, data preprocessing is the first step to identifying and handling these
issues. Noise reduction and detection of unwanted outliers is the first stage of time
series preprocessing. Noise reduction can be performed using various techniques,
e.g., spectral filters, rule-based approaches, and autoregression [23|. Missing values
are another difficulty typically experienced in acquiring sequential time series data.
Missing observations can be caused by missing or incorrect data collection, lack of
documentation, or failure of recording equipment. Missing data values can signifi-
cantly affect the accuracy of further analyses. Therefore, it is essential to determine
the underlying cause of missing data to select the appropriate method for handling
missing values. There are two approaches to dealing with missing data: conventional
methods such as ignore, delete, and mean/mode imputation on the one hand, and
imputation methods such as interpolation or implementing the Gaussian process on
the other |25, 26]. Time series data analysis presents a significant challenge due to
its high dimensionality. Analyzing temporal data point by point is often inadequate
when dealing with time series data. However, a favorable aspect of time series data
is that consecutive values are often highly correlated, leading to significant redun-
dancy [27]. To address this issue, feature extraction techniques should be employed
to compress the time series by retaining only the important information and elimi-
nating noise and correlations. By selecting the appropriate features, the analysis will
be accelerated and produce more accurate results compared to analyzing the origi-
nal data |27, 28]. In general, individuals use this method to develop frameworks for
many time-series data applications, including disease classification and symptom pre-
diction. This can significantly lower the amount of data required to develop models
for tasks such as disease classification and symptom prediction. The vector space
values of extracted features can be readily understood and interpreted because the
technique explains the steps required to convert data into features. The following
section explains feature engineering as the core concept of this thesis. The feature
space data can be used later for different ML tasks. Two specific applications are
pattern recognition and anomaly detection in time series. Time series data may vary
from one patient to another, or time sequences may comprise different segments in the

same patient. Comparing different time series or segments of a series and identifying
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similar patterns in the data is called time series clustering. Time-series clustering
can be used for patient stratification in large populations and describe the similarity
between the patients of each cluster by means of the weight of extracted features
[29]. Time-series segments clustering can be employed to identify and characterize
different states in the dynamics of a biological system (e.g., in disease progression)
and discover the relationships between the segments and phenotypes [23]. The use of
classification learning algorithms can enable pattern recognition and prediction when
labels are present in the data. Once the learning process is completed, the system
can automatically classify new sequences into their respective classes when processing
them. Anomaly detection refers to techniques used to detect, identify, and predict
anomalous patterns and observations in data. Such anomalies may be unwanted er-
rors that need to be removed from the data during the denoising process. However,
anomalous patterns may also indicate the occurrence of biologically relevant events
or transitions from one clinical condition to another. For example, a sudden shift
from a healthy condition to a disease condition might be an anomaly in the data.
The cardiac arrhythmia events are examples of events found as abnormal patterns
in time series. Mathematical models that can detect and indicate transitions before

these events can be operated as early warning signals (EWS)[24, 30].

1.5 Time-Series Feature Engineering

The ultimate aim of time series analysis tools is to process data efficiently within
a reasonable time frame. Nevertheless, direct application of an analysis method to
unprocessed time series, especially to high-resolution biosignals, might be too costly
and computationally intensive, e.g., for rapid assessment of risks. In this context,
representation, also called feature extraction, refers to the transformation of the time
series into another data space formed from derived extracted features [23|. A good
representation should have a lower computational cost, retain the elemental infor-
mation of the original sequence, allow reconstruction of the data from the reduced
representation with sound quality, and be insensitive to noise. Therefore, develop-
ing algorithms for extracting features from time-series data is a key area of research
in time series analysis that can effectively generate information related to specific
concerns [31]. There are two fundamental methods for extracting relevant feature
descriptors from biosignals, including hand-crafted and semi/unsupervised learning
features. The engineered descriptors exploit domain-expert knowledge to develop

methods for deriving relevant features from data. On the other side, generic feature
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extraction is a technique that employs numerous feature functions to extract signifi-
cant descriptors from signal data. The integration of domain-expert knowledge into
machine learning (ML) applications has been shown to be a valuable technique for im-
proving the performance of the ML models [32]|. In the context of time series feature
engineering, domain knowledge can be used to identify relevant features and to guide
the selection of appropriate feature extraction methods [33]. For example, a domain
expert in the field of cardiology may be able to identify specific cardiac biosignals, such
as heart rate variability, that are relevant to predicting cardiovascular disease [34].
Similarly, a domain expert in the field of neurology may be able to identify specific
skeletal muscles signals, such as electromyography (EMG) patterns, that are relevant
to predicting neurological disorders [35]. Using domain knowledge in clinical time se-
ries and biosignals feature engineering can also help to improve the interpretability of
the models. By understanding the features and the feature extraction methods used,
domain experts can better interpret the models and make more informed decisions
about patient care. Additionally, application-based features, such as those derived
from domain-specific knowledge, can capture essential information that is not cap-
tured by generic features. This can lead to improved performance in tasks such as
diagnosis, prognosis, and monitoring of disease progression [36]. Incorporating such
features can improve the performance of the models and make them more robust to
outliers and noise in the data. The advantages of using domain-expert knowledge
in time series feature engineering motivated us to explore the potential benefits of
utilizing and adapting such features from other scientific fields into healthcare data
analysis. We showed how a latent temporal feature could be used to identify critical
transitions in biological systems [37]|. Our findings, which have been presented in this
thesis too (See Chapter. 8), demonstrated the potential of such features to gain a
deeper understanding of the underlying physiological processes. Encouraged by these
results, we have also investigated the potential of domain-knowledge features in other
healthcare temporal data analysis applications using a robust time series analysis

tool.

1.6 Time-Series Analysis Tools

To achieve a concise time-series data analysis with reliable outcomes, one should per-
form successive steps, including data wrangling, feature extraction, and modeling. In
this sense, depending on the application, design, and implementation of the described

steps can be elaborative tasks and require comprehensive domain knowledge as well
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as proficient programming skills. Therefore, in recent years, we have witnessed the
development of several platforms that tried to construct and facilitate the analysis
workflow of all the temporal data analysis steps or at least one step. Such platforms
aim to provide software and tools which provides scientists to perform all or part of
their time-series analysis in an established and standardized way. As an example,
Christ et al.[38] developed a Python-based package to support a fast and automated
time series feature extraction and selection. Tsfresh provides an enormous number of
built-in features that can be picked by the user, where its feature selection algorithm
can filter the extracted features. In the context of prediction schemes, imbalanced
data and a heterogeneous set of features can lead to biased and unreliable outcomes.
To handle these issues, Lee et al.|39] proposed a computationally inexpensive and
robust predictive tool named SoFt, which applies a selected learning model and uti-
lizes a filtering-based feature selection algorithm for addressing imbalanced datasets.
Another Python library, called Tslearn [40], tries to cover all the time-series analysis
steps and deliver preprocessing tools, feature extractors, and ML algorithms to clas-
sify and cluster temporal data. Tslearn utilizes time-series distinctive metrics (e.g.,
DWT) to quantify the similarity between univariate or multivariate time series. The
pyts Python package [41] is another example of open-source software developed for
time series classification, offering implementations of several classification algorithms.
The described packages are only some examples of published toolboxes, and there ex-
ist numerous other libraries with more or less similar capabilities and functionality
(e.g., Seglearn [42], Cesium [43|, Featuretools [44], Pastas [45|, sktime [46]).

1.7 Objective of the work

In section 1.5, the significance of domain knowledge in the extraction of informative
features from time series data and its application in machine learning tasks was dis-
cussed. The process of extracting information from raw dynamic data and making
informed decisions requires multiple steps, which may include complex implementa-
tion and programming.

Due to the rapid accumulation and storage of time-series data over the past few
years, there has been a growing demand for tools and software to simplify the process
mentioned above. As noted in the previous section, various libraries and packages
have been developed to address this demand, covering different aspects of time series
analysis, from data preprocessing and feature engineering to operating statistical and

artificial intelligence models.
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The analytical part of the time series analysis, which includes data mining and
the development of predictive models, is highly dependent on the specific application
and requires specialized tools. Nevertheless, it is crucial to acknowledge that data
preparation and feature extraction are fundamental aspects of any time series analysis
implementation. These stages play an important role in pattern recognition during
the analysis phase, as the quality of data preparation can significantly impact the

results of machine learning tasks [47].

Therefore, it is necessary and feasible to develop a generic pipeline that produces
ready-to-use data for analysis, as this will ensure consistent and accurate results in
the time series analysis. The importance of a well-structured data preparation stage
cannot be overstated, as it lays the foundation for a successful time series analysis

implementation.

Section 1.6 highlighted libraries that were developed for this purpose. However,
their limitations restrict their utilization in every time series application or necessitate
additional, sophisticated coding. These tools concentrate on data preprocessing and
representation, whereas one of the most significant issues, particularly with large
time-series data, is the importation into the workflow environment. Loading and
retrieving thousands to millions of data files or importing dense and lengthy signals
can impact the overall pipeline efficiency. Another issue is that packages with data
feature extraction functionality limit users by providing pre-defined features. A major
challenge in healthcare data analytics is the high heterogeneity of data assessment
protocols, which can cause problems when built-in functions do not meet the specific

application requirements.

The present study aims to investigate the domain knowledge features present in
various types of clinical time series data by implementing a standardized workflow.
A generic workflow for time series data analysis was developed, and its technical ca-
pabilities and applicability were explored. The central objective of this thesis is to
establish a standardized framework for time series data analysis, incorporating the
necessary steps of temporal data importation, windowing (if necessary), preprocessing
(such as outlier removal, denoising, and missing value imputation), and feature ex-
traction for subsequent analysis. This framework has been implemented as a Python

package with specified attributes:

e Robust and easy-to-use with reliable machinery that aims to facilitate exploring
and study of any temporal data structure from sparse longitudinal data to
continuous high-resolution signals for scientists as well as non-experts (e.g.,

clinicians).
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Modular design that allows users to select proper tools based on the application.

Having ready-to-use time-domain, frequency-domain, and nonlinear feature func-

tions can be utilized for data representation.

User-defined functions can be easily embedded into the workflow for data clean-

ing or feature engineering.

Efficient and fast implementation of the pipeline multi-processing mode, that
makes it a suitable tool for cloud-based computation.

We demonstrated these functionalities through three showcases, covering high-
resolution biosignals classification, statistical analysis and classification of lengthy
multivariate clinical temporal data with different sampling rates, and critical transi-

tion detection in complex heterogenous multivariate longitudinal data.

1.8 OQOutline

This thesis is structured as follows:

Chapter 2 provides an in-depth analysis of the structure of the developed Python
package, which consists of three main components - data importation, data prepro-
cessing, and feature extraction. The design and architecture of the package are dis-
cussed in detail, focusing on the specific purposes served by each component.

Chapter 3 focuses on the data preprocessing methods integrated into the pipeline
of the package. It provides a comprehensive description of the various methods used
to clean, normalize, and prepare raw data for further analysis, as well as a discussion
of the rationale behind the use of each method.

Chapter 4 provides an overview of the built-in features incorporated into the
developed package, including time domain, frequency domain, and wavelet features.
The methods used to extract these features and their utility in the analysis of clinical
time series data are described in detail.

Chapter 5 provides an overview of the Statistical and Machine Learning Models
used in the thesis.

Chapters 6, 7, and 8 present case studies that illustrate the application of fea-
tures in clinical time series data analysis. Chapter 6 demonstrates the use of time
and frequency domain features to classify high-resolution ECG signals. Chapter 7
explores the relationship between Bradyarrhythmias and extreme glucose levels in
patients with type-2 diabetes and the development of a predictive model for bradycar-
dia events. Chapter 8 proposes a temporal feature based on surprise loss to uncover

data-driven indicators of transitions in a multivariate time series dataset of septic
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shock and non-sepsis patient cohorts.

Finally, Chapter 9 summarizes the key findings of the thesis and provides recom-
mendations for future research in the field of clinical time series data analysis. The
chapter reflects on the results obtained in the thesis and identifies opportunities for
future work in this field, including areas where further research is needed.

In conclusion, this thesis comprehensively examines the structure, methods, and
applications of incorporating feature engineering in the analysis of clinical time series
data. The case studies presented in Chapters 6, 7, and 8 highlight the utility of the
features incorporated into a workflow and demonstrate the potential of this tool in

the analysis of clinical time series data.



Concept of the software Platform

2.1 Structure

The developed Python package, called Continuous Monitoring Data Analysis (CMDA),
contains three major modules that can be employed a workflow delivering the raw
data to ready-to-use data. Figure 2-1 shows the schematic of the workflow. A tech-
nical documentation of the package and implementation in Python are provided in

appendices. A and B.
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Database Built-in features
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Feature
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Data
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Parallel data strean

\\ User-defined filters

Figure 2-1: CMDA workflow; The structure contains three components: 1)Data importer, where
multiple records and files can be imported to the workflow from various sources, 2) Preprocessing
unit, where built-in functions or user-defined functions can be employed for outlier removal,
denoising and missing value imputation, 3) Feature extraction unit, where numerous built-in
features or user-defined features can be used to extract features from the imported records.

2.2 Data Importer Module

Data importer, the first component in the pipeline, offers tools for loading a large
number of CSV files from a server or local disk into the python coding environment.

A comma-separated values (CSV) file is a comma-separated values file that allows

13
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data to be stored in a tabular format, making it a standard and popular format
for saving time series data. The importer module also supports importing data files
directly from Physionet databases. Physionet, funded by the National Institutes of
Health, is a vast archive of hundreds of digital recordings of physiologic signals and
related data for medical research [48] (See sect. A.1). By utilizing importer functions,
computation time can be reduced during the loading process by processing multiple
data files at once. Additionally, for extremely lengthy time series, a rolling window
importer function can be used to perform time binning and distribute the importing
process of each window across multiple nodes in parallel. A detailed explanation of

windowing can be found in Section 3.3.

2.3 Preprocessing Module

The Preprocessing module is the next component in the workflow, which includes
a variety of functions for tasks such as removing outliers, reducing noise (See sect.
A.2), and filling in missing values. These processes are detailed in chapter 3. The
selected functions are added to a preprocessing object and applied to the data in se-
quence. Additionally, the module allows users to easily create their own preprocessing

functions and add them to the preprocessing object using an adding function.

2.4 Feature Extraction Module

The final step in the pipeline is feature extraction. We developed a component dedi-
cated to this task which provides several ready-to-use built-in time domain, spectral
domain, nonlinear, and wavelet features that can be selected and added to a feature
object instance (See Chapter. 4). Running the feature object returns the calcu-
lated assigned features of a given time series. Similar to the preprocessing module,

user-defined functions can be defined and merged into the feature object instance.

2.5 Pipeline

Given multivariate time series records, users have the flexibility to create an inde-
pendent set of preprocessing functions, time binning, and features for each variable.
This, for example, allows for integrating multiple variables with different sampling

rates by defining a constant window length across all the variables in a segmentation
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process. The entire process, from importing data to preprocessing and feature extrac-
tion, can be streamlined into a pipeline that can be executed in a parallel manner.
However, it is important to note that each module can also be used separately in
other projects, depending on the specific application. The final output of the pipeline
will be extracted features from multiple records in either a Pandas DataFrame format
or a Python Dictionary format. These features can then be saved as a JSON file and

used in other programming languages or platforms.
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Preprocessing Methods

3.1 Normalization

Data normalization, also known as feature scaling, is a crucial step in the process
of preparing data for analysis. It involves transforming the independent variables or
features to a similar scale and range. Depending on the algorithm used for process-
ing the data, data normalization may be essential as it can significantly impact the
analysis outcome.

For example, in distance-based algorithms such as KNN, K-means, and SVM, the
similarity measure is based on the pairwise distance of the samples. Without scaling,
features with a higher order of magnitude will determine the weights and the final
result of the ML task, potentially leading to inaccurate results.

Additionally, models that use gradient descent as the optimizer, such as Linear
models and neural networks, are also heavily impacted by data normalization. As
gradient descent updates the step size in each convergence step, the difference in the
ranges of features will cause different step sizes for each feature. This can lead to
a biased step size and prevent a smooth convergence. Therefore, scaling the data
is required to avoid these issues. On the other hand, some other methods, such as
tree-based methods like Random Forests, are not affected by the variables’ range,
and feature scaling is unnecessary. However, in post-processing and visualization,
data normalization may still be beneficial in order to make the data more easily
interpretable.

In this thesis, we employed Z-score as a commonly utilized method of standard-
ization. This technique is preferred as it does not have a predefined limit and does

not alter the data outliers. Z-score can be formulated as follows:

= (3.1)
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Where x and X are the scaled and original feature vectors, respectively, X is the

arithmetic mean of that feature vector, and s is its standard deviation.

3.2 Missing Value Imputation

Missing values are a common issue that arises during sequential data collection. Var-
ious factors, such as errors during data collection, lack of documentation, or mal-
functioning recording devices, can cause the absence of observations. The presence of
missing values in data can greatly impact the accuracy of any subsequent analyses.
As a result, it is crucial to identify the cause of missing data in order to select the
appropriate method for handling the absent values. This can be particularly chal-
lenging when the absence of data is dependent on the variable itself. In this thesis,
we utilized two approaches to address incompleteness in time series data. Depending
on the specific case, we employed conventional methods such as ignoring, deletion
and mean imputation or interpolation methods. Interpolation is a technique that
uses a function to create new data points or fill in missing points within the existing
data points of a time series. The function used for interpolation can be a polyno-
mial, such as a linear or cubic function, or a modified polynomial function, like the
Steinman function [49]. Implementing the Steinman method has similar performance
compared to polynomial interpolation. However, Steinman’s shows better reliability

if the variable demonstrates sharp changes in slope [50].

3.3 Windowing

In many time-series applications, it is necessary to divide the original time series into
smaller segments or sections. These segments can then be utilized in various ways,
such as being used directly in temporal models such as autoregression models and
recurrent neural networks, or in the feature extraction process.

In the feature extraction process, each segment is transformed into a set of features
that can be used for further analysis. This technique is commonly used to reduce the
complexity of high-resolution signals or to handle time series data that has been
sampled at uneven frequencies.

It is important to note that feature extraction is a critical step in many time-series
applications and a detailed explanation of this process can be found in chapter 4.

For a given time series data X = (Xi, Xy, ..., Xy), with a corresponding time

indices t = (1, t2,...,tn), where N is the total number of observations, we can define
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a sliding window with time indices ¢’ as follows:

tfirst +m = tast (32)
t = {tz} ,i € (1, e N) ,Where tfirst < t; < tiast (33)

Where %5 and t,,5 are the starting and end time of the window and m denotes
the length of the window. Hence, with a step size equal to s, we can formulate the

segmented time-series X':
2’ = [XO:ma Xs:m+57 XQs:m-i-QS) ceey XtN—s:tN] (34)

where each row of X’ denotes an X segment within the window ¢'.



Chapter 3. Preprocessing Methods

20




Features

As described in section 1.5, feature extraction or engineering is the process of identi-
fying and extracting important characteristics of raw data signals and understanding
their underlying behavior. This can be done by transforming the input data into a
set of features that correspond to specific patterns or behaviors within the signal.
The goal of feature extraction is to create a concise and optimal representation of the
data, which can be accomplished by reducing the dimensionality of the input signal or
compressing its data. This reduction in resources required to evaluate the signal can
result in a more efficient and accurate analysis system. In addition, feature extraction
can also help identify and remove expendable elements from a raw signal, leaving a
minimal set of distinctive data that can accurately represent the input signal and
aid in developing robust pattern analysis systems. In the following sections, we will

present the specific features that we used in this thesis.

4.1 Time-Domain Features

In the field of time-series data analysis, time-domain features are used to describe
signals over a specific time span. These features provide a way to understand the
characteristics and patterns of a signal as it varies over time. The following is a list
of some of the most widely used and well-known time-domain features in time-series

data analysis:

4.1.1 Main Statistical Features

The main statistical features that can be used as descriptive measures of time series
data are: Mean, Median, Variance, Standard Deviation, Median Absolute Deviation,

Maximum, Minimum, Quantiles, Skewness, and Kurtosis.
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4.1.2 Peak to Peak distance

The peak to peak distance (P2P) is the absolute difference between a signal’s extreme

values.

P2P(x) = |Maz(x) — min(z)| (4.1)

4.1.3 Root Mean Square

The root mean square (RMS) of a signal is the square root of the average signal

square values and assesses the power of a signal. It can be computed as follows:

RMS(z) = (4.2)

Where T is the length of x.

4.1.4 Zero Crossing Rate

The zero-crossing rate (ZCR) is a measure of the rate at which a signal changes
direction, or in other words, it is a measure of the number of times a signal’s amplitude
changes from positive to negative or from negative to positive values. This measure
can be used to determine the noisiness of a signal, as signals with a high ZCR are
typically considered to be more noisy. The ZCR of a centered signal specifically
measures the rate of sign shifts around the mean value of the signal. To compute the

ZCR, one can use the following method:

ZCR(x) = % Z |sgn(x) — sgn(z; — 1) (4.3)

Where T is the length of x, and sgn is the sign function.

4.1.5 Auto-correlation

The autocorrelation coefficient (ACN) is the correlation coefficient of a signal (z)

with a lagged copy of itself. Autocorrelation can be a descriptor of periodicity or
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randomness in the data. It can be defined as:

D (@ — @) (i — )
ACN (2, k) = =22 (4.4)

Z(xt - z)°

t=1

Where T is the length of z, k is the lag value, and x is the mean value of z.

4.2 Spectral Features

Frequency-domain features are signal characteristics in the frequency domain, which

are extracted from the Fourier transform of the signal.

4.2.1 Power Spectrum Energy

The power spectrum energy is the sum of the power spectrum, also known as the zero

spectral moment (SMy) [35]. It can be computed as follows:

PSE(P) = S P (4.5)

j=1

where P; is the power spectrum at the frequency bin j, and M is the length of frequency
bin.

4.2.2 Mean Frequency

The mean frequency, also known as the mean spectral frequency or mean power fre-
quency, is a measure of the center of distribution of power across different frequencies
in a spectrum. It is calculated by taking the average of all the frequencies present in
the spectrum, and is used to understand the distribution of energy across different
frequencies. The mean frequency is an important metric in signal processing, as it

can provide insight into the characteristics of a signal and help in identifying patterns
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or anomalies in the data.[51]. The definition is as follows:

M
[P
MNF(f,P)=2"—— (4.6)

M
Y P
j=1

where f; is the frequency value of the power spectrum at the frequency bin j, P; is

the power spectrum at the frequency bin j, and M is the length of frequency bin.

4.2.3 Median Frequency

The median frequency is the frequency at which the power spectrum is divided into

two parts with equal powers[51]:

MDF M
Srhey o 7
j=1 j=MDF

where M DF' is the median frequency, P; is the power spectrum at the frequency bin
j, and M is the length of frequency bin.
The estimation of MNF and MDF is almost identical. However, the MDF is less

impacted by random noise.

4.2.4 Variance of Central Frequency

The variance of the power spectrum is the frequency dispersion from the spectrum

mean frequency|51]:

M
> Pi(f;— MNF)

VCOF(f,P) =

M
J=1

where M NF' (See section 4.2.2) is the mean frequency of the power spectrum, f;
is the frequency value of the power spectrum at the frequency bin j, P; is the power

spectrum at the frequency bin j, and M is the length of frequency bin.
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4.2.5 Peak Frequency

The frequency at which the maximum of power spectrum occurs:

fmax(Pj) J=1. M (49)

where f is the frequency values of the power spectrum, P; is the power spectrum at

the frequency bin j, and M is the length of frequency bin.

4.2.6 Power Spectrum Ratio

The power spectrum ratio, also called peak-to-average power ratio, is the energy
around a predefined vicinity of the power spectrum maximum value divided by the

whole energy of the power spectrum. It can be computed as follows:

j=fo+n
Y. PB

PSR(fo, P,n) = 20 (4.10)

M
> P
j=1

where fy is the peak frequency (See section 4.2.5), n is the integral limit, P; is the

power spectrum at the frequency bin j, and M is the length of frequency bin.

4.2.7 Frequency Band Features

The frequency band features refer to a set of characteristics that are calculated within
a specific range of frequencies [52]. One example of a frequency band feature is the
normalized band energy, which can be calculated by normalizing the energy within a
specific bandwidth in relation to the total energy within that bandwidth. This allows

for a consistent comparison of energy levels across different frequency bands:

J=Fhigh

> P

FPR(fiows frigh, P) = 2120 (4.11)

M
2_b
j=1

where fio,, and fp;g5 are the low and high frequency band, P; is the power spectrum

at the frequency bin j, and M is the length of frequency bin. Other examples of band
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features are band mean frequency (4.2.2), band median frequency(4.2.3), band peak
frequency (4.2.5), band spectral entropy (4.3.3), and frequency variance (4.2.4).

4.3 Entropy Features

In information theory, Shannon entropy measures information and randomness in a
random variable. We can formulate the entropy of the distribution X = {xy, o, z, ..., x, }

as follows:

H,(P)=— ZP(mi).logaP(xi), a>1 (4.12)

i=1
where P is the probability mass function and a is the base of the logarithm. The
potential usefulness of Shannon entropy in determining the complexity in dynamic
systems led to the definition of various forms of entropy that we can derive as signal

features.

4.3.1 Sample Entropy

Sample entropy is a measure of the complexity and irregularity of a time series signal.
It is a derivation of Shannon entropy, which compares the similarity of patterns within
a signal over different time scales. Sample entropy is calculated by comparing the
probability of finding a similar pattern within a given time series signal. The lower the
sample entropy, the more regular and predictable the signal is. Conversely, a higher
sample entropy indicates a more complex and irregular signal. Sample entropy is
commonly used in the fields of signal processing and biomedical engineering to analyze
various types of data, including physiological signals, time-series data, and nonlinear

systems [53].

To calculate sample entropy, we map signal x with the length of NV into an em-

bedding space of dimension m and m + 1, respectively:

Im(’l) = {.Ti, Lig 1, L2,y oeny QIier,l} (413)

Tm41(2) = {@i, Tig1, Tiga, ooy Tigm} (4.14)
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Sample Entropy, then, can be defined as follows[54]:

N—m N—m

Z Z [number of times d(xy,41(7), Tms1(7)) < 7]
=1 j=1
i#i
N—m N—m

Z Z [number of times d(x,,(7), 2, (5)) < 7]

J#i

SampEn(m,r,N) = —log

(4.15)

where 7 is a distance threshold, and d is a distance function. In other words, sam-
ple entropy calculates the probability that identical templates (when their distance
is smaller than a threshold r) in an embedding space m remains similar in higher
dimensions, too.
As a rule of thumb, m to be 2 and r to be 0.2 of the standard deviation of x. d can

be any arbitrary distance function, but usually, Chebyshev distance is used.

4.3.2 Permutation Entropy

Permutation entropy is another derivation of Shannon entropy, used to assess the
complexity of time series data, proposed by Bandt[55]. Permutation entropy is a
mathematical method used to quantify the complexity and predictability of a time
series. It is based on the idea that a highly predictable time series can be described
by a small set of patterns, while a more complex and unpredictable time series will
have a larger set of patterns.

The method involves partitioning the time series into a series of overlapping win-
dows, and then creating a probability distribution of the order of the values within
each window. This probability distribution is then used to calculate the permutation
entropy, which is a measure of the complexity and predictability of the time series.

To calculate the permutation entropy, similar to sample entropy, we map the signal

x with the length of N to an embedding space with dimension m with delay 7:

l’m+1(i) = {:L’i,a:zqu, Tit2, -~-733i+m} (4-16)

Next, we map each z,,(i) to a symbolized ordinal value Y;,(7) from distribution II,
whose elements 7; are all possible m! permutations of ordinal pattern, where j :
1,...,m!, and calculate the relative probability of all Y,,, elements, P(r;).

Using relative probability P(r;) of ordinal patterns and Shannon entropy definition,
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we can determine permutation entropy as follows:

PE(m) = — Z P(x.).log(P(:)) (4.17)

Normalized permutation entropy, which is restricted between 0 and 1, can be defined

as:

m!

L P dog(P(m) (4.18)

PEnorm(m) = _loggm!

To give an example, assume =z = (12,10,8,14,9,8,6). all the possible ordinal

templates of a 3-dimensional embedding space are:

I = {m = (0,1,2),m = (0,2,1), 75 = (1,0,2), 74 = (1,2,0), 5 = (2,0,1), 7 = (2,1,0)}

Therefore, the transformation of x into the ordinal embedded space with m=1 and
t=1 is:

2, = {(12,10,8), (10,8, 14), (8, 14,9), (14,9, 8), (9,8,6)}
Y, = {(2,1,0),(1,0,2),(0,2,1),(2,1,0), (2,1,0)}

Consequently, the relative probability distribution of Y, elements and corresponding

permutation entropy are:

{P(m)=0,P(m) = %,P(Wg) = =, P(my) =0, P(m5) = 0, P(mg) = g}

O] =

1
logo3!

1 1 1 1 1 3 3
_ ——logs— — =logs— — =logs—) = 0.53
loga3l 510925 ~ 5loges — 5leg:5)

ZP(W,»).ZOQ(P(W@)) =

4.3.3 Spectral Entropy

The spectral entropy, based on the Shannon entropy, is a measure of the randomness
or disorder within a signal’s frequency spectrum. It is often used in signal processing

and pattern recognition to analyze the complexity of a signal.
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It can be calculated as follows|56]:

=M
SpEn = — Z P;.log, P; (4.19)
j=1

where Fj is the normalized power spectrum at the frequency bin j, and M is the
length of frequency bin. E can be calculated as follows:
P

Y P
j=1

where P; is the power spectrum at the frequency bin j.
A higher spectral entropy value indicates a greater degree of randomness or dis-

order within the signal’s frequency spectrum.

4.4 Wavelet Features

4.4.1 Discrete Wavelet Transform

The wavelet transform (WT) is a mathematical technique that is used to analyze
signals in both the time and frequency domains simultaneously. This method of signal
processing is based on the concept of wavelets, which are a set of basis functions that
can be used to represent a signal in a different, more informative way. The WT
utilizes these wavelets to project a temporal signal onto a new set of coordinates that
are able to identify both the time and frequency characteristics of the signal. This
is achieved by convolving the signal with different scaled and translated versions of
the wavelet function, resulting in a set of coefficients that represent the signal in the
wavelet domain. This method of signal processing was specifically designed to handle
non-stationary signals, which are signals that vary over time and do not have constant
statistical properties.

We can define the continuous wavelet transformation of signal z(t) as follows[57]:

t—

Cla,b) = %/jﬂ( - O a(t)dt (4.21)

where b is the translation parameter, a denotes the scale factor, and v is the
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wavelet function.

Haar, Daubechies, Mexican hat, Morlet, and Meyer are some of the most popular
wavelets that are commonly used in signal processing.

The continuous wavelet transform has redundancy disadvantage due to the nature
of the wavelet transform. It suffers impractically, too, as both transform parameters
are continuous. These two drawbacks can be overcome by using discrete wavelet
transforms (DWT).

DWT is a method of signal decomposition that involves a series of band-pass
filtering and down-sampling steps. This approach allows for the quick and efficient
computation of wavelet transforms, and it delivers both high-frequency and low-
frequency components of the signal. Overall, DWT is a more efficient and practical
alternative to the continuous wavelet transform, and it can be used to overcome the
redundancy and impracticality issues associated with the latter.

We can define DWT as follows|[58]:

Woldo, k] = ¢_ Z nlbjo[n (4.22)

Ww[ ', k ’QDJ kln for j > j (423)

S Sl
wheren =0,1,2,...,M-1,j=0,1,2,...,J-1,k=0,1, 2, ..., 2j-1. M indicates
the number of samples. This number is selected to be M = 2J, where J denotes the

number of transform levels. The basis functions ¢[j, k| and [, k| are defined as:

b xn] = 2726[29n — k] (4.24)
P, rn] = 2972420 — K] (4.25)

,where ¢[n] is the scaling function and v [n] is the wavelet function. The transforma-
tion can be explained in cascade form, where the scaling and wavelet functions can be
related to a low pass filter G and a high pass filter H. The high-pass filter yields de-
tailed information; Cy[n], while the low-pass filter constructs coarse approximations,
Cqu[n]. Since the half-band filters produce signals covering only half the frequency
band, half the samples are removed according to Nyquist’s rule, which leads to dec-
imation by a factor at each level. The filtering and subsampling process is resumed
until reaching the selected level, and the elements of each scale output are the coef-

ficients of the scale. Figure X shows the cascade tree, also known as the filter banks
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Coefficient | Level | Frequencies | Samples
Cx 4 0 to f,/16 8
Cp 4 fn/16 to f,/8 8
Chb 3 fn/8 to fn/4 16
Cpb 2 fn/4 to fr/2 32
Cp 1 fn/2 to fr 64

Table 4.1: A sample signal with 128 samples, frequency range 0 to f,, and 4 levels of decomposition
and 5 output scales

of the DWT. For example, applying DWT on a signal with 128 samples, frequency

range 0 to f,, and four levels of decomposition results in 5 scales (See table 4.1).
Since DW'T coefficients contain simultaneous localized time-frequency information

of a signal, they can be used for signal analysis. We can use these coefficients directly

in analysis or extract a group of features with the application’s relevancy from them.

4.4.2 SWT

In the preceding section, we discussed the process of decimation that occurs at each
level of the discrete wavelet transform (DWT). As a result of this decimation, DWT
is not a time-invariant transformation, meaning that it does not maintain the same
properties when applied to the same signal at different times. As an alternative to
DWT, the stationary wavelet transform (SWT) was introduced by Holschneider et
al. [59]. This transform restores translation invariance in DWT by replacing the
downsampling scheme with an upsampling filter before convolution.

This upsampling process, which is performed by a factor of 2, leads to detail
and approximation output coefficients at each level that are equal to the length of
the original signal. This redundancy in the SW'T procedure means that it requires a
signal with a length of 2L when implemented with L levels. The filter bank of the SWT
process is illustrated in figure X. Like DW'T, a variety of features can be extracted from
the SWT coefficients. However, the inherent nature of SWT in preserving the signal
samples size in the transformation allows for more accurate extraction of spectral and
entropy features at all levels. This is because the information from all signal samples

is preserved, rather than losing information through decimation in DWT.
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—»| Z:[n] —»
Lewel 3
coefficients

» 2in] »| hz[n] —
g Level 2
gi[n] » hy[n] |— coefficients
— Level |
x[n] hi[n]— coefficients

Figure 4-1: Stationary wavelet transform filter bank with 3 levels decomposition



Statistical and Machine Learning Mod-

els

5.1 Statistical Tests

We perform a statistical significance test to estimate the probability that the difference
between two sample data is merely due to the chance. The following sections describe
two tests (Wilcoxon rank-sum test and Fischer’s exact test) that we employed in this

thesis.

5.1.1 Wlicoxon Ranksum Test

Wilcoxon rank-sum test, also known as the Mann-Whitney U test, is a non-parametric
statistical test used as an alternative to a T-test [60] for two independent sample
groups, introduced by Frank Wilcoxon [61]. A T-test tests the similarity of the mean
of two independent samples, with the underlying assumption, that samples are from
a gaussian distribution or very large in size to satisfy the central limit theorem. In
case of small sample groups or unclear data distribution, the Wilcoxon rank-sum test
can be used to test the difference between two groups if the data are at least ordinal
[62].

The rank-sum test is used to determine the likelihood that two samples come from
the same population. The test is based on the null hypothesis, which states that the
two sample groups have the same distribution with the same median. The test cal-
culates a p-value, which is an estimate of the probability that the samples come from
the same population. A low p-value indicates that there is a low probability that the
samples come from the same population, and thus, the null hypothesis is rejected.
The alternative hypothesis, in this case, is that the samples come from different pop-

ulations. In other words, a low p-value suggests that there is a significant difference

33
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between the two sample groups, and they likely come from different populations.
Although calculating the test statistic is very straightforward, it needs many lines

of text to present here. For a detailed formulation of this technique, please read [63].

5.1.2 Fisher’s Exact Test

Fisher’s exact test, introduced by Ronald Fisher [64], is a statistical significance
test based on the hypergeometric distribution. This test examines the relationship
between two categorical variables using a contingency table analysis. With the as-
sumption of samples independency, we can define a p-value given a contingency table

with two rows and two columns as follows:

OVIOY

T

where a,b,c, and d are the values in a 2-by-2 contingency table (See Table.5.1), and n

TOEE) (@b (et d)(a+o)l(b+d)
= (b)ﬁ(d) e a!b!)cfd!n! — 51)

is the total number of samples (n = a+b+c+d). The p-value provides the probability

Category Sample Group

X Y
A a C
B b d

Table 5.1: A 2-by-2 contingency table, where X and Y are sample groups, and A and B are the
categories

of the hypothesis that there is no relationship between the two categorical variables
(null hypothesis). A significantly low p-value rejects the null hypothesis, indicating a

relationship between the two categorical variables (alternative hypothesis).

5.2 Classification

Classification is a specific type of supervised learning, which is a subset of the broader
field of machine learning. It involves the use of mathematical algorithms to create a
model that can predict the output, or class, of a given set of input data. The input
data is typically represented by variables X, while the output variable is known as y.

When the output variable is categorical, meaning it is a label or a class, the process
of creating this model is referred to as classification. In this thesis, we utilized three

different classification models described in the following sections.
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5.2.1 Logistic Regression

Logistic regression, also referred to as the logit model, is a widely used and funda-
mental method for classification. This method was first introduced by David Cox
[65] and has become a popular choice for both binary and multiclass classification.
Logistic regression is a simple yet highly robust technique that is able to effectively

predict the outcome of a binary classification problem.

The method is named logistic regression because it transforms a linear regression
model by forming a linear combination of features, and then applying a nonlinear
sigmoidal function to the result. This allows for the prediction of the probability of an
event occurring, rather than a continuous value, making it well-suited for classification
problems. The sigmoid function, also known as the logistic function, maps the input
values to a range between 0 and 1, making it easy to interpret the output as a
probability.

The sigmoid function can be formulated as:

B 1
Cl4e®

f(x) (5.2)
As a result, for a given input vector X and binary output y, we can determine the

logistic function as follows:

1

Ply=1e) = s

(5.3)
where P(y = 1|z) is the probability of the event of interest (y=1) occurring, given
a set of predictors x and fy and S; are the coefficients of the logistic function, also
known as the logit coefficients. We can use a negative log-likelihood to find the
optimal betas in equation 5.3. Given z( as the i** training example and y® as the
true label of the " training example from a data sample of size m, the cost function

for the best fit is given by:

m

7(6) =~ Sy Olog(ha(a®)) + (1~ yDiog1 — ha(a)]  (5.4)

=1

where hg(x™) is the predicted probability of the i*" training example belonging

to class 1, which is given by the sigmoid function: hg(x®) = ﬁ and 6 is the

vector of parameters to be learned by the model.

L1 and L2 regularization are techniques used in logistic regression to prevent



Chapter 5. Statistical and Machine Learning Models 36

overfitting by adding a penalty term to the cost function. The goal of regularization
is to reduce the complexity of the model by adding a penalty term that discourages

large weights.

L1 regularization, also known as Lasso regularization, adds the absolute value of
the weights to the cost function. This results in some coefficients becoming exactly
zero, effectively eliminating them from the model. This results in a sparse model,
where only a subset of the features are used for prediction. The L1 regularization

term is defined as:
A fwyl (5.5)
j=1

Where A is the regularization parameter, and w; is the weight for the j-th feature.
The regularization parameter is a scalar that controls the strength of the regulariza-

tion. A larger value of A will result in smaller weights and a simpler model.

L2 regularization, also known as Ridge regularization, adds the square of the
weights to the cost function. This results in all coefficients becoming smaller in
magnitude, but none of them become exactly zero. This results in a model where all
features are used for prediction, but with smaller coefficients. The L2 regularization

term is defined as:

A w? (5.6)

Where A is the regularization parameter, and w; is the weight for the j-th feature.
Similar to L1 regularization, a larger value of A will result in smaller weights and a

simpler model.

The regularization term is added to the logistic regression cost function to obtain

the regularized cost function. For L1 regularization, the regularized cost function is:

T(w) = == 3"y log(hue?) + (1= ) logl(1 = k@) + 1Dyl (57

For L2 regularization, the regularized cost function is:



5.2. Classification 37

:——Zy tog(h () + (1 — y@)log(1 — h, +A2w (5.8)

Where J(w) is the regularized cost function, h,(x) is the sigmoid function, m is
the number of training examples, () and y® are the i-th training example, and w is
the weight vector.

In general, L1 regularization is preferred when there are many features and only
a subset of them are important for prediction, while L2 regularization is preferred
when all features are important but some of them may have very large coefficients.

A more detailed explanation of logit models can be found in [66]

5.2.2 Support Vector Machines

Support Vector Machines (SVM) are another group of popular supervised algorithms
for classification tasks in Machine learning. A support vector machine creates a
hyperplane or set of hyperplanes, which, in an m-dimensional space, is characterized
as a flat affine subspace of m-1-dimensions to separate the data based on their target
labels [67]. Figure 5-la depicts an example of a 1-dimensional hyperplane (line)
in a 2-dimensional space dividing the samples with regard to their class labels. In
spite of that, not all datasets can be efficiently classified by a linear hyperplane.
Therefore, support vector machines by means of kernel functions expand the data to
high dimensional space. The kernel can be nonlinear, such as homogenous polynomial
or Gaussian radial basis function. Figures 5-1b and 5-1c¢ show polynomial and radial
kernels in generating hyperplanes. Consequently, in contrast to logistic regression,
SVMs can be used for both linear and nonlinear classification.

The kernel-based nature of SVMs makes them accurate and robust for classifying
data with lots of features, presenting them as a popular method for the classification
of clinical time series. For example, SVMs were utilized in EEG signal and heart rate
classification |68, 69, 70].

The formulation of SVMs is lengthy and beyond the scope of this thesis; however, an

interested reader can find a detailed description of the method in [71].

5.2.3 Random Forests

Random forests are an ensemble machine learning algorithm that combines multiple

decision trees to make predictions. They are a type of supervised learning algorithm,
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Figure 5-1: An example showing a) linear, b) polynomial and c) radial kernels in a 2-dimensional
space dividing the samples with regard to their class labels

which means they are trained on a labeled dataset to make predictions on new, unseen
data.

The basic idea behind random forests is to create multiple decision trees and then
average their predictions to make a final prediction. Each decision tree is created by
randomly selecting a subset of the training data, known as a bootstrap sample, and
a subset of the features for each split. This allows for a diverse set of trees to be
created, each with a different view of the data [72]. Figure X displays a simplified

diagram of Random Forests.
Random Forest Simplified

Instance

X A \\ " uw >

Tree-1 Tree-2 Tree-n

Class-A Class-b Class-B

Majority-Voting |

Final-Class

Figure 5-2: A simplified Random Forests schema [73]

Formally, a random forest is defined as an ensemble of decision trees, where each
tree is constructed using a different bootstrap sample of the training data and a

random subset of features for each split. The randomness in the data samples and
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features selection leads to a reduction in overfitting, which is a common problem in
decision trees.

Random forests are widely used in a variety of applications. They are known
for their high accuracy, robustness, and ability to handle large datasets with many
features. They are also relatively easy to implement and interpret.

A comprehensive introduction to decision trees and random forests is presented
in [74].

5.3 Cross Validation

In machine learning, the process of determining the optimal parameters of a classifica-
tion or regression model using a given dataset is known as training. However, utilizing
the exact data for both training and testing can result in a phenomenon known as
overfitting. This occurs when a model is overly attuned to the specific characteristics
of the training dataset, leading to a high degree of accuracy when evaluated on that
data, but poor performance when applied to new, unseen data.

To mitigate this issue, a technique known as cross-validation (CV) is often em-
ployed. The primary goal of CV is to assess the generalization performance of a
model, or its ability to predict outcomes for new data accurately. This is achieved by
dividing the original dataset into multiple subsets, training the model on one subset,
and evaluating its performance on the remaining subsets. A more robust estimate
of model performance on unseen data can be obtained by repeatedly training and

evaluating the model on different subsets of the data.

‘ All Data ‘

‘ Training data ‘ ‘ Test data ‘

| Fold 1 H Fold 2 H Fold 3 | Fold4‘ Fold 5 ‘\

spit1 | Fold1 || Fold2 | Fold3 | Fold4 | Folds |

spiit2 | Fold1 || Fold2 | Fold3 | Fold4 | Folds |

Spit3 | Fold1 | Fold2 || Foid3 || Foida || Foids |

spiit4 | Foid1 || Fold2 | Fold3 || Fold4 | Folds |

> Finding Parameters

Spiit5 | Fold1 || Fold2 | Fold3 | Fold4 || Folds

Final evaluation ﬂ Test data ‘

Figure 5-3: K-fold cross-validation schema [73]
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K-fold cross-validation (K-fold CV) is is a widely-used type of CV for evaluating
the performance of a predictive model. This technique involves partitioning the data
samples into k subsets, also known as folds, of approximately equal size. The process
begins by selecting one of the folds as the test set and fitting the model on the
remaining k-1 folds. This procedure is then repeated k times, with each fold being used
as the test set once. The average performance score across all iterations is calculated
as the final measure of the model’s performance. This method helps to provide a
more robust estimate of the model’s generalization performance by accounting for

the potential variability in the data partitioning [71] (See Fig. 5-3).

In this thesis, we used two variations of K-fold CV. One is called Shuffled Strati-
fied K-fold, which divides the dataset into K subsets, or folds, while ensuring that the
ratio of samples belonging to each target class is maintained across all folds. This is
accomplished through the use of a shuffling procedure, which randomly reassigns sam-

ples to the different folds while preserving the class proportions. Figure 5-4 represents
Shuffled Stratified K-fold.

StratifiedShuffleSplit

Testing set
0 mmm Training set

CV iteration

group [ | I I

T T 1
0 20 40 60 80 100
Sample index

Figure 5-4: Shuffled Stratified cross-validation schemal|73]

The other type of K-fold CV, used in this thesis, is Leave-One-Out (LOO) cross-
validation method. This method involves training the model on all but one of the data
samples and then evaluating the model’s performance on the excluded sample. This
process is repeated for each sample in the dataset, resulting in a separate model being
trained and evaluated for each data point. The performance metric is then calculated
as the average of the performance of all the models. This method is particularly
useful when the dataset is small or when the goal is to obtain an unbiased estimate

of the model’s generalization performance.
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5.4 Clustering

5.4.1 Consensus Clustering

In this thesis, we used a clustering algorithm based on Monti’s consensus model|75].

This module can be used to determine the number of stable clusters (K) in a
dataset (D) by performing multiple runs of a clustering algorithm, here K-Means, on
randomly drawn subsamples of the data in order to improve the overall performance
and robustness of the clustering process. This method have several advantages over
traditional single-algorithm clustering approaches.

One key advantage of consensus clustering is that it can increase the robustness of
the clustering process by reducing the impact of individual algorithm-specific biases
and errors.

Another advantage of consensus clustering is that it can be used to handle complex
and high-dimensional data sets, which can be difficult for individual algorithms to
process. By combining the results of multiple runs, consensus clustering can extract
more meaningful and informative clusters from these data sets.

Moreover, consensus clustering methods can also be used to identify and elimi-
nate outliers and noise, which can be challenging for single-algorithm clustering ap-
proaches. This can lead to more accurate and robust clustering results.

Given a dataset of N points, implementing the algorithm computes a consensus
matrix (N % N) for each K, where rows and columns represent the points in the
data, and each element denotes the fraction of times two points clustered together
after multiple times of clustering resampled data. An ideally stable clusters structure
in the data leads to a connectivity matrix that consists entirely of zeros and ones,
representing all point pairs always clustering together or not together overall resam-
pling repetitions. In other words, putative similar clusters in each run show that
the obtained clusters are robust to sampling variability and represent an accurate
partitioning in the data with the selected K clusters.

Given a dataset of interest D with N samples, let D', D? D3 ..., D¥ be the list
of H resampled datasets with a sampling ratio R. The connectivity matrix M"

(connectivity matrix corresponding to dataset D") is generated and as follows:

W 1 if samples ¢ and j belong to the same cluster,
M (i, j) =

0 otherwise.

In order to track which samples were selected during each resampling, an Indicator
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matrix is defined, as follows:

Ih(' ) 1 if both samples ¢ and j are present in the dataset D",
7)) =

0 otherwise.

The consensus matrix C is defined as the sum of all connectivity matrices nor-

malised by the corresponding indicator matrices:

O(Z,j) — Zh:l Mh(iaj) (5.9)

i 1M, )

The consensus matrix is symmetric, and each element is between 0 and 1. This

substantial property can be used as a similarity measure with a hierarchical tree
model to have a final clustering of dataset D. More specifically, 1 — C' represents
a new distance matrix that can be used instead of the conventional measures, such
as Fuclidean distance, Pearson correlation. In our model, we implement a ward
hierarchical clustering model with a maximum number of clusters equal to K to
cluster the D using the distance matrix obtained from the consensus matrix.

In the next step, a statistical score is derived from the consensus matrix to quantify
the stability of each data sample within a cluster. We define this score for each sample

of D and each cluster k as follows:

1

m;(k) = M(z,7), 5.10

) m—% (i) (5.10)
i#]

where [}, is the set of indices of samples belonging to cluster k£, and N, is the size
of cluster k.

In an ideal case of stability, m;(k) would be 1 for all the data in cluster k. In other
scenarios, m;(k) has a value between 0 and 1. In this model, we define a threshold
to separate the unstable samples in each cluster. For each i in cluster k, if m;(k) is
smaller than threshold, the sample is labeled as -1, implying that the sample belongs
to no stable cluster and is considered noise. threshold is an important parameter to
control the robustness of the obtained clusters. When chosen too large, most data
will be labeled as noise. When chosen too small, it leads to unstable clusters.

Given a set of K's and a predefined threshold, we run the whole process for every
K. The K that leads to a small number of unstable samples (labeled as -1) represents
the optimal K.
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5.4.2 Clusters Enrichment Analysis

In many real-world scenarios, clinical datasets contain categorical information such as
phenotypes, diagnoses, and demographic information of samples in data. This type of
data, which can be binary (e.g. gender) or multiclass (e.g. age groups), is referred to
as true-labels in data analysis. In the context of cluster analysis, clusters enrichment
is the process of using statistical methods to associate the true-labels with the clusters
that are identified in the data, in order to identify meaningful groups of samples.

In this thesis, we employed Fisher’s exact test 5.1.2 to calculate the p-value, which
indicates the relationship between a categorical variable population ratio in one cluster
and the entire data set. We then defined the enrichment score as the product of the

p-value and the difference in population ratio between the two groups.
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Application Showcase: ECG Signals Clas-

sification and Clustering

6.1 Introduction

Cardiovascular disease (CVD) is known as the dominant cause of mortality worldwide
[76]. The first step in reducing mortality is a reliable and accurate disease diagnosis
[77]. Monitoring devices have facilitated a more effective diagnosis for patients with
cardiac disease due to their ability to monitor heart activity continuously. In par-
ticular, an electrocardiogram (ECG), as a noninvasive and dedicated signal, is used
to evaluate the general cardiac state of a patient and is, consequently, a first-in-line
inspection for the diagnosis of CVD [78].

Cardiac diseases alter different parts of the ECG components, which cardiologists
manually observe and interpret based on a collection of diagnostic measures and
domain knowledge. Nevertheless, such manual ECG examination is not timewise ef-
ficient and needs skill [78]. Therefore, building an accurate and robust automated
workflow for classifying and diagnosing CVD using ECG signals is an interesting
research subject for scientists. This study presents a workflow for classifying ECG
records using the PTB-XL public dataset. [79].

6.2 ECG Signal

The heart is a muscle that pumps blood all over the body in rhythmical contraction.
This rhythm is induced by the heart’s pacemaker cells, the sinoatrial (SA) node. It
generates an electrical signal that runs through various heart nerve cells and leads to
a specific series of muscle contractions resulting in the heart’s pumping activity [80].

This electrical activity yields electrical currents on the body’s surface, inducing skin

45
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surface electrical potential deviations. These changes can be captured and isolated
by means of electrodes and appropriate equipment. The graphical representation of
the measured signal is called electrocardiogram (ECG) [81].
A typical configuration of electrodes is 10 electrodes composition (12 leads) [82]: one
of the electrodes is placed on the left arm (LA), one on the right arm (RA), one on
the left leg (LL), one on the right leg (RL), and six on the chest (V1 to V6). Figure
6-1 displays this configuration. The signals obtained from 12 channels are called: I,
II, ITI, aVR, aVL, aVF, V1, V2, V3, V4, V5, and V6.

ECG signal is described by five segments, known as PQRST complex. First, the

Figure 6-1: ECG typical 10 electrodes configuration [81]

SA node creates an electrical signal propagated through the right and left atrium,
resulting in the contraction of the myocardium (P wave). Then the internodal tracts
assist the signal in transiting to the atrioventricular node, the electrical gateway of
the heart. Due to the delaying feature of the Atrioventricular Node (AV) node, the
ventricles and the atria do not contract concurrently, causing the formation of the
PR segment. The signal crosses the distal bundle of His and contacts the ventricle
by splitting into the left and right ventricular septum (Q wave). Following the Q
wave, the R wave arises due to the depolarization of the ventricles. The S wave
follows the R wave as the last phase of ventricular depolarization at the base of the

heart. Finally, the ventricular repolarization and the subsequent relaxation of the
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myocardium generate the T wave [83]. Figure 6-2 depicts the described conduction

system with it components.
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Figure 6-2: A depiction of anatomy of heart main components involve in its conduction system and
the corresponding electrical potential waveform form an ECG signal[84]

6.3 Data

The PTB-XL dataset |79] contains 21837 clinical 12-lead ECG (I, II, III, aVL, aVR,
aVF, V1-V6) records from 18885 patients, where the length of each record is 10
seconds. Additionally, the dataset provides gender (52% male and 48% female) and
age (ranging from 0 to 95 with a median of 62 and interquantile range of 22) of the
patients. The ECG records are labeled with at least one ECG statement out of 71
different statements, covering 44 diagnostic, 12 rhythm, and 19 form statements, 4
of which are also used as diagnostic ECG statements. Form refers to considerable
changes of certain elements within the ECG, such as abnormal QRS complex, and
rhythm is connected to specific changes of the rhythm, such as atrial fibrillation. The
diagnostic statements are decomposed into five superclasses and 24 subclasses. The
annotation process was done automatically, validated by up to two cardiologists, and
presented according to the SCP-ECG standard. Each record label is a set of state-
ments and corresponding confidence likelihoods from 15% to 100%. In our analysis,
we filtered out all the diagnostic statements with a probability below 100%, resulting

17259 records. Tables 6.1 and 6.2 summarize the number of individual classes and
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subclasses. The ECG records were sampled originally at 400 Hz frequency; however,
they were published in an upsampled version (500 Hz) and downsampled version (400

Hz). In the present study, we utilized the 500 Hz sampling frequency records.

Class Description Number
of
Records

NORM Normal ECG 7185

CD Conduction Disturbance 4787

STTC ST/T change 4579

MI Myocardial Infarction 2984

HYP Hypertrophy 1473

Table 6.1: Numbers of ECG records of individual diagnosis classes in PTB-XL database[79]

6.4 Feature Extraction

According to the Nyquist theory, the frequency range of the ECG signals spectral-
domain with 500 Hz sampling frequency is 0-250 Hz [85]. Despite that, exploring the
whole frequency band is unnecessary for ECG analysis, as many studies suggest that
only a specific frequency band carries useful information for frequency-based feature
analysis. In general, it is accepted that the spectrum of a typical QRS contains almost
all the power below 30 Hz, with a peak occurring in the range of 4 to 12 Hz, and
higher frequencies represent the noise in the data (For example, noise coming from the
electrical network is in the range of 50-60 Hz) [86]. In particular, low-frequency parts
of the ECG such as low-power P- and T-waves, PQ-, ST- and TP- segments can be de-
tected below 14 Hz, while the high-power P- and T-waves are located in the 20-30 Hz
band. In the context of cardiac diseases, for instance, Atrial Fibrillation episodes lead
to higher power concentration in the 4-9 Hz frequency range [87]. Figure 6-3 displays
a representation of the relative spectral power and different components frequencies of
a healthy subject’s ECG signal. Despite the accepted mentioned frequency band, it is
reported in various research that the contents of high-frequency components of QRS
complex can be observed below 100 Hz, and in unhealthy cases, analysis frequencies
=100 Hz might be clinically informative too [89, 90]. For instance, ventricular tachy-
cardia (VT) initiation can be characterized by high-frequency segments above at least
30 Hz and significantly above 70 Hz [91|. Moreover, baseline drift causes interference

data below 0.5 Hz frequency. Therefore, we applied a highpass and lowpass filter with



6.4. Feature Extraction 49
Class Subclass Description Number
of
Records
NORM  NORM Normal ECG 7185
CD LAFB/LPFB left anterior/left posterior fascicular 1754
block
IRBBB incomplete right bundle branch block 1074
ILBBB incomplete left bundle branch block 74
CLBBB complete left bundle branch block 535
CRBBB complete right bundle branch block 537
_AVB AV block 812
IVCD non-specific intraventricular conduc- 778
tion disturbance (block)

WPW Wolff-Parkinson-White syndrome 71

HYP LVH left ventricular hypertrophy 1089
RVH right ventricular hypertrophy 55
LAO/LAE left atrial overload/enlargement 314
RAO/RAE  right atrial overload/enlargement 82
SEHYP septal hypertrophy 17

MI AMI anterior myocardial infarction 1969
IMI inferior myocardial infarction 1447
LMI lateral myocardial infarction 57
PMI posterior myocardial infarction 4

STTC ISCA ischemic in anterior leads 774
ISCI ischemic in inferior leads 284
ISC non-specific ischemic 1122
STTC ST-T changes 2052
NST non-specific ST changes 533

Table 6.2: Numbers of ECG records of individual diagnosis subclasses in PTB-XL database[79]

0.5 and 130 Hz cutoffs in this study, respectively.

6.4.1 Spectral Features

For our analysis, we represented each ECG record via a set of spectral features directly

from the signal’s power spectrum and implicitly using stationary wavelet transforma-
tion. We generated the first feature data by extracting the following features from
the power spectrum density of ECG records, using the built-in functions of CMDA
package:

e MNEF: Mean Frequency
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Figure 6-3: QRS complex frequency range of a healthy ECG signal [8§]

MDF: Median Frequency
e PSR: Power Spectrum ratio

e VCF: Variance of Central Frequency

Spectral Entropy

e Permutation entropy with m=3 and m=4

e Sample entropy with m=2 and m=3
We also calculated the power, MNF, VCF, Peak, and Entropy of the PSD of the
following manually segmented frequency bands: 0.5-1 Hz, 1-2 Hz, 2-4 Hz, 4-6 Hgz,
6-9 Hz, 9-12 Hz, 12-15 Hz, 15-20 Hz, 20-30 Hz, 30-70 Hz, 70-125 Hz. The feature
generation process from each channel of 12-lead ECG data leads to a 2-dimensional
feature space with 21837 rows (number of records) and 744 variables. We called the
obtained data spectral features. The whole process took 29430-+3300 seconds running
on 1 CPU core of a machine with a 3.5 GHz Dual-Core Intel Core i7 processor and
16 GB 2133 MHz LPDDR3 memory. Running the process using all four cores of the
CPUs reduced the time to 11733+1106 seconds, demonstrating the power of using

the package in parallel mode.

6.4.2 SWT Features

The next feature representation was performed using Stationary Wavelet Transform
(SWT). As explained in section X, SWT decomposes the signal into different scales
coefficient, representing its different spectral-domain characteristics. A group of SWT
scales carries practical and informative features in ECG signals. Hence, we applied
SWT on the ECG records and picked only specific scales for the next feature ex-
traction step [92]. In this study, we employed the 9 scale SWT, resulting in the

decomposition of the raw ECG signal into 10 sets of wavelet coefficients with the
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following frequency bands: 125-250 Hz, 62.5-125 Hz, 31.25-62.5 Hz, 15.63-31.25 Hz,
7.81-15.63 Hz, 3.91-7.81 Hz, 1.95-3.91 Hz, 0.98-1.95 Hz, 0.49-0.98 Hz, and 0-0.49
Hz. The informative part of an ECG record can be discovered in the 0.5125 Hz inter-
val. Therefore, we selected only the SWT coefficients corresponding to the mentioned
frequency bands, including D2 to D9 scales, and excluded the remaining scales (D1,
A9). Figure 6-4 exhibits the decomposition of a sample ECG signal using a 9 scale
SWT. Subsequently, we extracted the following features from each coefficient vector:

e SEE: Shannon Entropy

e MNF: Mean Frequency

e PSR: Power Spectrum ratio

e NSE: Normalized Sub-band Energy

e MDS: Median of Slopes

e MNS: Mean of Slopes

e peak frequency

e Permutation entropy with m=3
Applying the features to all ECG channels’” SWT coefficients scales (D2-D9) resulted
in 2-dimensional data of 21837 rows (number of records) and 768 variables. We
ran the process of operating the CMDA pipeline on a similar machine, where the
computation time of 1 CPU core was 3024+38, and 4 CPU cores were 1321+20
seconds. Likewise, we observed a notable reduction in the computation using the

pipeline in a multiprocessing manner.

6.5 Results

6.5.1 Classification

Using the two generated feature datasets, we employed a classification model to pre-
dict the diagnostic statements of each record. As stated, some records have more
than one statement; hence we used the one-vs-rest (OvR) strategy. This study aimed
not to find the optimal prediction but merely to show how one can achieve reliable,
fast, and interpretable results in a transparent way. Therefore we utilized random
forests (See Sect. 5.2.3) as a robust classifier model without any parameter tuning.
Besides, we handled the imbalanced labels issue (See Table.6.1) by performing the
classification in a bootstrap sampling manner, where at each run, random samples
without replacement with similar size were picked from each label, and the classifier
model was fitted with 5-fold stratified cross-validation (See Sect.5.3) on the sample
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Figure 6-4: Flowchart of ECG signal decomposition using 9 scale SWT

Feature Extraction

data. The process was repeated 50 times, and average values of prediction metrics

were reported.

Diagnosis Statement Metric
Accuracy AUC Precision Recall F1
NORM 0.84 0.91 0.84 0.85 0.85
CD 0.79 0.87 0.81 0.75 0.78
STTC 0.79 0.87 0.76 0.84 0.80
HYP 0.80 0.88 0.79 0.81 0.80
MI 0.79 0.87 0.78 0.81 0.80
Average 0.79 0.87 0.79 0.80 0.79

Table 6.3: Classification metrics of individual diagnosis classes, and the average measures
computed from a One-vs-All Random Forests model that was employed in a bootstrapping fashion
to classify diagnosis classes using Spectral features data.

Tables 6.3 and 6.4 show the average classification measures (Accuracy, AUC, Pre-
cision, Recall, and F1) using spectral and SWT features, respectively. It can be seen
that using SWT features leads to slightly better results in classifying Normal, Hyper-
trophy (HYP), Myocardial Infarction (MI), and ST/T change (STTC), while there is
no difference in the performance of Cardiac Disturbance (CD) prediction. Our model
achieved AUC=0.93 in the classification of Normal ECG records, which is close to
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Diagnosis Statement Metric
Accuracy AUC Precision Recall F1
NORM 0.86 0.93 0.85 0.87 0.86
CD 0.79 0.87 0.81 0.73 0.77
STTC 0.81 0.89 0.77 0.87 0.82
HYP 0.82 0.90 0.81 0.83 0.82
MI 0.80 0.88 0.77 0.84 0.80
Average 0.80 0.89 0.80 0.82  0.80

Table 6.4: Classification metrics of individual diagnosis classes, and the average measures
computed from a One-vs-All Random Forests model that was employed in a bootstrapping fashion
to classify diagnosis classes using SWT features data.

the AUC=0.96 reported by Smigiel et al. [93], implementing a complex convolutional
network on original signals combined with entropy features. They also reported the
average AUC=0.91 for the classification of all classes, while we obtained 0.89. In
another study [94], different models were tested, where a Resnet-based architecture
delivered the best performance (AUC=0.93), while A simple neural network trained
on wavelet features showed AUC=0.87.

Additionally, we calculated the AUC in classifying the diagnosis subclasses de-
scribed in table 6.2, after discarding subclasses with lower than 20 encounters (PMI
and SEHYP). Figure 6-5 depicts the distribution of AUCs of individual subclasses
computed in a bootstrapping fashion. We can observe a near 1 AUC of CLBBB.
LAFB/RAFB and CRBBB show a very high AUC (>0.95) among CD diagnoses.
LVH has the best AUC in HYP class and ICS among STTC classes.
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Figure 6-5: AUCs distribution of individual diagnosis subclasses; A One-vs-All Random Forests
model was employed in a bootstrapping fashion to classify subclasses using SWT features data.

Next, we found statistically pronounced features discriminating each class from
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Figure 6-6: The first 15 most differentiating features in Normal class, resulted from calculating the
—log10(p — value) x Amean by applying a Ranksum significance test between the Normal class and
the rest of the data.

the rest of the data. For this purpose, first, we removed the features with high
correlations (>0.95). Then, we applied a Ranksum significance test on each feature
in a bootstrapping fashion. Figure 6-6 shows the —logyo(p—wvalue)x Amean of the first
15 features, differentiating the normal signals from the rest of the records. Increasing
D7 SWT scales mean frequency (1.95-3.9 Hz) and reduction in median deviation and
power at D6 (3.9 - 8 Hz) and D8 (1-1.95 Hz) indicate low relative power concentration
in non-normal records at 2-4 Hz band and spreading the power to higher (>4 Hz)
and lower frequencies (<2 Hz). Figure 6-7 depicts the results obtained from the same
process in other major classes (CD, MI, STTC, HYP). For example, in HYP class
(See Fig.6-8e), we can observe the overexpression of all features in 1-15 Hz interval
(D5-D8), indicating power spectrum energy increase and variation towards higher
frequencies in this band. On the other hand, we can notice a shift of mean frequency
towards low frequencies and a decline in relative energy in the 4-30 Hz band(D4-D6)
in myocardial infarction (MI) records (See Fig.6-8c).

Another observation is that the expressed features are mostly from specific ECG
leads. Keeping all the features with a p-value lower than 97.5% of all the p-values
showed that the expressed features are mostly from III, aVL, aVF, and aVR leads in
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the CD group. Quite the opposite, V1, V5, and V6 have the most prominent features
in the HYP group.

6.5.2 Clustering

Finally, we explored the clustering of ECG records using their SWT features. For this
purpose, we applied the consensus clustering described in section 5.4.1, presuming K:
2-8 clusters, number of iterations: 100 and threshold: 0.3. The correct number of
clusters is subjective and depends on many factors, e.g., the stability and robustness
of the obtained clusters. The consensus clustering method discovers the stable clusters
by nature, considering any number of clusters (K); however, one determining factor
in selecting the number of clusters using this strategy can be the number of unstable
(data points not in any stable clusters) data. Figure 6-9 reveals that K=2,3,5,6
contributed to relatively lowest number of unstable data points. K =6 shows an
approximately similar cluster distribution to K=5, while the smallest cluster has
smaller members than the unstable group. Therefore, we picked only K=2,3 and 5
for further analysis (0.7%, 1.5% and 3.2% unstable points, respectively).

Tables 6.5, 6.6 and 6.7 show the ratio of diagnosis classes in each cluster. Given
K =2, we have the highest proportion of Normal records in cluster 1 (K=2). However,
by increasing the number of clusters to 3 or 5, we found a cluster without almost any
NORM records (cluster 1, where K=3 and cluster 4, where K=5). This explains the
misclassification of some records in the classification process; for instance, the data
with other diagnosis classes in cluster 0 have more similarity to the NORM class and
will be classified as NORM. Generally, K=5 gives us a fine er separation of the other
diagnostic labels in each cluster. For example, we can see that nearly half of the MI
and STTC records are in cluster 1, or cluster 4 designate a specific group of CD and
HYP records, whereas other diagnostic classes have a low presence in this cluster.
We performed an enrichment analysis to understand better the association between
the obtained clusters and diagnosis classes (See Sect. 5.4.2). The enrichment analysis
results (See Fig. 6-10) confirm a statistical enrichment of CD and HYP records in
cluster 4 and negligible presence of NORM records in clusters 1 and 4. We can notice
a slight enrichment of STTC class in cluster 1 as well.

The enrichment analysis of the diagnosis subclasses, displayed in figure 6-11, shows
a considerable enrichment of CLBBB in cluster 4. On the other, IRBBB records, as
well as STTC and NORM, have a low presence in cluster 4. This explains the high
AUC computed in the classification of CLBBB (See Fig. 6-5). We can notice the
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Class Cluster
-1 0 1
MI 0.006 0.362 0.631
STTC 0.011 0.349 0.640
CD 0.007 0.459 0.533
HYP 0.010 0.513 0.476
NORM 0.005 0.129 0.866

Table 6.5: Extracted SWT features data of ECG records were clustered using the consensus
clustering method. The population ratio of diagnosis classes in each cluster was computed, given

K=2.
Class Cluster
-1 0 1 2

MI 0.022 0.561 0.101 0.316
STTC 0.023 0.542 0.068 0.368
CD 0.028 0.455 0.214 0.304
HYP 0.032 0.428 0.228 0.312
NORM 0.007 0.750 0.000 0.243

Table 6.6: Extracted SWT features data of ECG records were clustered using the consensus
clustering method. The population ratio of diagnosis classes in each cluster was computed, given
K=3.

enrichment of LAFB/RAFB, LVH and ISC records in cluster 4 as well.

Finally, we applied the represented bootstrapping classification model to classify
each diagnosis class in each cluster from the rest of the data. For example, table
C.5 shows the classification metrics of CD records in each cluster, given K = 5. We
observe an AUC=1.00 in predicting CD records in cluster 4, indicating a maximum
separability of CD records from the other records in this cluster. Contrary to cluster
4, cluster 0 shows the lowest AUC=0.87, where we have the highest similarity to
most of the NORM signals, implying the misclassification of some CD records as
NORM. In general, clustering the records using CD-specific features enhanced the
weighted average of all the metrics. We carried out a similar process for classifying
other diagnosis classes. The obtained classification metrics are shown in Appendix.
C. Figure 6-12 demonstrates the distribution of AUCs in each cluster for classifying
diagnosis classes. The corresponding weighted average AUCs are higher than the
reported ones employing a general model (See Table. 6.4) and comparable to the
reported AUCs in the literature [93, 94].

The obtained results also suggest that an ensemble approach for classifying signals
might improve the general prediction performance. In other words, instead of fitting

one model on the data, we can categorize the data into meaningful groups and fit
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Class Cluster
-1 0 1 2 3 4
MI 0.038 0.109 0.426 0.237 0.096 0.095
STTC 0.032 0.068 0.431 0.301 0.104 0.065
CD 0.035 0.121 0.307 0.225 0.104 0.209
HYP 0.039 0.109 0.297 0.264 0.075 0.216
NORM 0.031 0.496 0.178 0.231 0.063 0.000

Table 6.7: Extracted SWT features data of ECG records were clustered using the consensus
clustering method. The population ratio of diagnosis classes in each cluster was computed, given
K=5.

Cluster Metric

Accuracy AUC Precision Recall F1
0.81 0.87 0.77 0.88 0.82
0.84 0.91 0.81 0.89 0.85
0.84 0.92 0.80 0.92 0.86
0.93 0.97 0.89 098 0.94
0.98 1.00 0.97 0.99 0.98

Weighted Average 0.87 0.93 0.84 0.93 0.88

=W N = O

Table 6.8: Extracted SWT features data of ECG records were clustered using the consensus
clustering method. A One-vs-All Random Forests model was employed in a bootstrapping fashion
to classify CD records. Classification metrics of CD prediction in individual clusters, as well as the

average weighted metrics were computed, given K=5.

individualized classifiers on each cluster.

6.6 Discussions

Patient monitoring devices record millions of data points per hour and can generate
thousands of records. These biosignals play a vital role in diagnosing and treatment of
various patient disorders and illnesses; however, manual assessment and examination
of such signals can be challenging and prone to error. Over the past decades, countless
attempts have been made to automatize the analysis procedure using computational
methods, e.g., machine learning models. ECG signal examination is one of the most
standard diagnostic strategies for cardiovascular diseases. Hence, an automatic in-
terpretation of ECG records can enhance the diagnostic procedure. This chapter
presented a well-defined procedure for examining large ECG datasets, including im-
porting, denoising, and feature extraction by operating our proposed time series anal-
ysis tool. We employed our tool on the PTB-XL dataset, a database of ECG signals

containing 21873 records, and extracted two feature sets from each record (Spectral
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and SWT features). Next, we showed how the extracted feature data could be used to
classify diagnostic classes by conducting a random forests bootstrap classification pro-
cess. The calculated classification metrics showed a better performance of SWT over
spectral features in separating five major diagnosis classes (NORM, CD, MI, HYP,
and STTC); However, the state-of-the-art deep learning approaches outperformed
our model by 2 to 3 %. Despite the inferior performance of our model, our approach
objective was not to achieve the best result, and consequently, no model parameter
optimization was done. In contrast, we offered a robust, reliable, and easy to imple-
ment and interpret procedure, especially for clinicians and non-deep learning experts.
Moreover, due to the fast operating characteristic of the tool, the presented procedure
can be employed by experts to get initial results and justify using more sophisticated
and complex models such as deep learning. For instance, we demonstrated a statis-
tical analysis to discover the most critical features and ECG leads in discriminating
diagnosis statements. Additionally, we showed how a cluster-based classification en-
semble could outperform one generic model running on the whole dataset. In this
approach, we discovered stables groups and fitted a classifier for predicting the target
class inside the cluster. This approach improved the overall classification performance
and made it proximate to the reported ones in the literature. This strategy can be
implemented on any large dataset, yet one of the limitations is the size of the target
group in the data since the method requires an adequate number of target class data

in individual clusters.
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Figure 6-7: The first 15 most differentiating features in diagnosis classes, resulted from calculating
the —logio(p — value) * Amean by applying a Ranksum significance test between each diagnosis

class and the rest of the data.
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Figure 6-8: Number of expressed extracted features (p-value lower than 97.5% of all the p-values)
from each ECG lead of individual diagnosis group.
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Figure 6-9: Computed SWT features of ECG records data were clustered using the consensus
clustering method. Clusters’ size ratios for the given number of clusters (K) were computed
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Figure 6-10: Enrichment scores of individual diagnosis classes in each cluster. high positive values
(red color) indicates enrichment and low negative values (blue color) shows low presence.
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Figure 6-11: Enrichment scores of individual diagnosis subclasses in each cluster. high positive
values (red color) indicates enrichment and low negative values (blue color) shows low presence.
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Figure 6-12: Extracted SWT features data of ECG records were clustered using the consensus
clustering method. A One-vs-All Random Forests model was employed in a bootstrapping fashion
to classify diagnosis classes: a) NORM, b) CD, c¢) MI, d) STTC, e) HYP, and the distribution of

AUCGs of individual diagnosis classes in each cluster were computed.
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Application Showcase: Risk of brady-
cardia during hypoglycemia in patients

with type 2 diabetes

7.1 Introduction

Hypoglycemia is a condition where glucose level drops from the normal range. In
patients with type 2 diabetes (T2DM), hypoglycemia may occur as an unfavorable
complication of insulin treatment. Different studies indicate a strong relation between

hypoglycemia events and cardiovascular mortality [95].

Clinical and empirical data suggest that hypoglycemia can lead to fatal arrhyth-
mias through cardiac repolarisation alteration in subjects with diabetes [96, 97, 98].
Arrhythmia refers to irregular heartbeat series and is one of the main CV risk fac-
tors. In particular, Chow et al. [99] showed a significant increase in the frequency
of Bradyarrhythmias in T2DM subjects, while Novodvorsky et al. [100] reported the
same pattern in T1DM patients. Bradycardia is one of the common types of cardiac
arrhythmias and can be defined as a sequence of heartrate below an absolute thresh-
old. The mentioned studies hypothesize a causal relationship between hypoglycemia

and an increased risk of Bradycardia events in such patients.

This section studied this hypothesis by examining the association of hypoglycemic
glucose levels with bradycardia in insulin-treated patients with type 2 diabetes and

chronic kidney disease, a high-risk population for hypoglycemic events.

Part of the work presented in this chapter has also been published in a peer-

reviewed, open-access scientific journal [101].

65
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7.2 Data

The data provided by Uniklink Aachen consists of three main recordings of 85 patients
measured over 7 days: RR intervals, interstitial glucose levels, and bradycardia events.

The RR intervals were extracted from simultaneous 12-lead Holter-ECG records
with a sampling rate of 1000 Hz, using the proprietary software Darwin 2 (Schillermed).
The extracted RR intervals were used later for arrhythmia analysis to detect brady-
cardia episodes.

The interstitial glucose was recorded every minute, and 5 min averages were re-

ported. It is measured using a sensor filament usually placed on the abdomen and
not close to the insulin pump injection side.
It should be noted that during the monitoring, subjects continued their daily activ-
ities and diabetes management, while sensor calibrations were performed at least 3
times during the 7 days. Bradycardia, defined as > 4 consecutive beats at RR <
1333 ms (instantaneous heart rate < 45 beats/min), occurred in 19 of 85 patients
(22%); the number of episodes varied between 1 and 538 episodes with a mean of
106.4+£157.6 episodes over 7 days.

Figure 7-1 depicts the distribution of number bradycardia events frequency in
each patients. It can be seen that, in more than a third of the patients, there exist
more than 50 bradyarrhythmias during 7 days. In another third, this frequency is

less than 10. The occurrence time of bradycardias is another critical factor to be

Number of Bradycardia Events
10-50
<10
=50

31.6%
36.8%

31.6%

Figure 7-1: Distribution of bradycardia episodes per patients, based on three frequency levels: 1)
less than 10 events, 2) from 10 to 50 events, and 3) more than 50 events [101].

considered. Figure 7-2 shows an apparent increase in such events after midnight and

before morning. The same pattern can be seen shortly before noon, while the number
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of bradycardias drop in the afternoon and evening. We studied this trend in detail

in the results section.
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Figure 7-2: Number of bradycardia events in all patients at every hour of the day [101]

7.3 Heart Rate Variability Analysis

The heart rate is a measure of the distance between two consecutive R peaks in an
ECG signal. It is important to note that a healthy heart is not characterized by a
constant heart rate, but rather by complex and nonlinear fluctuations. This is due
to the dynamic nature of the cardiac system and its intricate interactions with other
physiological systems. However, in cases of cardiac abnormalities, such as arrhythmias
or heart disease, the heart rate dynamics may be altered, resulting in an increase or
decrease in the complexity of the heart rate oscillations. [34].

Heart rate variability (HRV) evaluates fluctuations in the time interval between
consecutive heartbeats. This method quantifies the complexity of the cardiac system
in both spatial and temporal dimensions through the analysis of heart rate parame-
ters in the time and frequency domains [102]. Research has shown that alterations in
resting HRV parameters can be indicative of cardiac pathologies or emotional states,
making HRV a valuable tool for assessing the cardiac health status of individuals.
In particular, HRV features can provide important information for identifying and
characterizing cardiac disorders in patients [103]. HRV can be analyzed using various
methods, including time-domain, frequency-domain and nonlinear techniques, in dif-

ferent time intervals. These intervals include 24 hours, short-term (approximately 5
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minutes) and ultrashort-term (less than 5 minutes). The choice of time interval and
analysis method will depend on the specific research question and the goals of the
study [103].

In this thesis, we utilized a short-term HRV analysis approach due to the fact that

the glucose sampling rate was set at 5 minutes.

7.3.1 HRYV Time domain features

Time-domain features of HRV estimate the RR intervals’ variability in a monitor-
ing span (here 5 minutes). We used the RR intervals time-domain features used in
this study, suggested by Shaffer and Ginsberg [103]. We also defined instantaneous
heart rate time-domain parameters using the features described in section 4.1. These

features are depicted in Table 7.1.

7.3.2 HRYV Spectral domain features

Heart rate variability (HRV) can be quantified in the frequency domain by utiliz-
ing the Fourier transform to estimate the absolute or relative power within specific
frequency bands. The Task Force of the European Society of Cardiology and the
North American Society of Pacing and Electrophysiology (1996) [103| proposed four
frequency bands to represent HR fluctuations in the frequency domain: the ultra-low-
frequency (ULF) band (0.003 Hz), the very low frequency (VLF) band (0.0033-0.04
Hz), the low frequency (LF) band (0.04-0.15 Hz), and the high frequency (HF) or
respiratory band (0.15-0.40 Hz). However, it should be noted that the ULF band
requires a recording interval of at least 24 hours [104], and thus, it was not utilized
in this current research study.

Table 7.2 shows the parameters defined in VLF, LF, and HF bands. Perform-
ing Fourier transform on a time series requires an invariant sampling rate, while
the RR intervals data by nature is unequally spaced sampled. Hence, before HRV
frequency-domain extraction, the data is interpolated using a cubic polynomial on a

4 Hz constant sampling frequency-time span.

7.3.3 HRYV Nonlinear features

The measurement of RR intervals, or the time intervals between consecutive heart-
beats, has been found to display intricate and unpredictable dynamics. In order to

evaluate the level of randomness and nonlinearity present within a heart rate time
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Feature Unit Description

SDNN ms Standard deviation of RR intervals

RMSSD ms Root mean square of consecutive RR inter-
val differences

pNN50 % Percentage of consecutive RR intervals
that vary by more than 50 ms

pNN20 % Percentage of consecutive RR intervals
that vary by more than 20 ms

HR Mean bpm The mean value of heart rates

HR Median bpm The median value of heart rates

HR Max bpm The highest value of heart rates

HR Min bpm The lowest value of heart rates

HR P2P bpm The difference of the highest and lowest
values heart rates

HR Kurtosis The kurtosis value of heart rates

HR Skewness The skewness value of heart rates

HR MAD bpm The median value of absolute changes of

heart rates

HR ZCR

The normalized zero-crossing rate of heart
rates

Table 7.1: HRV time-domain features

series, nonlinear parameters such as fractal dimension and entropy can be utilized.
These nonlinear parameters provide a comprehensive analysis of the complexity and
irregularity of the RR interval measurements, providing valuable insights into the un-
derlying cardiovascular physiology. Table 7.3 shows the employed nonlinear features
using entropy analysis and the Poincaré plot.

The Poincaré plot, a specific type of recurrence plot, is utilized in the estimation
of self-similarity within dynamic systems. This methodology has been extensively
employed in the analysis of heart rate variability (HRV), as it is a scatter plot repre-
sentation of the R-R intervals in relation to their preceding interval (RR; vs. RR;_1).
The Poincaré plot is a widely accepted technique in the field of HRV analysis, as
demonstrated by its inclusion in various studies and research articles such as [104].

A Poincaré plot can be explored by fitting an ellipse to the plotted points, and the
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Feature Unit Description
VLF power ms? Absolute power of the very-low-frequency

band (0.0033-0.04 Hz)

LF power ms Absolute power of the low-frequency band
(0.04-0.15 Hz)

HF power ms? Absolute power of the high-frequency band
(0.15-0.4 Hz)

Total power ms? Absolute power of the very-low to high-
frequency band (0.0033-0.4 Hz)

LF normalized % relative LF power to the sum of LF and
HF power

HF normalized % relative HF' power to the sum of LF and
HF power

LF peak Hz Peak frequency of the low-frequency band
(0.04-0.15 Hz)

HF peak Hz Peak frequency of the high-frequency band
(0.15-0.4 Hz)

LF/HF % Ratio of LF-to-HF power

Table 7.2: HRV frequency domain features

corresponding area and diameters of the ellipse can be extracted as nonlinear features.
The area represents total variability, the length of the fitted ellipse measures short-
term and long-term variability, while the width quantifies the short-term HRV [104].
For the entropy analysis, we used sample entropy of 2-dimensional embedded space
(See Sect. 4.3.1), and permutation entropy of 3-dimensional embedded space with
one step lag (See Sect. 4.3.2)

7.4 Data Preprocessing and Feature Extraction

7.4.1 Windowing

As mentioned in the previous section, due to 5 minutes sampling rate of glucose
measurement in the data, we performed a short-term (5 minutes) HRV Analysis.
Therefore, the feature extraction process was performed in a moving window fashion,

as described in section 3.3. The length of the window was set to 5 minutes with a
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Feature Unit Description

S ms Area of the fitted ellipse on the Poincaré
plot

SD1 ms Width of the fitted ellipse on the Poincaré
plot

SD2 ms Length of the fitted ellipse on the Poincaré
plot

SD1/SD2 Ratio of SD1-to-SD2

SampEnt Sample entropy, which measures the irreg-

ularity and randomness of a time series

PermEnt Permutation entropy, which measures the
irregularity and randomness of a time se-
ries

Table 7.3: HRV nonlinear features

similar step size, resulting in no overlaps between the windows. To lower the impact
of high variance in the number of bradycardias, we considered all bradyarrhythmias
in a 5 minutes window as one Brady episode. We extracted HRV features (See Sect.
7.3) and the measured glucose value within each window. Additionally, to study the
daytime effect, we calculated a continuous form of 24 hours clock by decomposing
the time into a Sin and Cosine function with 24 hours periodicity. The required
denoising and missing value imputation prior to feature calculation were conducted
in the workflow of windowing the RR intervals and glucose values, as explained in

the following sections.

7.4.2 Filtering

We started with cleaning and removing the outliers in the RR intervals measurement
in the windowing process. First, we removed the RR intervals out of the physiological
accepted range (200 ms - 2500 ms). Next, we removed the ectopic or artifact RR
intervals using a recursive filtering procedure [105]. Ectopic beats refer to premature
ventricular and atrial contraction. Although ectopic beats are considered normal
and do not indicate cardiac pathology, they can affect the analysis of the heart rate
variability and other types of arrhythmias. The glucose values outliers (<10 mg/dL

and >700 mg/dL) were also removed during the windowing procedure.
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7.4.3 Missing value imputation

Missing value imputation is another crucial step before performing HRV analysis. It
is shown that missing values can cause misleading results in HRV estimation [106].
The missing values are present in the data either due to monitoring error (detach-
ment of the sensors) or after removing the outliers. As explained in section 3.2, we
implemented a linear interpolation to handle the missing RR intervals (See Sect. 3.2),
where the number of missing values between two available values is less than 5. We
dropped the window in the presence of long missing values as it can immensely affect

the results.

7.5 Results

7.5.1 Association between glucose level and bradycardia events

Given the hypothesis that extreme glucose levels may induce severe bradycardia in pa-
tients with diabetes, we analyzed the connection between the number of bradycardic
events and the absolute glucose value. In all the patients with bradyarrhythmias,
the majority of bradycardias occurred at normal glucose levels above 70 mg/dL and
below 180 mg/dL, while only 4% of all bradycardia episodes arose at glucose values
below 70 mg/dL (See Fig. 7-3).

Glucose Levels

<70 mg/dL
70 - 180 mg/dL
=180 mg/dL
72.2%
3.7%
24.1%

Figure 7-3: Percentage of bradycardia events at absolute glucose levels

Further examinations of glucose profiles in the patients with bradycardia episodes
indicated a high variability of glucose values over 7 days with significantly different

mean glucose values and very dissimilar glucose profiles (Fig. 7-4a). For illustration,
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figure 7-4b displays the glucose profiles of 2 patients. Patient 2 has a mean glucose
value of 197.2 mg/dL over 7 days, and despite its high glucose volatility, it never
goes below 70 mg/dl. On the other hand, patient 11 underwent several hypoglycemia

episodes with glucose measurements < 70 mg/dl.
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Figure 7-4: a) Absolute glucose range in each patient with bradycardia episodes, b) Example of
glucose profile of two patients with bradycardia episodes, which shows a clear difference in glucose
level range in these two patients [101]

Based on these results, we hypothesized that relative rather than absolute glucose
values might be more applicable for analyzing the bradycardias in relation to glucose
levels in these patients. Accordingly, we categorized glucose levels in tertiles of each
patient. As expected, due to the different glucose profiles in the patients, we can see
an overlap in the glucose level distribution at each relative tertile (See fig. 7-5). The
relative categorization of glucose levels shows that more than 45% of bradycardias
occurred in the low glucose level tertile, while around 28% of these events appeared
at the high glucose level tertile (See fig. 7-6)

We executed a Fisher’s Exact test (See Sect. 5.1.2) in a bootstrap sampling
manner to examine whether this unequal occurrence of bradycardia events in the
relative glucose tertiles is statistically significant. The null hypothesis is that ratio of
bradycardias number in each tertile to the whole number of events is similar to the
glucose levels ratio in each tertile (1/3), while the alternative hypothesis is that the
bradycardia frequency ratio is significantly different from the glucose levels ratio.

We selected selected and analyzed iteratively using a statistical approach (100
times). The p-value for each tertile was calculated by multiplying the expression
direction by the ratio of bradycardia events in each tertile and the corresponding
glucose ratio. The expression direction was determined by evaluating the sign of

the difference between the ratio of bradycardia events and the glucose ratio in each
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Figure 7-5: Distribution of glucose levels in each relative individualized glucose tertile [101]
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Figure 7-6: Percentage of bradycardia events at different glucose tertiles [101]

tertile. A positive value indicates the over-expression of bradycardia events in the
tertile, while a negative value indicates the under-expression of bradycardia events in
the tertile.

As anticipated, our results revealed that bradycardia events were significantly pro-
nounced in the low relative glucose tertile. However, in most iterations, we observed
a low occurrence of bradyarrhythmias in the normal and high glucose tertiles (See fig.
7-7).

In the next step, we investigated the association between glucose level and the
occurrence time of bradycardia events. Figure 7-8 shows a clear correlation between
the mean heart rate and the mean value of glucose level of all patients over the 24
hours time course with a 95% confidence interval. We also showed in figure 7-2 that
the frequency of bradycardia events is a function of time. The same pattern can be

noted in the alteration of relative glucose tertiles distributions over 24 hours, where



7.5. Results 75

20 _
‘
10 N
‘q_; E
=2
T 0
=
g 1 —
=3
o -10
i=}
—
‘ +
-20 +
‘
+
-30 [

low normal high
Glucose Relative Tertile

Figure 7-7: Distribution of p-values multiplied by the expression direction of bradycardia events
(enriched or not enriched) in each relative glucose tertile obtained by Fisher’s Exact test in a
bootstrap sampling strategy

there is an enrichment of high glucose tertile before midnight and over-expression of

low glucose tertile after midnight (See Fig. 7-9).

- L 180
70
170
7 ©
-
& e 1160 5
> £
B w
& 67 3
£ 150 &
3 o]
o 66
65 F140
64
F130
0 5 10 15 20
Time [hrs]

Figure 7-8: Red line is the mean value of heart rate of all patients during a complete day with 95%
confidence interval; Blue line is the mean value of glucose level in all patients during a complete
day with 95% confidence interval [101]

Combining all three factors (time, glucose relative tertiles, and bradycardias fre-
quency), we observe that most bradycardias occur after midnight (from 12:00 AM to
09:00 AM) at glucose levels in the low individual tertile (See Fig.7-10). In contrast,
there is an enrichment of bradycardias in the highest glucose tertile at night (from
6:00 PM to 03:00 AM).

To quantify this difference, we conducted a Fisher’s Exact test (See Sect. 5.1.2)
to study whether the ratio of bradycardias in each glucose tertile is identical to the
ratio of overall time intervals in the corresponding tertile at each 3 hours time period
(Null hypothesis) or not (Alternative hypothesis). The statistical test was performed

in a bootstrap sampling fashion with 100 times iteration, and the p-value multiplied
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Figure 7-10: Percentage of bradycardia events at different glucose tertiles in 3 hours time intervals
[101]

by the expression direction was computed in each iteration. Figure 7-11 shows the
obtained result for low and high relative glucose tertiles at each time interval. We can
see an enrichment of Bradycardia events at low relative glucose levels between 06:00
and 09:00, as well as 12:00 and 15:00, which indicated a higher risk of bradycardias
event at these time intervals during a drop in glucose level. At other time intervals, we
do not see any significant effect of glucose levels on the bradyarrhythmia occurrence.
On the other hand, there is a high risk of such episodes between 21:00 and 03:00
during high glucose levels. However, this pattern alters quickly after 3, and the risk

remains mostly at low glucose levels.
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Figure 7-11: Distribution of p-values multiplied by the expression direction of bradycardia events
(enriched or not enriched) at low and high relative glucose tertiles in 3 hours time intervals
obtained by Fisher’s Exact test in a bootstrap sampling strategy [101]

7.5.2 Association between HRV features and Bradycardia events

The association between HRV features and the bradycardia events is another ques-
tion we tried to answer. In the first place, we computed the pairwise correlation of
extracted features in all patients (See Fig. 7-12), where a noticeable positive cor-
relation between SDNN, RMSSD, spectral powers, and Poincaré plot parameters is
shown (As stated in the literature too [103]). Such positive correlations can be seen
between heartrate statistical features (Mean, Median, Max, and Min).

To estimate whether the HRV change in the course of bradycardia episodes, we
performed a Wilcoxon Ransum significance test between the distribution of each
HRYV parameter at time windows containing bradycardia episodes and windows with-
out such events. Nevertheless, the size of windows with bradyarrhythmias is much
smaller than those in the absence of bradycardias (827 to 35415). Hence, to reduce
the effect of disproportions distributions in the results, we used a bootstrap sampling
technique in a loop with 100 times repetition, where small samples with a similar
size (200 sample points) from each class were selected, and corresponding p-values
were computed. Figure 7-13 shows the distribution of the calculated p-value of each
feature multiplied by the expression direction (the sign of the difference between two

groups’ mean value).

The result shows a statistically significant increase in SDRR, RMSSD, Low- and
High-frequency power, as well as Poincaré plot parameters (S, SD1, SD2) during
Bradycardia episodes. The elevation of Poincaré features is expected due to their
correlation to RR interval short- and long-term volatility (SDRR and spectral powers).

On the other side, as anticipated, a pronounced drop in Heart rate mean, median and
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Figure 7-12: Heatmap of HRV extracted features pairwise correlation

minimum values can be noticed. Further, we can see a slight decrease in sample and
permutation entropies and heart rate max value, together with an elevation in VLF

power in the course of bradyarrhythmias.

7.5.3 Forecasting the Bradycardia events

Considering the findings in the sections above and the relationship between the ex-
tracted HRV features, glucose value, and day-time, we explored whether these pa-
rameters can be used for forecasting bradycardia events in diabetic patients. For this
purpose, we created a classification model where each feature window was considered
a data point. To build the classifier, we identified and labeled all the windows 5 min-
utes prior to the bradycardias as risk zone and labeled all the windows without and
far from such events as normal zones (See Fig. 7-14). We removed all the windows
containing at least one bradycardia event, since predicting such windows as the target
class does not have a forecasting advantage. In short, the model aims to forecast the
bradyarrhythmias by classifying the risk zones from the normal zones.

Before proceeding to the classification part, we normalized each patient’s data

points using Z-score (See Sect. 3.1) and then pooled all the patients’ data. Due to
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Figure 7-13: A statistical significance test (see Sect. 7.5.2) was performed to test whether HRV
features values were able to differentiate the data points with bradycardia events from time points
without bradyarrhythmia. In a bootstrapping approach, the distribution of P-values was computed

and multiplied by the difference between the two groups’ mean values for each HRV feature.

the rare occurrence of arrhythmia episodes in these patients, the labeling approach
leads to imbalanced classes in the extracted feature data (28873 normal points and
546 risk points in all the patients). In order to handle the imbalanced classes in
the data, a bootstrap technique was employed, where at each run, we took a sample
without replacement with similar size of risk class from the normal group. Afterward,
we applied a classifier with 5-fold stratified cross-validation (See Sect. 5.3) on the
merged sampled normal group and fixed risk group, resulting in a mean prediction
score for each bootstrap run. This process was repeated 50 times, and the mean and

standard deviation of the prediction scores were calculated.

To do the classification, we utilized four models: Logistic Regression with L1
regularization, Logistic regression with L2 regularization (See Sect. 5.2.1), Support
Vector Machines with the radial kernel (See Sect. 5.2.2), and Random Forests (See
Sect. 5.2.3). After tuning and finding the optimal parameters and running the de-
scribed process using each classifier, we discovered that the random forests model
showed better performance compared to the others. Figure 7-15 shows the mean
ROC curve of all four models. It can be seen that the computed mean AUC of SVM
is a bit better than logit models (0.90 to 0.87), while random forest demonstrates the
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Figure 7-14: Bradycardia risk zone and normal zone identification: Green windows, with the
length m, are the normal data points, and the orange one is the risk data point that occurred d
minutes before the bradycardia event.

best performance (0.93).
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Figure 7-15: Four classification models were used to predict the risk of Bradycardia in diabetic
patients in a bootstrapping form (see Sect. 7.5.3). The mean ROC curves and corresponding AUC
were calculated for each model.

The distribution of the classification metrics obtained using random forests from
bootstrap sampling, including Accuracy, Area Under the Curve (AUC), Precision,
Recall, F1 score, are displayed in figure 7-16.

As it can be seen, all the measures show an acceptable to the perfect performance of
the model in identifying risk zones (from 0.7 to 1). Next, the effect of proximity to the
bradycardia episodes on the classification performance was investigated. We repeated
the classification process using Random Forests by changing the temporal distance

of the risk zones to 1, 15, and 60 minutes before the events, respectively. Table 7.4
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Figure 7-16: The distribution of classification measures of bradycardia risk prediction using
Random Forests.

shows the classification metrics of the dataset based on the risk zones time-to-event.
The results indicate no significant change in the model performance by keeping the
distance of the risk zones to 15 minutes. However, a notable decline in the measure by
classifying the risk zones 1 hour before the bradycardias can be noticed. This finding
suggests that the transition to the occurrence starts merely some minutes earlier in

most arrhythmias, and an accurate forecast can be done within this period.

Time to Event Metric
Accuracy AUC Precision Recall F1
1 minute 0.864+0.02 0.93+0.02 0.84+0.03 0.87+0.04 0.85+0.02
5 minutes 0.854+0.03 0.924+0.02 0.84+0.03 0.87+0.03 0.85+0.02
15 minutes 0.85+0.03 0.914+0.02 0.834+0.04 0.86+0.05 0.85+0.03
60 minutes 0.794+0.03 0.83+0.03 0.79+0.04 0.84+0.05  0.840.03

Table 7.4: Risk zones were pinpointed based on the proximity to the bradycardia events. Four
time distances to bradyarrhythmias were defined, and the corresponding Mean and standard
deviation of classification metrics of risk prediction were calculated.

For a practical alarm system in a clinical setting, two factors are essential: The
sensitivity of the model (recall), where the maximum number of events forecast is
a matter of interest, while the model must signal false alarms as few as possible.
Although our model shows good accuracy and acceptable recall, the precision might

not satisfy the second condition since, for such an imbalanced dataset, any precision
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value below 1 might not be applicable for a warning system as it leads to several false
alarms. Figure 7-17 displays the Recall-Precision curve with a mean AUC of 0.93;
however, the mean precision value is between 0.6 and 1. In other words, to ensure
a high precision (few false positives), the sensitivity must be lowered. In the data

preparation step, we normalized patients’ data individually as a required step before

classification.
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Figure 7-17: The recall-precision curve of Random Forests classifier trained on normalized features

Nevertheless, bradycardia arrhythmia is annotated in the data based on an abso-
lute definition (hr < 45 bpm). Hence, we presupposed that skipping the normalization
step might improve the model’s performance, and since the Random Forests does not
require normalized data, it allowed us to do so. Consequently, we conducted the pro-
cess mentioned earlier using Random Forests to classify risk zones defined 5 minutes
prior to bradycardias. The obtained results show a slight increase in the metrics,
particularly precision, by 2 percent (See Table 7.5). The recall precision curve also
demonstrates better performance and permits increasing the precision with a more
acceptable recall level (See Fig. 7-18). Nonetheless, whether this improvement makes
the model beneficial in a clinical environment is a matter of decision by clinicians.

Finally, we explored the significance of each feature in separating the risk zones
from the normal zones using the Random Forest classifier. Figure 7-19 reveals the

distribution of each feature’s importance scores, where we see that heart rate lowest,
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Normalized Data Metric
Accuracy AUC Precision Recall F1
No 0.874£0.02 0.944+0.02 0.87+0.03 0.88+0.02 0.8740.03
Yes 0.854+0.03 0.93+0.02 0.84+0.03 0.87£0.03 0.8540.03

Table 7.5: The mean and standard deviation of performance measures of the Random Forests
classifier trained on normalized data and non-normalized.
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Figure 7-18: The recall-precision curve of Random Forests classifier trained on non-normalized
features [101]

median, and mean values are the most critical parameters in classifying the risk
windows. Furthermore, following them, we have the Poincaré SD2, sample entropy,

LF power, total power, SDNN, and daily time clock.

7.6 Discussion

The current research aimed to examine the correlation between heart rate parameters
and glucose levels with bradycardia events in a sample of 19 insulin-treated individ-
uals with type 2 diabetes. Previous research has established a connection between
instances of bradycardia and absolute hypoglycemia levels, defined as a glucose value
below 70 mg/dL [99, 100]. The present investigation sought to further explore this

association in a population of insulin-treated patients with type 2 diabetes.
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Figure 7-19: A Random Forests classifier was utilized to predict the bradycardia risk in diabetic

patients in a bootstrapping manner. The model returns a score showing the percentage of each

feature’s involvement in the prediction. Accordingly, the distribution of each feature’s score was
obtained [101].

Upon conducting a thorough exploration of our data, we found that a mere 4% of
episodes of bradyarrhythmias occurred in individuals with absolute glucose levels 70
mg/dL and 28% of these episodes occurred in individuals with absolute hyperglycemia
levels (> 180 mg/dL). Given the high inter-glucose variance present in these patients,
we hypothesized that a relative definition of hypoglycemia may be more appropriate
in identifying the relationship between extreme glucose levels and bradyarrhythmias.
To test this hypothesis, we grouped each patient’s glucose levels into three relative
tertiles and found that over 45% of bradycardias occurred in the lowest individual
glucose tertile. Due to the small size of our population, we conducted a statistical
bootstrap analysis to confirm the enrichment of bradycardia episodes in relatively low
glucose levels.

Furthermore, we examined the effect of time on the occurrence of such events using
similar statistical methods. Our results indicated a high accumulation of bradycardia
episodes after midnight and in the morning, corresponding with declining relative
glucose levels. Specifically, a significant enrichment of these events was observed be-
tween 06:00 and 09:00. Interestingly, we also observed an enrichment of bradycardia
episodes at relatively low glucose tertile levels between 12:00 and 15:00, despite the
overall increase in glucose levels during this time period. On the other hand, brady-

cardia episodes that occurred between 21:00 and 03:00 were pronounced notably at



7.6. Discussion 85

relatively high glucose levels.

To the best of our knowledge, these results suggest for the first time that the
threshold for hypo- and hyperglycemia-associated bradycardias correspondingly de-
pends on individual glucose values and glucose control.

In addition, we examined the expression of various heart rate variability (HRV)
features in the time-domain, frequency-domain, and nonlinear domain. Utilizing a
statistical bootstrap test, we found a significant overexpression of RR interval stan-
dard deviation and spectral power, as well as Poincaré plot parameters. These find-
ings indicate a deviation from typical HRV patterns during bradycardia events. Fur-
thermore, we observed a statistically significant decrease in the mean, median, and
minimum heart rate values, which is a predictable outcome in cases of bradycardia.
Additionally, a decline in entropy parameters was observed, further supporting the
presence of abnormal HRV patterns during these events.

Next, we aimed to evaluate the utility of heart rate variability (HRV) parameters,
glucose values, and day-time features in predicting instances of bradyarrhythmias.
To accomplish this, we employed a classification schema to separate data points that
were in proximity to these events (referred to as "risk zones") from the remaining data
points (referred to as "normal zones"). The results of our analysis indicated that the
Random Forests classifier achieved an acceptable area under the curve (AUC) of 0.94
in classifying the risk data points. However, due to the imbalanced distribution of
the data, with a small number of risk zones compared to normal zones, the computed
precision (0.87) and sensitivity (0.88) of the model were found to be suboptimal
for practical application. Specifically, increasing precision led to a deterioration in
sensitivity and an increase in false alarms. Additionally, our findings revealed that
the risk areas could be detected up to 15 minutes prior to the onset of bradycardia
events.

The results of our study indicate that several parameters are crucial in the classi-
fication of transition into arrhythmia episodes. Specifically, we found that heart rate
mean and lowest values, as well as RR intervals standard deviation, length of an el-
lipse fitted on Poincaré plot (SD2), sample entropy, and frequency power were highly
dominant in identifying these transitions. Previous research has suggested that vari-
ance and autocorrelation are important parameters in detecting critical transitions
in dynamic systems [24]. Our findings support this assumption, as we observed that
standard deviation is derived from variance and SD2 represents the autocorrelation
coefficient. Overall, these results highlight the importance of these parameters in the

identification of arrhythmia episodes.
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Application Showcase: Critical Tran-

sition 1n Septic Patients

8.1 Introduction

Specific physiological systems show nonlinear dynamics that undergo sudden regime
shifts at breaking points [107, 108]. In a medical setting, these shifts often exhibit in-
stabilities in clinical states, e.g., disease-onset or disease stage transition [109]. Such
phenomena have been studied mathematically using data-driven techniques to de-
velop statistical indicators known as early-warning signals to model the dynamics of
systems hovering shifts [24, 110, 111, 112, 113, 114, 115, 116]. Modeling such transi-
tions is advantageous for several applications in systems medicine, such as monitoring
health [117], forecasting disease-onset, and acquiring an improved knowledge of the
underlying disease progression [118§].

This chapter focus on sepsis, one of the primary causes of in-hospital mortality and
costs the healthcare sector billions as a consequence of growing incidence rates and
extended hospital stays [119, 120]. As stated in the Third International Consensus
Definitions of Sepsis and Septic Shock (Sepsis-3), "sepsis is a life-threatening organ
dysfunction caused by a dysregulated host response to infection," and "septic shock is
a subset of sepsis in which underlying circulatory and cellular /metabolic abnormalities

are profound enough to increase mortality substantially [121]."

The heterogeneity of infectious factors and the multiple accompanying comor-
bidities make accurate sepsis diagnosis challenging for physicians. Early, aggressive
administration of antibiotics is vital, and delays in this treatment lead to increased
mortality significantly [122, 123].

There exist several disease severity scores or early-warning signals, such as the Sim-
plified Acute Physiology Score (SAPS II), the Acute Physiology and Chronic Health

87
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Evaluation (APACHE II), the Sepsis-related Organ Failure Assessment Score (SOFA),
the Modified Early Warning Score (MEWS), and the Simple Clinical Score [124].
These scores are acceptable predictors of general disease severity and mortality but
unable to assess the risk of developing sepsis with reasonable accuracy and precision
[124].

Multiple machine learning (ML) approaches were therefore introduced to predict
sepsis onset [125, 126, 127]. Rothman et al. [128] employed structured information
from electronic health records (EHRs) to identify sepsis on admission or to predict
its onset during hospitalization. Ghosh et al. [129] presented a model integrating
sequential contrast patterns with coupled hidden Markov models for septic shock
prediction. Henry et al. [124] designed a targeted real-time early warning score
(TREWScore) by training a Cox regression model to spot the patients at high risk
of developing septic shock. These ML approaches showed the potential to improve
diagnostic accuracy, while they involve time-consuming and domain-specific feature
selection [130, 131]. This section proposed a strategy as a preprocessing step to
select relevant data for further septic shock diagnosis analysis. Our strategy aimed to
identify the critical transitions employing the concept of surprise loss (SL) introduced
by Giacomini [132]. SL was initially presented in econometrics to evaluate forecast
breakdown, i.e., instability in a time series model’s forecasting ability. We believe that
similar instabilities are present in clinical time series data due to medical intervention
or disease progression. We employed SL to specify unstable regions in the time series.
Besides, we introduced a critical-transition-based data-sampling approach to regions
around critical transition.

The presented work in this chapter is also published in a peer-reviewed open-access

scientific journal [37].

8.2 Data

We used the publicly available EHR database Medical Information Mart for Intensive
Care (MIMIC)-III v1.4 [133], which includes multivariate time-series data of 46520
anonymized patients from 58976 separate ICU admission. We considered each ICU
encounter as one distinct patient sample for ease of interpretation.

With the growth of pathophysiology and epidemiological over decades, rule-based
retrospective annotation of sepsis syndrome has matured [134]. The latest charac-
terization, generally known as Sepsis-3, stresses organ dysfunction as the primary

outcome of the sepsis syndrome and suggests updating the International Classifica-
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tion of Diseases (ICD) coding system [135, 136] (ICD-9: 995.92, 785.52; ICD-10:
R65.20, R65.21). The organ dysfunction degree is graded commonly using the SOFA
scoring system every 24 hours during a patient’s ICU stay [137, 138]. Due to the
incompatibility of ICD-9 codes in the MIMIC-III dataset and the Sepsis-3 definition,
we annotated the patient data based on the 2016 consensus definition. Figure 8-1
illustrates the schematic of the annotation framework, which was designed and coded

by our colleague Mr. Jayesh Bhat.

Sepsis-3 Criteria
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Figure 8-1: The data from the patient’s ICU stay was analyzed by retrieving the timestamps of
body fluid sampling (including blood, urine, and cerebrospinal fluid) and antibiotic administration.
The criteria for determining suspected infections were established as the administration of
antibiotics within 72 hours of any prior body fluid sampling or any body fluid sampling within 24
hours of prior antibiotic administration, regardless of culture results. The Sepsis-3 criteria were
then assessed over a 48-hour period prior to and a 24-hour period after each suspected infection
timestamp (IST). If the criteria were met within this time frame, the beginning of the time frame
was recorded as the onset of the suspected infection. The schematic depicts an example where the
second antibiotic administration falls within 72 hours of a prior body fluid sample, leading to a
suspected infection [37]

Running the framework on all 58976 patient encounters lead to 22,547 (38.2%)
sepsis patients and 3208 (5.4%) septic shock patients. For the sake of consistency and
robustness of the study, we only considered adults (18+ years old at admission) who
stayed between 36-hours and 144 hours in the ICU unit before the annotated onset of
septic shock. According to these criteria, we identified a cohort of 630 septic patients
and a non-sepsis cohort containing 6,236 patients who lacked Sepsis-3 annotation or

sepsis-specific ICD-9 codes. Table D.1 in appendix D shows the demographic data of
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the two cohorts.

The clinical staff prioritizes treatment procedures over on time and accurate docu-
mentation of their processes, reducing clinical annotation reliability for retrospective
analysis. Therefore, we limited our data analysis to primarily machine-recorded rele-
vant and available quantitative variables. Hence, we preselected sets of variables: the
laboratory variables included bicarbonate, creatinine, blood urea nitrogen (BUN),
hematocrit, hemoglobin, platelet count, white blood cell count (WBC), potassium,
and sodium; the vital signs and physiological variables included body temperature,
heart rate, respiratory rate, oxygen saturation (SpO2), arterial blood pressure (sys-
tolic, mean, and diastolic), and urine output. We added two generated septic markers
suggested by Henry et al. [124] from the mentioned variables: the shock index (ratio
of heart rate over systolic blood pressure), and the ratio of BUN to creatinine. The
mean sampling rates of the selected variables in each patient cohorts can be seen in
Table 8.1, and figures D-1-D-5 in appendix D exhibits their mean profile in respective

cohorts.

Variable Sampling Rate per Day
Septic Non-Sepsis

BUN 1.7 1.1
Creatinine 1.7 2.6
Hemoglobin 1.9 5.0
Bicarbonate 1.7 1.5
Respiratory Rate  20.5 4.4
Heart Rate  20.2 9.8
Hematocrit 2.2 8.2
WBC 1.5 9.2

SpO2  20.1 8.1
Platelets 1.6 5.3
Systolic BP 19.8 9.3
Urine Output  12.1 10.2
Temperature 6.7 9.1
Sodium 2.0 3.2
Diastolic BP  19.8 10.4
Mean BP  20.0 6.6
Potassium 2.9 3.8

Table 8.1: The mean sampling rate of pre-selected clinical variables in septic shock and non-sepsis
patient populations was calculated by determining the ratio of the number of observations
recorded in the ICU per patient to the length of each patient’s stay (in days) and then averaging
the results across all patients in each cohort [37]
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8.3 Methods

8.3.1 Time Binning

Table 8.1 shows the high heterogeneity and irregularity in the sampling frequency of
the variables. We curated the uneven sampling intervals by applying a time binning
approach explained in section 3.3. We transformed the time series into 30-minute

bins by computing the median values (See Sect.4.1.1) over the bin windows.

8.3.2 Missing Value Imputation

Inadequate data collection and lack of documentation cause considerable missing val-
ues in the Longitudinal EHRs, making such data challenging to analyze. To handle
the problem of missing data, we tested different imputation methods introduced in
section 3.2, such as linear, polynomial, and Stineman. Comparing the results, we
chose the Stineman strategy due to its exceptional performance in diminishing over-

shoots and handling acute changes in the imputed values.

8.3.3 Data Normalization

As explained in section 3.1, data normalization is a crucial step in data analysis. Due
to our data’s diverse scales and measurement units (See Table. 8.1), we used Z-score

to normalize the data in each patient data.

8.3.4 Surprise Loss

The surprise loss (SL) is a temporal-model-based feature [132], which calculates the
difference between the forecast error, i.e., out-of-sample error, and the in-sample
performance of a dynamic model.

The original paper [132] used a univariate linear dynamical model, whereas, in
this study, we used a State-Space Model (SSM) [139, 140], as it allows us to calculate
SL in a multivariate procedure. In other words, this class of model is able to unravel
the hidden processes from the multiple observables/variables to model two sources of
variability.

SSM hierarchically models the data with hidden states that generate observables. In
the context of clinical time-series and bio-signals analysis, the hidden states can be

regarded as the underlying biological processes representation, and the observables
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denote the clinically measured variables. The observables in our SSM are defined as
linear combinations of hidden random states. Such a model embodies the variations in
the biological processes and a measurement noise term. The variations due to biology
are modeled by adding a stochastic term to the hidden states, whereas the noise term
is added to the observables. Both terms are presumed to follow a multivariate normal
(MVN) distribution. Below, we can see the formulation of the described SSM model:

Ty = Ty1 + wy where wy ~ MV N(0,Q), yo ~ MV N(m, N) 21

Yy = Zxy+a+ v, where v, ~ MV N(0, R) (8:1)
Where y is an n x T matrix of n observables (raw signals) and T is the length
of the observables; x is an e x T matrix of hidden states, where e is the number of
hidden trends; and w is an e x T" matrix of the hidden states error. As a general rule,
n > e. The hidden states error at time ¢ follows an MV N distribution with mean
0 and e X e covariance matrix (); v is an n x T matrix of observation error. Similar
to w, the observation error at time t follows an MVN distribution with mean 0 and
n X n covariance matrix R; Z is an n X e parameter matrix; a is a vector of offsets;

7 is a matrix of e X 1 means; A is an e Xe covariance matrix.

We symbolized the set of parameters in a packed form as 0 = (Q, R, Z, y1....r, 7, A),
and their estimate is 6. U; and 74, are the estimate and A-step-ahead forecast,
respectively, of the given signals y;.

As expressed at the beginning of this section, SL is the quantified dissimilarity between
the dynamic model (here SSM) forecast error and the in-sample error of the model
performance. The forecast error, i.e., the out-of-sample error, estimates the model’s
implementation quality in predicting the data points that are not used for fitting,
While the in-sample error quantifies the overall deviation of the fitted values from the
actual data used for model fitting. A high out-of-sample error compared to the in-
sample error indicates an inconsistency of the model in forecasting the future, which
suggests the presence of instability in the system’s dynamic. In this sense, the model
fitting accuracy is not a matter of importance but rather its consistency in predicting
the future. We defined a loss function based on the characterized errors difference in
a moving window to detect such unstable regions in the time series. In contrast to the
original idea of SL [132], where the significance of such breakdowns in time series was
statistically analyzed, our objective is to detect the intensified SL values as an early
indicator of transitions in temporal data for further analysis. This idea proposes

SL as a technique similar to structural breaks or tipping points analysis methods
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[141, 142|, with the additional advantage of being robust to model misspecification.
For example, SSM model, like many other dynamic models, may not necessarily show
an accurate fit and a good representation of the underlying disease dynamic; while
SL by quantifying the deviation between in-sample and out-of-sample performance of
the model and not depending on model parameters or error variances, address such

misspecifications of the model.
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Figure 8-2: A schematic diagram for the calculation of SL, SLMean, and t,,,,. The SSM was
fitted with a moving time window of length m (as shown in blue) and the SL was computed. A
second sliding window of length § was used to compute the SLMean (as illustrated in green). The
T denotes disease onset in septic shock patients and it represents the time of discharge or death in
non-sepsis patients. The t,,,, denotes the time index of the highest SLMean and it was used in
our data-sampling approach [37]

Using a moving window with a length of m, we fitted the SSM model on the
data within the window with the time indices tm + 1,...,t. yi° represent the data
variables of patient ¢ with the clinical condition ¢ at time index ¢, and 7" is the length
of the whole patient time series data. Afterward, we used a quadratic loss function
to calculate the averages of the squared differences between the estimated and the

actual values, as follows:

L0 = = 3 (wk)is — (k)2 (3.2)
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where :L‘(k‘);c is the k™ element of column vector xéc Likewise, the out-of-sample
error is a quadratic loss function that averages the squared dissimilarities between

the \-step-ahead forecast and the actual future data value:

n

LealBi) = S k) — 1)) (8.3

k=1

A

Consequently, SL can be formulated as the subtraction of L;,(6;°) and the average

of L;(fi) along the window axis m:

4 . 1 < . .
SLy\ = Lipa(0y) — - Z L;(6;) for t=m,...,T"" =\ (8.4)

Jj=t—m-+1

In addition, we applied a moving average filter (with a size delta) to make calculated
SL less sensitive to short-term fluctuations due to sudden changes like monitoring

errors. As a result, SLMean can be defined as:

. .
. SL .
SLMeany = E - for t=m-+4,...,T" (8.5)
jot—(mi)+1 7

Given patient ¢ with the clinical condition ¢ (in our case, septic shock), a relatively
high SLMean! can imply a temporal transition to the disease state. We can deter-
mine the transition time by capturing the occurrence time of SLMean’ maximum

A schematic of SLi, SLMean's ,and tic__ calculation is il-

and denote it as ti mag

max*

lustrated in figure 8-2. Figure 8-7 depicts a simulated example of SLMean using
synthetic data.

8.3.5 Data-sampling strategy with SLMean

One of the main steps in implementing machine learning models to study sepsis is
proper feature/variable selection.

This section shows how sampling data at tipping points derived from the SL
calculation can distinguish septic patients from non-sepsis groups and can be used as a
strategy for selecting the proper variables for further machine learning-based analysis.
It should be noted that the data sampling is merely based on the SL calculation and
is independent of the patient’s clinical condition. The clinical condition is taken into
account in the successive statistical test.

For this purpose, we picked the variables’ data at the critical transition points
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Figure 8-3: An example of SLMean calculation from a synthetic dataset that was generated by
concatenating 50 points, drawn independently from three univariate normal distributions with
different means (5, 10, 15) and a standard deviation of 0.5. Computed with a moving time window
of length 30 and the number of hidden states set to 1, the magnitude of SL intensified at the 50t"
and 100" time-points, where the parameters of the data-generating process changed [37].

(tmaz) and defined them as an n x v matrix S¢ = [y,° ..., y;° ] where ¢ € {0,1}
denotes the non-sepsis and septic shock conditions, and v is the whole number of
patients. After that, we performed a Wilcoxon rank-sum test (See Sect. 5.1.1) on

each variable, which resulted in the corresponding p-value as shown below:

p= (pval(S% S1), ..., pval(Sy, Si)) (8.6)

The computed p-value can be described as the significance of the variable in differenti-
ating the two patients groups (septic shock and non-sepsis). Figure 8-4 demonstrates

the schematic of the statistical test workflow.

8.3.6 Bootstrapping

We presented a bootstrap test to assess the superiority of the SL-based sampling
strategy over random data sampling. In this sense, the bootstrap test compares the
p-values obtained from the statistical test performed on the critical transition points’
data to the p-values resulting from random points in the time series. For a randomly
picked time index ¢ with its corresponding observation g, where t € (1,T%), the
trandom P-values were computed by replacing t,,,, with t. The bootstrap test was
repeated R times.

After R times iteration of the bootstrap test, we calculated the frequency of times

where t,,,, p-values were more significant t,4,40m p-values and expressed it as boot-
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Figure 8-4: A schematic representation of our data-sampling approach utilizing our method has
been presented. Critical transition points, defined as the time of the highest SLMean, were selected
from both septic shock and non-sepsis patients. The statistical significance of the changes in
variables was assessed through the application of the Wilcoxon rank-sum test [37].

strap frequency (BF'). Therefore, A high BF implies that the SL-based data sampling
outperforms the random approach. Additionally, to evaluate the impact of random
sampling from the proximity of the septic shock onset, we calculated BF on randomly
selected data of septic patients from two time intervals, 36 hours and 18 hours, before

the annotated onset of the disease.

8.3.7 Autocorrelation and variance as early-warning signals

There exist other indicators of state transition in the dynamics of the systems. For
example, Scheffer et al. [24] hypothesized that increasing autocorrelation and variance
indicate the proximity to such transitions. To assess the performance of SL concept,
we computed these two warning signals and compared the results with the outcomes
from SL method. These measures are both univariate (See section X); therefore, to

implement them on multivariate time series, we formulated them as follows:

N
) 1 ) )
ACT; = > AC(y(k)p)e  for t'=m,... T" (8.7)
k=1
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N
VAR = N E Var(y(k)y)' for t'=m,...,T" (8.8)
k=1

where AC' and Var are autocorrelation and variance functions. y(k) denotes the
value of variable k in a moving time window with length of m, where ¢’ shows the
time indices in the window from ¢t —m+1 to t. The first coefficient of auto-correlation
AC 11? and variance VAR;? were calculated by averaging over N variables. ¢ denotes
the patient i with clinical condition ¢, and T is the length of the corresponding time

series.

8.4 Results

8.4.1 SLMean as an early-warning indicator

We computed the SLMean' in a moving window manner as described in section X,
with the following parameters: m = 36, i.e., 18 hours; e = 3; A-step-ahead = 1, i.e., 30
minutes; § = 6, i.e., 3 hours. As to illustrate, Figure 8-5 demonstrates the calculated
SL and SLMean in one patient. A higher out-sample error than in-sample error is
reflected in a positive SLMean!® value and indicates potential state transitions in the
underlying dynamics.

To assess the overall SLMean trend in the septic cohort, we computed the average
value and standard deviation of SLMean'<=!, ... SLMean™<=! (where N is the total
number of septic shock patient encounters and ¢ = 1 is the septic-shock cohort index)
along the time axis before the onset of the septic shock (See Fig. 8-6), where an
intensification of the mean value SLMean in the proximity of the annotated onset
time (time zero) can be seen. As described in section X, we calculated the mean value
of VAR, ..., VARNe and AC1', ..., AC1"e and similarly calculated the average and
standard deviation values across time. As shown in figures 8-7a and 8-7b, in contrast
to SLMean, we could not observe any substantial variation in these two indicators
prior to the disease onset.

To estimate the power of SLMean in identifying the critical transition to the
disease state, we located the time of the of S LM ean maximum value (denoted as ¢4z )
(See section X). Figure 8-8 displays the distribution of t,,,, in septic patients. In a few
cases, the maximum value of SLMean arose precisely at the onset time, indicating
the SL model’s inability to predict onset time before rule-based methods. However, in

most cases, t,,q, occurred from 30minutes to several hours before the disease onset.
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Figure 8-5: The changes over time in a set of variables used in the present study and the
corresponding calculated SLMean's of a sample septic patient before the onset of septic shock
(violet line). The SLMean‘ is computed over a moving time window (m = 36, i.e., 18 hours; e =
3; A-step-ahead = 1, i.e., 30 minutes; § = 6, i.e., 3 hours). The red line exhibits the time location
(tie ) of the largest SLMean's (i.e., the critical transition point) [37].

In 60% of the patients, the maximum value of the SLmean appeared less than 48
hours before the onset time, while in other patients, the t,,,, was detected beyond
the onset time. It can be explained by the lack of records or a low sampling rate of
variables a few days before the onset of septic shock, resulting in a weak SLMean
signal. On average, the highest value of SLMean happened 46 hours (median of
35.6 hours) prior to the septic shock annotated onset time. In comparison, Henry et
al.[124] reported a median of 28.2 hours.

A visual assessment of the mean and standard deviation of SLMean along the time
axis, reveals a notable upward trend starting 24 hours before the septic shock onset.
Although it looks contradictory to the 35.6 hours median of ¢,,,., elevated SLM eans
(not necessarily highest) in the proximity of onset time in most patients caused such

intensification in the average trend.
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Figure 8-6: a) Componentwise mean (red dots) and + standard deviation (blue lines) of SLMean
of all septic shock patients prior to disease-onset, b) Componentwise mean of SLMean for all septic
shock patients prior to disease-onset [37]

8.4.2 Robustness of the SL calculation

We assessed the uncertainty in SL calculation due to the SSM model parameter
alteration. We examined two other moving window lengths (m € (24, 30)) considering
average variables sampling rate (see Table 8.1). We also picked the two values of
(e € (4,5)) based on the presumptions described in Sect. A similar procedure was
performed to calculate SLMeans and t,,,, using the new parameters, respectively,
and the obtained results were compared to the results of the reference parameters
(m = 36 and e =
divergence in t,,,,, where the median deviation is 0, and the interquartile range
(IQR) is 5.4 hours. Figure 8-9 shows the distributions of differences in calculated

tmaz for each parameter compared to the reference parameters. Although the near-

3) described in the previous section. Our results exhibit slight

zero interquartile range indicates a negligible effect of the parameter selection on the
SL calculation, we can observe several outliers resulting from multiple high values
of SLMeans in some patients, which contributes to the change of t¢,,,, due to the

parameter perturbation.

8.4.3 SLMean-based data-sampling strategy

We performed the statistical test described in section X between the variables value
samples at t,,,, in septic patients and non-septic cohorts and calculated each variable’s

corresponding p-values. Then in a bootstrap approach, we compared the obtained
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Figure 8-7: Componentwise mean (red dots) and £ standard deviation (blue lines) of a) ACI and
b) VAR of all septic shock patients prior to disease-onset [37]

p-values with p-values resulting from the sampling of variables from random time
points in 1000 iterations. Next, according to the formulation in section X, the ratio
of times (Bootstrap frequency) that the p-values from t,,,, data sampling are more
significant than the random sampling p-values was calculated and denoted as BFSL.
Similarly, we found the bootstrap frequency of all variables for AC1 and VAR. Table
8.2 demonstrates the superiority of BFSL in 14 out of 19 variables.

Additionally, to test whether the random sampling in the proximity of septic sock
onset outperforms SLMean in cohorts differentiation, we performed the bootstrap
test by sampling the data from 36 and 18 hours windows prior to the disease onset.
The obtained bootstrap frequencies were denoted as BF (18hours) and BF(36hours)
and compared with the bootstrap frequency of the whole data, denoted as BF(Full).
Figure 8-10 shows large BF'(Full) in most of the variables (15 out of 19), which
indicates the data sampling at the highest SLMean lead to more significant p-values
in discriminating septic groups from non-septic. However, by random sampling close
to the annotated onset time, we observe a notable drop in the bootstrap frequency
of six variables (WBC, diastolic blood pressure, Hemoglobin, SpO2, creatinine, and
BUN). On the other hand, nine variables (respiratory rate, heart rate, potassium,
mean blood pressure, hematocrit, shock index, temperature, BUN-creatinine, and

systolic blood pressure) show no remarkable change in their Bootstrap frequencies.
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8.5 Discussions

In this clinical time series analysis application, we focused on the prediction and iden-
tification of unstable regions and critical transitions in a complex dynamic system.
We believe that our findings complement the established scoring techniques in classi-
fying the stable states as they offer a personalized assessment of the health status. In
contrast to such scores based on absolute variable values, critical transitions mark-
ers are determined through the evolution of individual time series and are relatively
robust to normalization and data missing values problems.

To identify such critical transitions in clinical time series, we employed the concept
of surprise loss (SL), which was initially devised for instability identification of econo-
metrics univariate forecast models based on the indifference between the in-sample
error of the fitted model and the forecast error. In order to make the concept com-
patible with multivariate time series data of ICU patients, we utilized a multivariate
SSM model as a representation of two sources of variability, i.e., the hidden underlying
biological trends and the observed data. Given the calculated SL from SSM model,
we introduced an early warning signal, namely, moving average SL, which showed an

increasing sign of instability roughly 24 hours before the rule-based annotated onset
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Figure 8-9: The robustness of our procedure was examined by calculating SL of septic patients (c
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tic (ref) shows the effect of number of trends on ti, . [37].

of the septic shock.

Moreover, we designed a critical-transition-based data-sampling strategy for dis-
tinguishing septic shock from non-sepsis patients using the average SL. WE showed
through a statistical bootstrap test the advantage of our method compared to a ran-
dom data selection strategy, where in general, the SL-based technique leads to more
acceptable p-values and BF(Full) than the random strategy. To estimate whether
sampling data in proximity of the septic shock onset surpasses our approach in dis-
criminating sepsis from non-sepsis, we applied the bootstrap sampling approach on
selectively sampled random data from 36 hours and 18 hours before the beginning
of septic to calculate BF'(36h) and BF(18h), respectively. The BF results showed
the consistency of the former result (random selection from the whole time series)
for most of the variables. Specifically, some variables, such as blood pressure and
body temperature, displayed significant differentiation p-values compared to random
sampling. This finding can be explained from a systems theory point of view, where
we expect the collapse of mechanisms that control the system in homeostasis close
to a critical transition or unstable point. Hence, variables under tight control within
stable states may show more sensitivity to systemic volatility around a tipping point.

Additionally, we compared our method outperformed two other univariate early-
warning indicators of critical transitions in dynamic systems: autocorrelation and

variance [24, 143, 117]., and demonstrated that SL model outperformed these two
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Variable BF (SL) BF (AC1) BF (VAR)

BUN 0.98 0.88 0.95
BUN-Creatinine 1.00 0.20 0.43
Creatinine 0.94 0.98 1.00
Hemoglobin 0.86 0.85 0.07
Hematocrit 0.99 0.81 0.09
Shock Index 0.99 0.03 0.72
Respiratory Rate 0.75 0.82 0.61
Heart Rate 0.75 0.09 0.62
Systolic BP 1.00 0.03 0.40
Bicarbonate 0.1 0.89 1.00
Platelets 0.35 0.15 0.08
Temperature 0.99 0.86 0.93
Urine Output 0.20 0.97 0.66
WBC 0.75 0.97 1.00

Mean BP 0.97 0.05 0.37

SpO2 0.91 0.89 0.71

Diastolic BP 0.85 0.06 0.57
Sodium 0.42 0.34 0.16
Potassium 0.82 0.04 0.13

Table 8.2: A statistical significance test (see Sect. 8.3.5) was performed to test whether the values
of clinical variables at largest SLMean, AC1 and VAR were able to statistically differentiate septic
shock patients from non-sepsis patients, and a bootstrap test was performed to calculate the
fraction of replications where the t,,ax p-values were less than the p-values from a random
sampling. The columns of the table show the result achieved by each variable: BF (SL), BF (AC1)
and BF (VAR). The highest BF for each clinical variable is shown in red [37].

measures in signaling the critical transition in the patients with septic shock. We also
performed the statistical bootstrap test on the signals from these two indicators and

showed their underperformance compared to our model.

Conceptually, we hypothesized that the underlying system has a stationary state.
Therefore, all observed variations in the computed SL are due to the reactions to
stochastic perturbations, where the system’s robustness controls the deviation at the
time of SL estimation. Consequently, we can describe SL deviations as a "loss of
stability" indicator in a temporal system, even before a state shift, and compare it to
the critical slowing down analysis indicators [143]. However, it should be noted that
such deviations in SL value may neither indicate a transition to another state nor
an already developed new state. This is due to the fact that an increased SL might
appear by any impulsive event impacting the data, either the monitoring system
aberrations or health-related covariates. Therefore, using a high SL value as the only

threshold for building a warning system might lead to false alarms. Hence, robust
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Figure 8-10: A bootstrap test, performed by randomly sampling points from 18 hours and 36 hours
windows prior to the onset of septic shock, tested whether low p-values at t,,,, are an effect of
time or a characteristic of regions with high SLMean values [37].

characterization of the standard SL patterns using the Machine learning models is
crucial for transferring the technique to clinical applications. Another restrictive
aspect of this strategy is the necessity of collecting sufficient data to perform the

computation and obtain reliable results.



Summary and Outlooks

With the advances in data recording, collection, and storage technologies, we can
name the new century the era of Big Data. From transport to financial markets,
advanced research to computer games, enormous data generation and analysis, and
drawing meaningful findings are revolutionizing their respective industry. The med-
ical area is no different, with big data improving all aspects of healthcare, including
drug development, treatment, and patient monitoring. Continuous monitoring sys-
tems by means of wearable or clinical monitoring systems record millions of data
points per hour which are impossible to be monitored or processed manually. In
addition, longitudinal clinical data such as prescriptions history and laboratory test
results are collected extensively. Consequently, Computational models and machine
learning algorithms have enabled learning mechanisms of biomedical processes from
such temporal data, which can benefit individuals’ health and comfort. Nevertheless,
the analysis of clinical temporal data is enormously affected by data acquisition and
quality issues such as heterogeneous sampling rates, systematic and random errors,
and missing values.

Data preprocessing and feature extraction are the standard steps that must be
followed in time series data analysis to address these issues and perform reliable
consecutive modeling. In this thesis, we introduced and developed a Python package
named CMDA as an easy-to-configure platform for time series data research, enabling
various data wrangling methods execution and delivering ready-to-use data for further
machine learning analysis. The package is built in a modular fashion, which offers
tools for importing multiple time-series data, filtering, and feature extraction using
several built-in functions, which can be implemented in a pipeline. Additionally,
its capability to embed user-defined functions into the pipeline distinguishes it from
similar packages.

After describing the core components of the package and defining the built-in

functions used in the denoising and feature extraction modules, we showed three use
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cases where we implemented different modules of the package in the time series data

analysis.

The first use case addresses the performance of the workflow in reading thousands
of high-resolution ECG signals and transforming them into various features, including
entropy parameters, spectral features, and wavelet features. A classification model
followed the feature extraction step. The performance of the two sets of feature data
(spectral and entropy features as one set and stationary wavelet features as another
set) was explored in classifying the attributed diagnostic classes of ECG records using
a random forest classification approach. Moreover, we discovered the features that
significantly differentiate one diagnosis class from the rest of the diagnosis labels. We
used an ensemble clustering method to explain the labels’ misclassification of one
of the diagnosis classes in the classification process. Finally, we employed the same
clustering approach to find groups within the data and fit the individual classification
model to each cluster. This hybrid strategy could improve the classification perfor-
mance and make it comparable to the state-of-the-art complex deep neural network

methods but with a remarkably lower effort and computation time.

The second section of the use cases results showed the heart rate variability (HRV)
study of a small group of type 2 diabetic patients who underwent simultaneous contin-
uous interstitial glucose (IG) and electrocardiogram monitoring for seven days. This
case represents an example of multivariate time series data with different sampling
frequencies of heart rate and IG level, as well as the irregular sampling rate issue
of the heart rate. The workflow was utilized to denoise the data and extract time-
and spectral-domain heart rate features in a sliding window manner to synchronize
the heart rate sampling frequency with the IG level. The generated feature data
suggest that relative hypoglycemic and hyperglycemic IG levels in patients with type
2 diabetes may be more relevant than absolute glucose levels in explaining the oc-
currence of bradyarrhythmia episodes in these patients. Additionally, we discovered
the differentially expressed HRV features during the bradycardia events. Finally, we
built a classifier to predict the risk of bradycardia in these patients by classifying the
feature windows in the proximity of the arrhythmia episodes (risk zones). The results
showed a satisfactory accuracy of the classifier in contrasting the risk zones from the
normal points; however, as arrhythmias are represented as rare events, the achieved
precision is not adequate for employing the model in practice, indicating the necessity

of adding other factors (e.g., insulin level, diet) in the model.

As the final part of the results and the third use case, a state-space model-based

feature, known as surprise loss (SL), was proposed to discover data-driven indicators of
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critical transitions in a multivariate time series dataset of septic shock and non-sepsis
patient cohorts in an ICU setting. In this study, our toll can be used for windowing
and handling enormous missing values in the data. The core idea of SL is to train
a mathematical model on time series in an unsupervised fashion and quantify the
deterioration of the model’s forecast (out-of-sample) performance relative to its past
(in-sample) performance. The retrospective analysis revealed that critical transitions
occurred hours before the onset of septic shock, suggesting the method’s applicability
as an early-warning indicator. Furthermore, the model demonstrated its applicability
as a sampling strategy method by identification of highly expressed features (here,
lab parameters) at the transition points.

Combined, the findings presented in this thesis showed the capacity of the intro-
duced package in temporal data abstraction using a methodical feature extraction
scheme. The developed workflow offers a robust structure to achieve fast and reliable
results. Nevertheless, like any other analysis tool, the package has its limitations,
and we believe there is room for further development and improvement. However,
with its modular design, we encourage scientists and developers to add components
and broaden the package’s usability in various aspects of time-series analysis. For
example, the package offers no tool for preparing the required data structure that can
be utilized in recurrent neural networks. Furthermore, with the evolution of convolu-
tional neural networks (CNN) concepts and their application in image processing, the
idea of transforming high-resolution temporal data into images and applying CNNs
has become prevalent in the deep learning community [144, 145, 146, 147]. Therefore,
we suggest embedding a signal to image conversion module to the package as one of

the future development scopes of the package.
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Appendix A

A.1 Data Importer Module

Data importer (cmda.import_data), the first component in the pipeline, offers tools
for loading multiple CSV files from a server or local disk into the python coding en-
vironment (cmda.import_data.ImportCSV). It must be take into account that the
CSV files must contain signals as columns and temporal instances as rows.

The importer module also supports importing DAT files directly from Physionet
databases (cmda.import_data.ImportWFDB).

The importer functions can save computation time by parallelizing the data loading
process. Moreover, in the case of a very long time series, if windowing a segmen-
tation is required, A rolling window importer function performs the time binning
with a defined window length and step size and distributes each window’s importing
process on available nodes in parallel mode. Users can access the rolling window
via cmda.import_data.RollingWindowCSV. library has handful modules to import

continuous data from local disk or Physionet databases.

A.2 Preprocessing Module

cmda.preprocessing.Filters is a tool for applying different filters and outlier re-
moval functions on a numeric signal. User can select from a number of built-in filters,
through a dynamic attribute of the Filters object, called .add that gives the user

access to the following functions:

Feature function Feature Description
rm_outlier Remove Outlier | Removing outliers based on a low and high
threshold
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rm_outliers_quantile

Remove Quantiles

Removing the values in an array based on

low and high defined quantiles

butter_filter

Butterworth Filter

A predesigned Butterworth filter that can be

used as a band-pass denoisng tool

interpolate

Interpolation

A linear or cubic interpolation tool that can

be used for imputing missing values in an

array

Table A.1: Built-in preprocessing features

Moreover, user-defined filters can be added easily to the Filters object instance
via .udf.add. This functionality makes it possible to tailor the filters based on the

application.

A.3 Feature Extraction Module

cmda.feature_extraction.Features is a tool for extracting multiple features from
a numeric time series array. This library provides several ready-to-use built-in time
domain, spectral domain, nonlinear, and wavelet features that can be selected and
added to a Features object instance via .add function.

Additionally, Users can define and add their own functions to the Features object
instance via .udf.add. The available built-in function in the current version of the

package are described in the following sections.

A.3.1 Time-domain Features

Time-domain features are the signal descriptors in a time analysis span. The list of
all built-in time-domain features is shown in Table A.2. These functions are defined

using the NumPy package.

Feature function Feature Description
mean Mean See Sect. 4.1.1
max Maximum See Sect. 4.1.1
min Minimum See Sect. 4.1.1
median Median See Sect. 4.1.1
std Standard Deviation See Sect. 4.1.1
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skewness Skewness See Sect. 4.1.1
kurtosis Kurtosis See Sect. 4.1.1
P2p Peak-to-Peak See Sect. 4.1.1
rms Root Means Square See Sect. 4.1.3
zcr Zero Crossing Rate See Sect. 4.1.4
mad Mean Absolute Deviation | The median of the absolute
deviations an array. Also
called median of slopes
mns Mean Slope The mean differences of an
array

Table A.2: Built-in time-domain features

A.3.2 Frequency-domain Features

Frequency-domain features are signal characteristics in the frequency domain, which

are extracted from the Fourier transform of the signal.

The list of all built-in

frequency-domain features is shown in Table A.3. These functions are defined us-

ing the NumPy and SciPy packages.

Feature function || Feature Description

periodogram Periodogram See Sect. 4.2.1
welch Welch Periodogram See Sect. 4.2.1

mnf Mean frequency See Sect. 4.2.2

mdf Median frequency See Sect. 4.2.3

vef Variance of central | See Sect. 4.2.4

frequency
peaks Peak Frequency See Sect. 4.2.5
psr Power spectrum ratio | See Sect. 4.2.6

band_power

Band Power

See Sect. 4.2.7

band_std Band Standard Devia- | See Sect. 4.2.7
tion

band_mnf Band Mean Frequency | See Sect. 4.2.7

band_mdf Band Median Fre- | See Sect. 4.2.7

quency

Table A.3: Built-in frequency-domain features
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A.4 Entropy Features

Shannon entropy and its derivations are methods for estimating the complexity of
dynamic systems. Table A.4 shows the available entropy built-in functions in the
CMDA package.

Feature function Feature Description
entropy Shannon Entropy | See Sect. 4.3
sample_entropy Sample Entropy See Sect. 4.3.1

perm_entropy Permutation Entropy | See Sect. 4.3.2

spectral_entropy Spectral Entropy See Sect. 4.3.3

Table A.4: Built-in entropy features

A.5 Wayvelet Features

swt_features function that can return a set of time-domain and frequency-domain
of the decomposition levels coefficients (See Sect. 4.4.2). The following parameters
can be given to the function:

e Mean Frequency (mnf)

Power Spectrum Ratio (psr)

Peak Frequency (peak)
Median Absolute Deviation (mds)
Mean Slope (mns)

Shannon Entropy (see)

Permutation Entropy (perm-ent)
e Normalized Energy (nse)

The explanation of each parameter can be found in Tables A.2, A.4, and A.3.

A.6 Feature Engineering Pipeline

cmda.pipeline.Pipeline is a tool for importing, pre-processing and feature extrac-
tion of multiple records (files) in an automated manner.

User must create an importer object instance (cmda.import_data), a feature ob-
ject instance cmda.preprocessing.Features, and if required a filter object instance
(cmda.preprocessing.Filters) and feed these instances into the pipeline. The pro-

cess can be run either consecutively or in parallel using .run function.
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Appendix B

B.1 Feature Engineering

B.1.1 Feature Object

cmda.feature_extraction.Features is a tool for extracting multiple features at the
same time from a numeric signal x. One can select from a wide variety of built-in
features, as well as adding user-defined features. This functionality makes it possi-
ble to tailor the features based on the application. The following subsections show

examples of time domain, frequency domain, and user-defined feature extraction.

Import the data

We start by using sample data contains an ECG signal and ABP (Arterial Blood
Pressure) signal with a length of 10 seconds and 125 Hz sampling rate. The toy data

can be accessed from cmda.data.ecg_abp_sample.

import numpy as np

import matplotlib.pyplot as plt
from cmda.data import ecg_apb_sample

data = ecg_apb_sample ()

ecg = data["ECG"]
abp = data["ABP"]
fs = 125

t = np.linspace(l, 1 / fs, len(ecg))

fig, (axl, ax2) = plt.subplots(2, sharex=True)
axl.plot(t, ecg)

axl.set_ylabel ("ECG [mV]")

113
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16 ax2.plot(t, abp, c="red")
17 ax2.set_ylabel ("ABP [mmHg]")
15 ax2.set_xlabel ("Time [seconds]")

19 plt.show O

Listing B.1: Importing a sample data

Output:

0.4 1

0.2 A

001 AAALA LAl

—0.2 1

ECG [mV]

100 ~
90 A
80 A
70 1

60 - V

0.0 0.2 0.4 0.6 0.8 1.0
Time [seconds]

ABP [mmHg]

Figure B-1: Imported ECG and ABP sample signals

Time-domain feature extraction

In this example, we extract some built-in time-domain features of the ABP signal.
To start, we must call the cmda.feature_extraction.Features object and add the
desired features using the add function.

After adding the features, we apply the transform function to the signal and get
the features. The transform function returns the extracted features as a python
dictionary.

1 from cmda.feature_extraction import Features
2 from cmda.data import ecg_apb_sample

3
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data = ecg_apb_sample ()
x = data["ABP"]

feature = Features ()

# add built-in time-domain features
feature.add.mean ()
feature.add.max ()

feature.add.min ()
feature.add.median ()

feature.add.skewness ()

5 feature.add.kurtosis ()

feature.add.std ()
feature.add.p2p ()

feature.add.zcr (center=True)

feature.transform(x=x, fs=125)

Listing B.2: Time-domain feature extraction

Output:

{’mean’: 72.385,
’max’: 107.03125,
’min’: 53.125,
’median’: 69.53125,
’skewness ’: 0.9154627781784881,
’kurtosis’: -0.15299373030467667,
’std’: 13.268216310510619,
'p2p’: 53.90625,
Yzcr’: 42}

Listing B.3: Time-domain feature extraction output

Frequency-domain feature extraction In this part, we extract some built-in frequency-
domain features of the ECG signal. Similar to the previous example, we call the
cmda.feature_extraction.Features object, and append the desired features using
the add function.

Using the transform function returns the extracted features as a python dictionary.

from cmda.feature_extraction import Features

from cmda.data import ecg_apb_sample

data = ecg_apb_sample ()
x = data["ECG"]
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feature = Features ()

# add frequency-domain built-in features

feature.add.mnf (spectrum="ps")

feature.add.mdf (spectrum="ps")

feature.add.stdf (spectrum="ps")

feature.add.psr(spectrum="welch", int_limit_ratio=0.01)
feature.add.peaks (spectrum="welch", n_peaks=1, height=True, width=

True)

5 feature.add.band_power (spectrum="ps", low=1, high=7)

feature.add.band_mnf (spectrum="ps", low=1, high=7)

feature.transform(x=x, fs=125)

Listing B.4: Frequency-domain feature extraction

Output:

{’mnf’: 9.857968968908676,
‘mdf’: 9.0,
’stdf ’: 6.657686374206612,
’psr_0.01°: 0.1086823980353686,
’peak_freq_1’: 3.90625,
’peak_height_1’: 0.0009058970155242925,
’peak_width_1’: 4.386465062242469,
’power_[1,7]Hz>: 0.3921784430303598,
'mnf_[1,7]Hz’>: 4.277888519896743}

Listing B.5: Frequency-domain feature extraction output

User-defined feature extraction

In this section, we derive some features, including a user-defined feature from the ABP
signal. Similar to the previous example, we call the cmda.feature_extraction.Features
object, Define the feature and add them to the feature object, using add_udf function.
The transform function returns the extracted features as a python dictionary.

import numpy as np

from cmda.feature_extraction import Features

from cmda.data import ecg_apb_sample

data = ecg_apb_sample ()
x = data["ABP"]

# Define the feature
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# Please take note, that the output must be a dictionary
# ,where the keys are the extracted features
def quantile(x,low = 0.1,high =0.9):

g_low = np.quantile(x,q=low)

gq_high = np.quantile(x,q=high)

res = {"q_low":q_low, "q_high":q_high}

return res

# Call the Feature object

feature = Features ()

> # add built-in features

feature.add.mean ()

feature.add.max ()

5 feature.add.zcr (center=True)

feature.add.mnf (spectrum="ps")

# add user-defined feature

feature.udf.add(quantile)

feature.transform(x=x, fs=125)

Listing B.6: User-defined feature extraction

Output:

{’mean’: 72.385,
’max’: 107.03125,
Yzcr’: 42,
mnf ’: 2.0056974184541025,
’q_low’: -13.79125,
’q_high’: 23.70875}

Listing B.7: User-defined feature extraction output

B.1.2 Multivariate Feature Extraction

In this tutorial, we show how to extract features from a multivariate signal. In the
first example, we extract similar features from all the variables, and in the second
part, we show how to extract different features from each variable. Please read B.1.1

on how to create a feature object first. We use the same data as used in the Feature
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Object tutorial (B.1.1). The data contain two signals (ECG, ABP) with a sampling
frequency = 500.

Feature extraction with one feature object

To extract features from a dataset, we use cmda.feature_extraction.extract_features

function. First, we create a feature object with cmda.feature_ectraction.Features.

from cmda.feature_extraction import Features
from cmda.feature_extraction import extract_features

from cmda.data import ecg_apb_sample

# load the data
data = ecg_apb_sample ()

# Create the feeature object

features = Features ()

# Add built-in features
features.add.std ()
features.add.mnf ()

features.add.stdf ()

# extract eatures

res = extract_features(data=data, feature_obj=features)

print (res)

Listing B.8: Multivariate feature extraction using one feature object

Output:

{’ECG_std’: 0.0912508348533301,
>ECG_mnf’: 0.0788637517512694,
>ECG_stdf’: 0.053261490993652905,
>ABP_std’: 13.268216310510619,
>ABP_mnf ’: 0.01604557934763282,
>ABP_stdf >: 0.012480758701313835}

Feature extraction with multiple feature objects

In various real applications, extracting similar features from different signals may lead
to wrong data compression and unnecessary information. To avoid that, we show how

to create and apply signal-specific feature objects.
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from cmda.feature_extraction import Features
from cmda.feature_extraction import extract_features

from cmda.data import ecg_apb_sample

# load the data
data = ecg_apb_sample ()

# Create the feature object for ECG signal

ecg_features = Features ()

# Add built-in features
ecg_features.add.mnf ()

ecg_features.add.stdf ()

; # Create the feature object for ECG signal

abp_features = Features ()

# Add built-in features
abp_features.add.mean ()
abp_features.add.std ()
abp_features.add.max ()

abp_features.add.min ()

# Create the feature object as a dict

; features = {’ECG’:ecg_features, ’ABP’:abp_features}

# extract eatures

res = extract_features (data=data, feature_obj=features)

print (res)

Listing B.9: Multivariate feature extraction using one feature object

Output:

{’ECG_mnf ’: 0.0788637517512694,
’ECG_stdf >: 0.053261490993652905,
ABP_mean’: 72.385,
>ABP_std’: 13.268216310510619,
>ABP_max’: 107.03125,
>ABP_min’: 53.125}%}
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B.1.3 Feature Extraction Pipeline

This tutorial shows how to implement cmda.pipeline.Pipeline to extract fea-
tures from a Physionet WFDB. We extract features from the ECGRDV(Q database.
The database contains 5232 extracted 10-second standard 12 lead ECG segments.
The meta-data of the database (ecgrdvq_metadata), which is a dictionary consist-
ing of the record names record_name and their corresponding public directories
public_dir, is available in cmda.data.wfdb. The pipeline includes importing the
data, applying filters to the records, and feature extraction from records. To im-
port the data from Physionet WFDB, we use the cmda.read_data.ReadWFDB. We
create the filtering object by cmda.filter.Filters and create the feature object
by cmda.feature_extraction.Features. A detailed tutorial on creating feature

objects can be found in B.1.1.

from cmda.data.wfdb import ecgrdvq_metadata
from cmda.read_data import ReadWFDB

from cmda.preprocessing import Filters

from cmda.feature_extraction import Features

from cmda.pipeline import Pipeline

# Load the meta-data

metadata = ecgrdvq_metadata ()
# get the record names and their corresponding public directories
record_names = metadata[’record_name’]

public_dir = metadata[’public_dir’]

# Build the importer object using ReadWFDB

5 # Set the channels to ["II",’V1’] to import these channels

exclusively.

; importer = ReadWFDB(record_names=record_names, public_dir=public_dir

, channels=[’II’,’V1°])
# Create the filter object and add a buuterworth low-pass filter
filter_obj = Filters ()

filter_obj.add.butter_filter (cutoff=60, btype="lowpass")

# Create the feature object

3 feature_obj = Features ()

feature_obj.add.mnf ()
feature_obj.add.mdf ()

; feature_obj.add.psr ()
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feature_obj.add.stdf ()

feature_obj.add.peaks (n_peaks=1,spectrum=’welch’,height=False,width=
False ,nperseg=512)

feature_obj.add.band_power (low=0.6, high=2,spectrum=’welch’)

feature_obj.add.band_power (low=2, high=4,spectrum=’welch’)

feature_obj.add.band_power (low=4, high=6,spectrum=’welch’)

feature_obj.add.band_power (low=6, high=10,spectrum=’welch’)

33 feature_obj.add.band_power (low=10, high=15,spectrum=’welch’)

feature_obj.add.band_power (low=15, high=30, spectrum=’welch’)

; # Build the pipeline

ecgrdvq_pipeline = Pipeline (importer=importer ,features=feature_obj,
filters=filter_obj)

# Run the pipeline
# Set the dataframe_output to True, to get the extracted as a Pandas

dataframe
# n_jobs set the number of cpu cores for parallel feature extraction

res = ecgrdvq_pipeline.run(n_jobs=4, dataframe_output = True)

Listing B.10: Multivariate feature extraction using one feature object

Output:

Running the pipeline on 5232 instances...
100% CHITEEEITEIITrIll 5232/5232 [00:05<00:00, 2.23it/s]

finished!

The required time for parallel running the above pipeline was around 2640 seconds
for a PC with a 3,5 GHz Dual-Core Intel Core i7 processor and 16 GB 2133 MHz
LPDDR3 memory. The process included retrieving the data from Physionet data

servers too.
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Appendix C

C.1 NORM classification

Cluster Metric

Accuracy AUC Precision Recall F1
0.93 0.96 0.91 0.96 0.94
0.87 0.94 0.83 0.92 0.87
0.92 0.97 0.90 0.94 0.92
0.94 0.98 0.91 0.98 0.94

= w N = O

Weighted Average 0.92 0.96 0.89 0.95 0.92

Table C.1: |
Extracted SWT features data of ECG records were clustered using the consensus
clustering method. A One-vs-All Random Forests model was employed in a
bootstrapping fashion to classify NORM records. Classification metrics of NORM
prediction in individual clusters, as well as the average weighted metrics were
computed, given K=5.

Accuracy 0.923917 AUC 0.972727 Precision 0.899996 Recall 0.955063 F1 0.926470

C.2 HYP classification

123
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Cluster Metric

Accuracy AUC Precision Recall F1
0.81 0.87 0.77 0.88 0.82
0.84 0.91 0.81 0.89 0.85
0.84 0.92 0.80 0.92 0.86
0.93 0.97 0.89 0.98 0.94
0.98 1.00 0.97 0.99 0.98

Weighted Average 0.87 0.93 0.84 0.93 0.88

=W N = O

Table C.2: |
Extracted SWT features data of ECG records were clustered using the consensus
clustering method. A One-vs-All Random Forests model was employed in a
bootstrapping fashion to classify CD records. Classification metrics of CD
prediction in individual clusters, as well as the average weighted metrics were
computed, given K=5.

Cluster Metric

Accuracy AUC Precision Recall F1
0.87 0.93 0.88 0.85 0.86
0.88 0.95 0.87 0.89 0.88
0.87 0.94 0.84 091 0.87
0.92 0.96 0.89 0.95 0.92
0.95 0.97 0.92 0.99 0.95

Weighted Average 0.89 0.95 0.88 0.92 0.89

=W N = O

Table C.3: Extracted SWT features data of ECG records were clustered using the consensus
clustering method. A One-vs-All Random Forests model was employed in a bootstrapping fashion
to classify HYP records. Classification metrics of HYP prediction in individual clusters, as well as

the average weighted metrics were computed, given K=5.

Cluster Metric

Accuracy AUC Precision Recall F1
0.84 0.92 0.82 0.86 0.84
0.87 0.94 0.83 0.93 0.88
0.86 0.93 0.82 0.93 0.87
0.92 0.95 0.88 0.98 0.93
0.94 0.97 0.90 0.99 0.94

Weighted Average 0.88 0.94 0.84 0.93 0.88

= w N = O

Table C.4: Extracted SWT features data of ECG records were clustered using the consensus
clustering method. A One-vs-All Random Forests model was employed in a bootstrapping fashion
to classify MI records. Classification metrics of MI prediction in individual clusters, as well as the

average weighted metrics were computed, given K=5.
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Cluster Metric

Accuracy AUC Precision Recall F1
0.83 0.92 0.85 0.80 0.82
0.87 0.94 0.83 0.93 0.88
0.88 0.94 0.83 0.95 0.89
0.93 0.97 0.89 097 0.93
0.95 0.98 0.91 099 0.95

Weighted Average 0.88 0.94 0.85 0.94 0.89

=W N = O

Table C.5: |
Extracted SWT features data of ECG records were clustered using the consensus
clustering method. A One-vs-All Random Forests model was employed in a
bootstrapping fashion to classify STTC records. Classification metrics of STTC
prediction in individual clusters, as well as the average weighted metrics were
computed, given K=5.
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Appendix D

Non-Sepsis (6236)

Septic Shock (630)

Female

Male

Female

Male

Number of patients

Age

In-hospital mortality

Infectious and parasitic diseases

Neoplasms

Endocrine, nutritional and metabolic dis-
eases, and immunity disorders

Diseases of the blood and blood-forming or-
gans

Mental disorders

Diseases of the nervous system

Diseases of the sense organs

Diseases of the circulatory system

Diseases of the respiratory system

Diseases of the digestive system

Diseases of the genitourinary system
Complications of pregnancy, childbirth, and
the puerperium

Diseases of the skin and subcutaneous tissue
Diseases of the musculoskeletal system and
connective tissue

Congenital anomalies

Certain conditions originating in the perina-
tal period

Symptoms, signs, and ill-defined conditions
Injury and poisoning

External causes of injury and supplemental
classification

2700 (43.29 %)

63.18 + 18.76 (185)

629 (23.30 %)
243 (9.00 %)
484 (17.93 %)
1783 (66.04 %)

815 (30.19 %)

864 (32.00 %)
659 (24.41 %)
223 (8.26 %)
2139 (79.22 %)
1076 (39.85 %)
885 (32.78 %)
705 (26.11 %)
17 (0.63 %)

144 (5.33 %)
661 (24.48 %)

128 (4.74 %)
0 (0.00 %)

779 (28.85 %)
824 (30.52 %)
1662 (61.56 %)

3536 (56.70 %)
60.91 + 16.03 (86)
705 (19.94 %)

305 (8.63 %)

549 (15.53 %)
2283 (64.56 %)

758 (21.44 %)

920 (26.02 %)
701 (19.82 %)
181 (5.12 %)
2931 (82.89 %)
1118 (31.62 %)
1052 (29.75 %)
880 (24.89 %)
0 (0.00 %)

147 (4.16 %)
405 (11.45 %)

147 (4.16 %)
0 (0.00 %)

835 (23.61 %)
1107 (31.31 %)
2114 (59.79 %)

250 (39.68 %)
65.56 + 15.18 (4)
160 (64.00 %)
163 (65.20 %)

49 (19.60 %)

189 (75.60 %)

151 (60.40 %)

81 (32.40 %)
84 (33.60 %)
24 (9.60 %)
225 (90.00 %)
205 (82.00 %)
164 (65.60 %)
186 (74.40 %)
0 (0.00 %)

50 (20.00 %)
46 (18.40 %)

13 (5.20 %)
0 (0.00 %)

145 (58.00 %)
197 (78.80 %)
170 (68.00 %)

380 (60.31 %)
64.74 + 15.38 (4)
248 (65.26 %)
241 (63.42 %)

91 (23.95 %)

290 (76.32 %)

210 (55.26 %)

98 (25.79 %)
124 (32.63 %)
23 (6.05 %)
345 (90.79 %)
313 (82.37 %)
243 (63.95 %)
278 (73.16 %)
0 (0.00 %)

88 (23.16 %)
61 (16.05 %)

13 (3.42 %)
0 (0.00 %)

227 (59.74 %)
289 (76.05 %)
269 (70.79 %)

Table D.1: Demographic data of our septic shock and non-sepsis cohorts. According to MIMIC-ITI
documentation, date of birth has been shifted for patients older than 89. The median age for such
very old patients was 91.4. When calculating mean age of the individual groups, very old patients’
age (count of such patients indicated in parenthesis) was set to 91.4. The major categories of
disease was based on ICD9
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Figure D-1: Median (dots) and median deviation (lines) of variables in septic shock patients (red)
and non-sepsis patients (blue). T is the length of time series, and ¢ — T is the time before the
onset of septic shock in septic patients or the time before discharge/decease in non-sepsis patients.
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Figure D-2: Median (dots) and median deviation (lines) of variables in septic shock patients (red)
and non-sepsis patients (blue). T is the length of time series, and ¢ — T is the time before the
onset of septic shock in septic patients or the time before discharge/decease in non-sepsis patients.
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onset of septic shock in septic patients or the time before discharge/decease in non-sepsis patients.
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Figure D-4: Median (dots) and median deviation (lines) of variables in septic shock patients (red)
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Figure D-5: Median (dots) and median deviation (lines) of variables in septic shock patients (red)
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