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Kurzfassung

In vielen medizinschen Anwendungsbereichen werden durch die Analyse medizinischer Zeitreihen-
daten wertvolle Erkenntnisse fiir Forschung und klinische Praxis gewonnen. Oftmals wird dabei die
Ahnlichkeit zwischen Zeitreihen untersucht, um diese zu klassifizieren. Medizinische Zeitreihendaten
konnen jedoch zeitliche Variationen aufweisen, die bei der Ahnlichkeitbewertung in vielen Anwen-
dungsbereichen beriicksichtigt werden miissen.

Die Dynamische Zeitnormierung (DTW) misst die Ahnlichkeit zwischen Sequenzen und beriicksich-
tigt zeitliche Verschiebungen und Unterschiede in den Sequenzldngen.

In dieser Bachelorarbeit haben wir DTW als Distanzmetrik zur Klassifikation mit SVC und SVR von
medizinischen Zeitreihendaten untersucht. Wir haben 8 Zeitreihen-Features aus perioperativen EEG-
Aufzeichnungen verwendet, um eine Deliriumdiagnose und das Alter von Patient*innen vorherzusa-
gen. Zusitzlich haben wir stiindlich aggregierte Glukose- Herzfrequenz- und Blutdruck-Zeitreihen
verwendet, um eine Diabetesdiagnose und das Alter von Patient*innen vorherzusagen. Zum Vergle-
ich wurden statistische Baseline-Modelle trainiert.

Wir haben zwei Zeitperioden der Operationen untersucht und mit festen 4-Sekunden-Fenstern wurden
in der Deliriumklassifikation hohere AUC-Werte fiir das Ende der Operation als fiir den Anfang der
Anisthesie erreicht. Fiir das Ende der Operation erzielten alle Features mit DTW als Distanzmetrik
hohere AUC-Werte als die statistischen Vergleichsmodelle. Fiir den Anfang der Anisthesie erreichte
alpha power den héchsten AUC-Wert von 0.63 und fiir das Ende der Operation erreichte coherence
den hochsten AUC-Wert von 0.66. Ein Feature-Vektor, bestehend aus alpha peak, aperiodic exponent
und delta power, erzielte einen AUC von 0.69. Unter den getesteten Aggregierungsansitzen erzielten
feste 4-Sekunden-Fenster die besten AUC-Werte. In der Altersvorhersage mit EEG-Features wurde
ein minimaler MAE von 4.07 Jahren erreicht, bei eine Altersspanne von 23 Jahren.

Der maximale AUC-Wert in der Diabetesklassifikation betrug 0.67, wéhrend ein schnelleres, statis-
tisches Vergleichsmodell einen AUC von 0.79 erreichte. In der Altersvorhersage mit Herzfrequenz-
und Blutdruck-Zeitreihen wurde ein MAE von 13.25 Jahren erreicht, bei einer Altersspanne von 75
Jahren.



Abstract

The analysis of medical time series data can yield valuable insights for research and improvements
in clinical practice. In many medical domains, evaluating the shape of these time series can provide
significant predictive information for classification tasks. However, medical time series often exhibit
timing variations, which must be addressed when assessing shape similarity in many applications.
The dynamic time warping (DTW) algorithm provides a technique for measuring similarity between
sequences while accounting for timing variations and differences in sequence length.

In this thesis, we evaluated DTW as a metric for classification of medical time series data, using SVC
and SVR. We utilized 8 time series features derived from perioperative EEG recordings, aiming to
predict delirium diagnosis and patient age. In addition, we used hourly aggregated glucose, heart rate
and blood pressure time series, aiming to predict diabetes diagnosis and patient age. For comparison,
we trained statistical baseline models.

In delirium classification, we compared two distinct operative periods and observed notably higher
AUC scores for the end of operation than for the start of anesthesia, when using fixed 4-second win-
dows. For the end of operation, all features achieved higher AUC scores when using DTW as distance
metric compared to the statistical baseline models. The best-performing feature, coherence, attained
an AUC of 0.66 for the end of operation. In addition, alpha power achieved an AUC of 0.63 for the
start of anesthesia. A combined feature, including alpha peak, aperiodic exponent and delta power,
yielded an AUC of 0.69. We examined different windowing approaches and found that fixed 4-second
windows yielded the highest AUC scores. In age prediction with EEG features, we observed a mini-
mum MAE of 4.07 years, across an age range of 23 years.

In diabetes classification, we attained a maximum AUC score of 0.67, while a much faster baseline
model yielded an AUC of 0.79. In age prediction with heart rate and blood pressure time series, we
observed a minimum MAE of 13.25, across an age range of 75 years.
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1 Introduction

1 Introduction

In modern medicine, the analysis of medical data has become increasingly important for identifying
and understanding medical correlations [2]. With the introduction of electronic health records (EHCs)
and advancements in medical monitoring technology, large amounts of data have been collected over
the past few decades, particularly in hospitals and biomedical research settings. The systematic eval-
uations of this data can help to improve the accuracy of diagnoses, clinical decision-making processes
and treatment strategies [2].

Medical datasets frequently include time series data to record important medical parameters over time.
In intensive care units (ICUs), continuous monitoring generates time series data, such as recordings
of heart rate and blood pressure, and in anesthesia, electroencephalograms (EEGs) are used to capture
the brain’s electrical activity over time [3].

In many medical domains, analyzing the shape of these time series provides important predictive in-
formation for classification tasks. In cardiology, for instance, the analysis of electrocardiogram (ECG)
waveforms is essential for identifying irregularities in heartbeat rhythm [4].

Medical time series can often data exhibit timing variations. Parameters such as a patient’s glucose
levels are collected over different durations and at varying frequencies, while heartbeats show natural
variations in rhythm [5]. These timing variations must be addressed when assessing shape similarity
in many medical domains, requiring a suitable analysis technique [6], [7].

The dynamic time warping (DTW) algorithm presents a technique to determine shape similarity be-
tween sequences while accounting for timing variations and differences in sequence length [8]. DTW
uses a non-linear function to effectively stretch and compress the time axes of two sequences, align-
ing the sequences and capturing similarities in shape despite shifts in timing [8]. It determines the
minimum cost of aligning the sequences and the normalized minimum alignment cost can be used as
a measure of similarity, where a small distance indicates that two sequences are similar in shape [9].

Over the past few decades, numerous studies have demonstrated that DTW is an effective metric for
classification of time series data in medical data analysis [&], [6]. Originally developed as a distance
metric for spoken word recognition, the algorithm has since been adapted for various applications
across different domains, including gesture recognition, bioinformatics and medicine [9], [10], [1 1],
[5].

In 2002, B. Huang and W. Kinsner applied DTW in electrocardiogram frame classification, aiming
to improve ECG signal “compression, browsability [for faster analysis] and accurate recognition of
cardiac rhythms for defibrillators” [6]. To account for natural, nonlinear timing variations in heartbeat
rhythms, the authors used DTW to align the signals and address these fluctuations. Instead of directly
using the total accumulated distance between a frame and a template, they assessed similarity with the
mean of absolute residuals along the alignment path. Testing on a 10-minute ECG recording achieved
a residual error of 1.33%), identifying DTW as an effective metric for classification in this context [6].
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Another 2018 study by Y. Shi et al. applied DTW to improve the analysis of EEG signals for recog-
nizing motor imagery tasks, which are mental activities where a person imagines movements, such as
moving an arm [/]. Accurately identifying these imagined movements from EEG signals is important
for brain-computer interfaces, which allow individuals with disabilities to control devices through
thought [12]. The authors combined Wavelet Packet Decomposition for improved feature extrac-
tion with DTW to measure signal similarity. Quadratic discriminant analysis was used as classifica-
tion method and testing showed that classification accuracy improved from 83.53% (using traditional
methods) to 90.89% [7].

In this thesis, we aim to further evaluate the applicability and effectiveness of DTW as a distance
metric for classification of medical time series data. More specifically, we assess the use of DTW in
support vector classification (SVC) and support vector regression (SVR), using features derived from
the ePOD study and the MIMIC-III database.

To conduct this evaluation, we begin by introducing the ePOD study and MIMIC-III database in chap-
ter 2, along with the MIMIC-Extract pipeline and the selected features and target variables.

Chapter 3 outlines the methodology, starting with the underlying concept of dynamic programming
and then presenting the DTW algorithm. This section provides a more formal description of the DTW
problem, defining an optimal alignment and covering the alignment constraints. We then describe the
implementation of DTW with dynamic programming and outline the importance of normalizing the
DTW distance. We also cover the computational complexity of DTW and introduce the Sakoe-Chiba
band constraint as a technique to improve the algorithm’s efficiency. We present the machine learning
algorithms employed, specifically SVC and SVR, along with the metrics used to evaluate predictive
performance. Finally, we describe our data preprocessing approach and specify the parameters used
in SVC and SVR. Additionally, we present the baseline models trained for comparison with the DTW-
based models.

Chapter 4 presents the results attained for the ePod and MIMIC-III features.

These results are discussed in chapter 5, where we interpret the observed scores, highlight interesting
results, compare our results with existing literature, address the limitations of this thesis and outline
its contributions.

Chapter 6 summarizes the results, conclusions and implications of this thesis and outlines open ques-
tions for future research.
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2.1 ePOD

The ePOD study included 287 elderly patients treated at the Department of Anesthesiology and Inten-
sive Care Medicine at Charité Universitdtsmedizin Berlin. The objective of the study was to analyze
how characteristics of perioperative electroencephalography recordings might be connected to the oc-
currence of delirium in elderly patients after surgery [13].

The study’s inclusion criteria required participants to be over the age of 70 years, to be scheduled for
operations lasting more than 1 hour and to be able to give informed consent. Anesthesia was induced
and maintained using either Propofol or an inhalative anesthetic such as Sevoflurane or Desflurane.
EEG recordings were obtained with a frontal EEG monitor (SEDIline Root Monitor©, Masimo Corpo-
ration, USA) “from the beginning of the induction of anesthesia to the intraoperative setting up until
1 [hour] in the recovery room” [13]. Postoperative delirium (POD) was assessed using the Nursing
Delirium Screening Scale (NU-DESC) for up to 5 days after the surgery. Prior to its start, ePOD was
registered in the clinicaltrials.gov database (NCT03879850) [13].

We examined two distinct time periods of the operations:

1. The beginning of the anesthesia, starting at the induction, including the intubation and the loss
of consciousness.

2. The end of the operation, starting at the end of anesthesia when medication was stopped until
wake up.

These time periods varied in length for each patient.

For each period, we analyzed time series of extracted features from the EEG data and the EEG spec-
trum. The spectrum was calculated with the psd_array_welch() function of the MNE library [14]. To
generate the time series, each period was divided into a series of time windows, and features were
calculated for each window. These time series were generated and provided to us by the supervising
group. Two windowing approaches were applied:

1. Each window had a fixed length of 4 seconds.

2. The number of windows was limited to either 20 or 50, with a minimum window length of 4
seconds. If a period was longer than 4 seconds multiplied by the maximum number of windows,
the window size was increased to the length of the period divided by the maximum number of
windows.
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Table 2.1 presents the extracted time series features:

Feature Description

alpha peak Frequency at which alpha power reaches its maximum.

alpha peak power Maximum power at the alpha peak frequency.

alpha power Mean power in the frequency range (8, 13).

aperiodic exponent Exponent of the aperiodic component of the EEG signal.
aperiodic offset Offset of the aperiodic component of the EEG signal.

beta power Mean power in the frequency range (13, 30).

coherence Mean coherence with the coherence between all channel pairs.
delta power Mean power in the frequency range (0.3, 4).

Table 2.1: EEG features.

The features alpha peak, alpha peak power, aperiodic exponent and aperiodic offset were calculated
with the fooof library, while coherence was derived with the coherence() function of scipy.signal [15],

[16].

Patients with missing markers for the start of anesthesia or the end of operation were excluded from
the analysis. For the start of anesthesia, 55 out of 179 included patients were diagnosed with delirium.
For the end of operation, 52 out of 174 included patients were diagnosed with delirium. The ages of
the included patients ranged from 70 to 92, with a mean age of 77 years and a standard deviation of
approximately 5 years.

Notably, when using fixed 4-second windows, time series included for the end of the operation had
a much higher mean length of 186.20 with a higher standard deviation of 100.28, compared to time
series included for the start of anesthesia, which had a mean length of 73.16 with a standard deviation
of 31.55. Table 2.2 presents the statistical variation in time series length when using fixed 4-second
windows, comparing both time periods:

Windowing Time Time Series Length
Approach Period mean std mean std
4-second start of anesthesia 73.16 31.55 14 279
windows end of operation | 18620 | 100.28 6 491

Table 2.2: Statistical variation in time series length when using fixed 4-second windows, comparing
the start of anesthesia and the end of operation.

4
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2.2 MIMIC-1lI

The publicly available MIMIC-III database contains de-identified electronic health records from ICU
patients treated at the Beth Israel Deaconess Medical Center in Boston, Massachusetts. It “contains

data associated with 53423 distinct hospital admissions for adult patients [...] admitted to critical
care units between 2001 and 2012” [3].

Rather than working directly with the raw health records from MIMIC-III, we utilized the processed
data structures generated by the open-source pipeline MIMIC-Extract. The pipeline extracts and pre-
processes medically relevant information from the MIMIC-III database [17]. It uses SQL queries to
produce multiple output tables. We utilized variables included in the patients-table, the vitals_labs-
table and the codes-table.

The patients-table contains demographic variables such as the patients’ age, which is masked as 300
for patients older than 89 years in the MIMIC-III database.

The vitals_labs-table includes “104 clinically aggregated time-series variables [...] related to vital
signs (e.g., heart rate or blood pressure) and laboratory test results (e.g., [glucose levels])” [17].
MIMIC-Extract standardizes vital signs and laboratory test results by first converting measurements
into consistent units. It handles extreme values falling outside of clinically reasonable ranges by treat-
ing them as missing. Values falling outside of more refined physiologically valid ranges are replaced
with the nearest valid value. Finally, MIMIC-Extract discretizes “all extracted time series [...] into
hourly [intervals]” and a predefined threshold is applied to retain only those vital signs and laboratory
test results with fewer missing values [17].

In addition, the codes-table contains time series of ICD-9 codes, documenting the progression of di-
agnoses throughout a patient’s ICU stay.

The pipeline’s inclusion criteria specify that only the first ICU stay for each patient is extracted, with
a minimum patient age of 15 years and a stay duration between 12 hours and 10 days [17].

We extracted mean glucose, mean heart rate and mean blood pressure recordings from the vitals_labs-
table, creating the following 6 data sets:

First, we generated 2 data sets from mean glucose recordings, combined with diabetes diagnoses from
the codes-table, and applied a different minimum length constraint to each data set.

MIMIC-III includes 20 ICD-9 codes that indicate various forms of diabetes (e.g. 250.0x for “diabetes
mellitus without mention of complications” [18]). For each patient, we determined whether they had
been diagnosed with any of these 20 types of diabetes.

After removing missing entries from the glucose time series, we applied the minimum length con-
straints, only retaining time series with a minimum length of either 24 or 36. All time series were
sliced to a maximum length of 48.

We used the RandomUnderSampler class of the sklearn-library to generate 2 balanced data sets, each
containing 2850 patients, with random_state set to 42 [19].

We then generated 2 data sets from mean blood pressure recordings and 2 data sets from mean heart
rate recordings, combined with patient age, only including patients aged 89 years or younger.

After removing missing entries from the time series, we again applied the different minimum length
constraints for each feature, only retaining time series with a minimum length of either 24 or 36. All
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time series were sliced to a maximum length of 48. For each data set, we selected 5000 patients using
the random.choice() function from the numpy library, with random.seed(42) for reproducibility [20].
The mean age of the selected patients for both the heart rate and blood pressure time series and both
minimum length constraints is 63 with a standard deviation of 16 to 17 years.

MIMIC-Extract retrieved already present missing entries in MIMIC-III and generated additional miss-
ing entries when handling outliers, which we removed before creating the datasets. For each selected
time series, we counted the number of missing entries we removed between the first valid entry and
the last valid entry (up to a maximum of 48 valid entries).

For instance, an average of about 70 missing entries were removed from glucose time series with
minimum length 24. Considering the mean length of these time series of about 36 (after removing
missing entries and slicing to a maximum length of 48) together with the hourly aggregation through
MIMIC-Extract, these time series actually represent the mean glucose level development over an av-
erage of roughly 36 + 70 = 106 hours.

Table 2.3 shows the average time series length and the average amount of missing entries for each
feature and minimum length constraint:

Min. Time Series Length Amount of NaN-Entries
Feature Lensth
g mean std mean std
24 35.98 8.70 69.86 49.69
glucose
36 44.37 4.36 71.51 52.17
24 41.83 8.49 2.21 4.26
heart rate
36 46.31 3.29 2.42 4.42
blood 24 41.84 8.43 3.47 5.82
pressure 36 46.34 3.29 3.47 5.30

Table 2.3: Statistical variation in time series length and amount of missing entries removed for each
MIMIC-III feature and both minimum length constraints.
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3.1 Dynamic Programming

In 1953, Richard Bellman introduced dynamic programming as an approach for solving optimization
problems that can be decomposed into similar subproblems [21]. The underlying idea of dynamic
programming is to avoid redundant computations by storing the solutions to subproblems that have
already been solved [21].

Definition 3.1.1 As explained in [22], the objective in an optimization problem is to find an optimal
solution from a set of feasible solutions. An optimization problem is commonly defined by an ob-
jective function f and a set of constraints C. The objective function f : § — R maps each feasible
solution x € S to a real number, with § € R” and n € N. § represents all solutions that satisfy the
constraints in C. The goal is to find a solution x* € S that satisfies the constraints and minimizes (or
maximizes) the objective function f [22].

To solve an optimization problem with dynamic programming, a recursive formula is first defined, as
described in [21]. This formula specifies how the solution to the original problem is constructed from
the solutions to its subproblems.

There are two common approaches to dynamic programming: the top-down approach and the bottom-
up approach [21].

DTW uses the bottom-up approach, in which the original problem is solved iteratively by solving the
most simple subproblems first [23], [21]. In the bottom-up approach, the recursive formula is repeat-
edly applied to combine the already computed solutions of subproblems, generating solutions to the
next bigger subproblems. The solutions are stored in a tabulation data structure, allowing subsequent
subproblems to efficiently access these precomputed values. In contrast to the top-down approach, all
possible subproblems are systematically evaluated in the bottom-up approach [21].

In many applications that use dynamic programming, the recursive formula is only used to calculate
the optimal value to an optimization problem. To identify the specific decisions that correspond with
this value, it is oftentimes necessary to retrace the decisions with backtracking [21].
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3.2 Dynamic Time Warping

Dynamic Time Warping, introduced by Hiroaki Sakoe and Seibi Chiba in 1978, provides a technique
to measure the similarity of sequences, such as time series, in regard to their shapes [©], [8]. The al-
gorithm uses dynamic programming to determine the similarity of sequence shapes while accounting
for timing variations and differences in sequence length. [9].

Originally, dynamic time warping was designed as a distance metric for sequences in spoken word
recognition, with the aim to identify spoken words by comparing the shape of recordings [9]. How-
ever, as people speak at varying speeds and with different rhythms, timing inconsistencies commonly
arise within these sequences, making these variations a central challenge in spoken word recogni-
tion [9].

DTW addresses this challenge and essentially stretches and compresses the time axes of the sequences
to capture similarities in shape despite shifts in timing, as described in [8]. It achieves this through a
non-linear function (or warp path) that maps the indices of sequence X to the indices of sequence Y,
allowing each index of both sequences to be matched with multiple indices of the other sequence [8].
The algorithm determines the cost of an optimal alignment, which minimizes the total alignment cost.
Finally, the normalized minimum cost (or distance) can be used as a measure of similarity, where a
small distance indicates that two sequences are similar. [9].

Figure 3.1 shows an optimal alignment of two sequences X and Y, computed with DTW. To capture
shape similarities despite shifts in timing, some elements are aligned with multiple elements from the
other sequence:

0 10 20
time

Figure 3.1: An optimal alignment of two example sequences X and Y.
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Definition 3.2.1 In the following sections, we use the notation [K], with K € N, to denote the set of
all natural numbers from 1 to K, inclusive:

[K]={1,2,3,....,K - 1,K} 3.1)

The notation i € [K] means that i is an integer such that 1 <7 < K. It is commonly used to denote an
index set ranging from 1 to K.

Definition 3.2.2 In the context of this thesis, we define a sequence X as a function X : [a, b] — R4,
which maps an interval of the natural numbers [a, b] C N to the d-dimensional space R¢, with d € N
and a < b. A sequence X can be notated as:

X =x1,x9,...,xy NE€eN (3.2)

where x; € R for each i € [a,b]. N = b —a + 1 is the number of elements in the sequence.

Input

The DTW algorithm takes two temporal sequences X and Y as input, which may differ in length [23]:

X =X1,X9,...,XN N eN
(3.3)
Y:yl,yg,...,yM M e N

X and Y are sequences of either scalars or vectors x;, y; € R", withi € [N], j € [M] andn € N.

Figure 3.2 provides an example of two temporal sequences X and Y, where X is of length N = 6 and
Yisoflength M =7:

X=0,0,2,0,-1,0

(3.4)
Y =0,1,0,0,-1,0,0
27 —— X | ] Y
1_ -
O_ -
1 i
1 2 3 4 5 6 71 1 2 3 4 5 6 7

time time

Figure 3.2: Two example sequences X and Y.
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3.2.1 Optimal Alignment

To align two sequences as cost-effectively as possible, the algorithm computes an optimal warp path

[23].
Definition 3.2.3 A warp path W is a sequence of tuples:

W=wi,wo,...,Wwg max(N,M) < K<N+MAK €N

wi = (i, ) ke [K]Ani€e[N]Aje[M] (3-5)

A tuple wy = (i, j) indicates that the i-th element of sequence X is aligned with the j-th element of
sequence Y. W is of length K with max(N, M) < K and K < N + M, as described in [23].

Definition 3.2.4 A warp path W is considered optimal if it minimizes the total alignment cost. The
cost of a warp path (or the total alignment cost) is calculated by summing the distances between the
aligned elements of X and Y [23]:

dist(W) = >~ d(X[wi], ¥ [wis]) (3.6)
k=1

In this equation, d(X [wy;], Y [wy,]) is the distance between the i-th element of sequence X and the
Jj-th element of sequence Y, as specified by the k-th tuple in the warp path W [23].

A commonly used metric for calculating the distance between elements of X and Y is the Euclidean
distance:

Definition 3.2.5 The Euclidean distance of two points p = (p1, p2,...,pn) and g = (1,92, . - ., qn),
with n € N, can be calculated as follows [24]:

d(p.q) =V(p1 = q1)2+ (p2—q2)% + -+ (pu = qn)? (3.7)
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3.2.2 Alignment Constraints

To preserve essential properties of temporal sequences, an optimal warp path must satisfy the follow-
ing constraints of monotonicity, continuity, and boundary values, as presented in [9]:

1. Monotonicity:

The indices i of sequence X and j of sequence Y must be monotonically increasing in the warp
path - reflecting the idea that time cannot reverse direction. For tuples w, = (i(a), j(a)) and
wp = (i(b), j(b)) with 1 < a < b < K, the following must hold:

i(a) <i(b)and j(a) < j(b) (3.8)

. Continuity:
To preserve the continuity of the sequence’s indices in the warp path, consecutive tuples wy =
(i(k), j(k)) and wgy1 = (i(k + 1), j(k + 1)) with k € [K — 1] must satisfy:

i(k+1)—i(k)<landj(k+1)—j(k)<1 (3.9

The condition ensures that the warp path advances in both sequences without skipping any
indices.

. Boundary Values:
The warp path must start with w; = (1, 1) and end with wg = (N, M), ensuring that the first
elements and the respective last elements of both sequences are aligned.

“As a result of [the conditions of monotonicity and continuity], the following relation holds between
two consecutive points”, defining only three possible predecessors of a tuple wy [9]:

(i(k) =1, j(k) = 1),
wi-1 = qor  (i(k) -1, j(k)), (3.10)

or (i(k),j(k)=1)

11
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3.2.3 DTW with Dynamic Programming

DTW uses a dynamic programming approach to find the optimal alignment between two sequences
X and Y [9]. Instead of comparing the entire sequences directly, it breaks the initial sequences down
into smaller subsequences X[1 :i] and Y[1 : j], withi € [N] and j € [M]. The algorithm computes
and stores the minimum alignment costs for these smaller subsequences [23]. It then uses the relation
of consecutive tuples (Equation 3.10) as a recursive formula to derive the minimum alignment cost
for the initial sequences from the intermediate solutions. Finally, backtracking is used to compute the
corresponding alignment (or optimal warp path) of X and Y.

Cost Matrix

The data structure used in the dynamic programming approach is a cost matrix D € ROV+Dx(M+1),

where each cell D[i, j] of the matrix is used to store the minimum cost of aligning the subsequences
X[1:i]and Y[1: j] [23].

Algorithm 3.1 summarizes the initialization and computation of the cost matrix D, as shown in [25]:

Algorithm 3.1 Cost_Matrix(X,Y)

1. Initialize N « length(X) and M « length(Y)
2. Initialize the cost matrix D € RW+*DX(M+1) with infinity and set D[0][0] « 0

3. Fori < 1to N do
a) For j < 1to M do

D[i —1][j - 1]
L D[i][j] < d(X[i].Y[j]) + min ¢ D[i = 1][/],
D[i][j - 1]

4. Return D

Cost Matrix Initialization

The cost matrix D is first initialized by filling the entire matrix with infinity. D[0, 0] is then set to 0
to ensure an initial alignment cost of 0. The algorithm utilizes an additional row 0 and column 0 to
handle boundary cases more conveniently, resulting in the size of the matrix being (N +1) X (M +1).
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Figure 3.3 shows the initialized cost matrix D for the example sequences X and Y from Figure 3.2.
Given that sequence X has a length of 6 and sequence Y has a length of 7, the resulting cost matrix is
of size (6+1) X (7+1) = 7x8. Figure 3.3 highlights the additional row 0 and column 0 and illustrates
how the indices of the matrix align with the indices of X and Y.

NWw A
8
8
8
8
8
8
8
8

Figure 3.3: The initialized cost matrix D of the example sequences from Figure 3.2. This figure was
inspired by illustrations in [1].

Cost Matrix Computation

After initializing the cost matrix, the algorithm uses a nested loop to compute the minimum align-
ment cost for each cell D[i, j] (or each pair of subsequences X[1 : i] and Y[1 : j]), where the row
indices i correspond to the indices of sequence X and the column indices j correspond to the indices
of sequence Y [23].

The nested loop starts with i = 1 and j = 1, to first compute the minimum alignment cost of the
smallest possible subsequences X[1: 1] =x;and Y[1 : 1] = y;.

The alignment cost of X[1 : i] and Y[1 : ] is calculated using an iterative approach based on Equation
3.10. It is determined by adding the distance between the elements X [i] and Y [i] to the minimum
alignment cost of the three possible pairs of preceding subsequences: X[1:i—1]andY[1:j—1] or
X[1:i-1]and Y[1: j] or X[1:i] and Y[1 : j — 1]. The minimum alignment costs of these pairs
have already been computed in previous iterations of the nested loop and are stored in D[i — 1, j — 1],
Dli—1,j],and D[i, j — 1], respectively.
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Therefore, the value of D[i, j] is calculated as follows [23]:

D[i-1,j-1],
D[i,j] =d(X[i],Y[j]) + min{ D[i — 1, j], (3.11)
D[l’] - ]-]

Cost Matrix Computation Example

Figure 3.4 illustrates the state of the cost matrix D during the computation of the value for example
cell D[4,5]. This value represents the minimum cost of aligning X[1 : 4] and Y[1 : 5]. Figure 3.4
also highlights the already computed, potential predecessor cells:

o)
8
8
8
8
8
8
8
8

4 1o 22|11 w | o
3] | 213344 4
21 | 0|1 |1 |1 /]2]2]2
1]l | 0|1 ]1]1]2]2]|2

Figure 3.4: The state of cost matrix D during the computation of the value for example cell D[4, 5],
highlighting the already computed, potential predecessor cells. This figure was inspired
by illustrations in [1].

In this example, the value of D[4, 5] is determined by first computing the Euclidean distance of the
4-th element of sequence X and the 5-th element of sequence Y. The algorithm then adds the smallest
value of the predecessor cells, resulting in D[4, 5] = 2:

D[3,4], 3,
D[4,5] =d(X[4],Y[5]) +min{ D[3,5], =+(0-(-1))2+minj4, =1+1=2 (3.12)
D[4,4] 1
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Boundary Cases

A boundary case arises when i = 1 or j = 1. The algorithm uses the additional row 0 and column 0
to handle these boundary cases. As the nested loop only iterates fromi = 1to N and j = 1 to M, the
values in row 0 and column 0 remain set to infinity throughout the algorithm (except for D[0, 0] = 0):

1. Wheni =1 and j = 1, the algorithm aligns the first elements of X and Y. With D[1,0] = oo,
D[0,1] = oo, D[0,0] = 0 and 0 < oo, the algorithm must select D[0,0] = 0 as predecessor
cell of D[1,1]. This guarantees that the minimum alignment cost starts from 0 and the cost of
aligning X[1: 1] and Y[1 : 1] is calculated as:

2. Wheni =1 and j > 1, the algorithm aligns the first element of X with the first j > 1 elements
of Y. Since there are no preceding elements in X, the only valid transition is from D[1, j —1] to
D1, j]. Utilizing the additional row 0 ensures that the values D [0, j—1] = coand D|0, j] = oo
are always greater than D[1, j — 1], thereby enforcing that the algorithm selects the only valid
transition from D[1, j — 1].

3. Similarly, wheni > 1 and j = 1, the algorithm aligns the first element of ¥ with the first7 > 1
elements of X and the only valid transition is from D[i—1, 1] to D[, 1]. The additional column
0 ensures that the values D[i — 1,0] = co and D|[i, 0] = co are always greater than D[i — 1, 1],
thereby ensuring that the algorithm always chooses the only valid transition from D[i — 1, 1].

Figures 3.5, 3.6 and 3.7 illustrate the different boundary cases:

Sl X | | ®|*® Sl X | | ®|® Sl ® | ®|®|®
2 X | ®|®|® 2 B ® | ® | ® [ ® 2| ® ez er @
1| o o | 0 | oo 1o 01 o0 1|01 |1]1
00 |o|w|e|o 00 | w|xo|e 00| ®|o]|o

0O 1 2 3 4 0O 1 2 3 4 0O 1 2 3 4

Figure 3.5: Casei =1and j =1 Figure3.6: Casei =1and j > 1 Figure3.7: Casei > landj =1
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Minimum Alignment Cost
The nested loop finally terminates wheni = N and j = M. Since X[1: N] = XandY[1: M] =Y, the

value of D[N, M| corresponds to the minimum alignment cost of the initial sequences X and Y [23].

Figure 3.8 shows the fully computed cost matrix of the example sequences X and Y, with a minimum
alignment cost of D[N, M] = D[6,7] = 1:

6lw 3|4 |2(2]2]1|1
o |3 |4|2|2]1]2]|3
4l 2211222
3w |21 /3|3 4|44
oflw 0|1 |1 [1]2]2]|2
1leelo|1[1]|1]|2|2]2
00 || |®|w|w|wo|ow

Figure 3.8: Fully computed cost matrix D with the minimum alignment cost in cell D[6,7]. This
figure was inspired by illustrations in [1].

Normalization of the Minimum Alignment Cost

Longer sequences contain more elements that need to be aligned. The cost of aligning these elements
accumulates along the warp path. Consequently, pairs of longer sequences might naturally have higher
minimum alignment costs, even when the sequences are relatively similar, as described in [26]. Since
the minimum alignment cost of two sequences is influenced by sequence length, it is less comparable
across different pairs of sequences with varying lengths. To make the costs more comparable, different
normalization techniques can be applied.

One common approach to normalizing the minimum alignment cost is to divide D [N, M| by the warp
path length K [27]. Another, slightly faster method that does not require computing the warp path and
its length, is normalization by the sum of the sequence lengths N + M (an upper bound for K) [1]:

D[N, M]

=—— 3.13
¢ N+M ( )

16



3 Methodology

Backtracking

To derive the optimal warp path W (or optimal alignment) that corresponds to the minimum alignment
cost, the algorithm uses the fully computed cost matrix D and traces W backward from D[N, M] to
D[1,1] [23]. Algorithm 3.2 summarizes the steps to compute W, as described in [2&]:

Algorithm 3.2 DTW_Alignment(D, N = length(X), M = length(Y))

1. Initialize i <~ N and j < M
2. Initialize W « []
3. Whilei > 0Oor j > 0do

a) Append (i, j) to W
D[i-1][j - 1], # move diagonally

b) i,j < argmin{D[i — 1][/], # move down
DIi][j - 1] # move left
4. Reverse W
5. Return W

The backtracking algorithm takes the fully computed cost matrix D and the lengths N and M of the
sequences X and Y as input.

It starts by initializing the indices i = N and j = M, which correspond to the current positions in the
sequences as the algorithm traces back through the matrix. An empty list W is initialized to store the
indices of the optimal alignment between X and Y.

The algorithm then enters a loop to trace back through the matrix. In each iteration, the current index
pair (7, j) is appended to W. The algorithm then updates i and j by choosing the direction that corre-
sponds to the minimum cost among the possible moves: diagonally (down and to the left), down or to
the left.

The loop terminates once the algorithm reaches the start of the sequences, at which point W is re-
versed to reflect the correct order of alignment. Finally, the algorithm returns W, which now contains
the indices of the optimal alignment path from D[1, 1] to D[N, M].
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Figure 3.9 shows the fully computed cost matrix of the example sequences X and Y and the warp
path calculated by the backtracking algorithm. The optimal warp path of the example sequences is of
length 8. Figure 3.10 finally illustrates the optimal alignment of the example sequences X and Y.

6lw 3|4 |2(2]2]1]1
w|3|4|2|2]1]2)|3
4l 2211|222
3w |21 /3 (3 4|44
2flew 0|11 [1]2]2]|2
1lee|o0|1[1]|1]|2|2]2
00 || |®| w|w|wo|ow

Figure 3.9: The warp path in the cost matrix after backtracking. This figure was inspired by illustra-
tions in [1].

time

Figure 3.10: An optimal alignment of the two example sequences X and Y.
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3.2.4 Time and Space Complexity

Definition 3.2.6 The time complexity of an algorithm is a function 7'(n) that describes the amount of
computational steps required to execute the algorithm as a function of the input size n. The Big O
notation O (T (n)) characterizes the asymptotic upper bound of 7'(n). This means that there exist two
positive constants ¢ and ng such that T(n) < ¢ - f(n) for all n > ng, where f(n) is a non-negative

function. [29] For instance, time complexities used in this section are O (1), O(n) and O (n?).

As described in [23], the runtime complexity of the standard DTW algorithm is O (N x M), where N
is the length of input sequence X and M is the length of input sequence Y. It is largely determined by
the computation of the cost matrix D. The space complexity of the DTW algorithm is also O(N X M),
as the algorithm requires storing the entire cost matrix D of size (N + 1) X (M + 1) [23].

3.2.5 Sakoe-Chiba Band

The Sakoe-Chiba band constraint was designed to enhance the computational efficiency of DTW, as
shown in [9]. The constraint is defined by a window size w that restricts how far the warp path W can
deviate from the diagonal of the cost matrix, reducing the number of cost matrix elements to compute.
Since the time complexity of the standard DTW algorithm is primarily determined by the computation
of the cost matrix, introducing the Sakoe-Chiba band results in a more efficient computation [9].
Algorithm 3.3 summarizes the steps to calculate the cost matrix D when using the Sakoe-Chiba band
with window size w:

Algorithm 3.3 Cost_Matrix_Window (X, Y, w)

1. Initialize N « length(X) and M « length(Y)
2. Initialize the cost matrix D € RW*DX(M+1) with infinity and D[0][0] « 0
3. Initialize the window size w «— max(w, abs(N — M))

4. Fori <« 1to N do
a) [ « max(1,i —w) # lower window bound
b) u «— min(M,i+w) # upper window bound

c) For j « [toudo

D[i—1]1j - 1],
i. D[i][j] « dist(X[i],Y[j]) + min{ D[i - 1][/],
D[]/ -1]

5. Return D
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As input, Algorithm 3.3 takes the sequences X and Y, along with a predefined window size w. Similar
to the standard DTW algorithm, it initializes N as the length of sequence X and M as the length of the
sequence Y. The cost matrix D is initialized with infinity and D [0, 0] is set to 0. The window size w
is updated as the maximum of the predefined default window size and the absolute difference between
N and M to ensure the warp path can extend far enough to reach the endpoints of both sequences,
even if their lengths differ significantly.

The algorithm then iterates over the indices i of sequence X. For each i, it calculates the lower and
upper bound of index j of sequence Y. These bounds ensure that the computation is restricted to
the defined window, reducing unnecessary calculations outside the window. Within these bounds, the
algorithm computes the minimum cost for each matrix cell just as the standard DTW algorithm does.
Finally, the fully computed cost matrix D is returned and cell D[N, M| contains the minimum align-
ment cost of X and Y.

The backtracking process works identically as in the standard DTW algorithm. Since the cost matrix
values outside of the Sakoe-Chiba band are set to infinity, the backtracking algorithm will only con-
sider cells within the window when tracing the optimal warp path.

Figure 3.11 shows the cost matrix of the example sequences X and Y from Figure 3.2, using a Sakoe-
Chiba band with a default window size of w = 2. Given that X has a length of N = 6 and Y has a
lengths of M = 7 the window size is calculated as w = max(w, abs(N—M)) = max(2, abs(6-7)) = 2:

S =N Wk 0O

01234567

Figure 3.11: The Sakoe-Chiba band with a default window size of w = 2 in the cost matrix of the
example sequences from Figure 3.2.
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3.3 Machine Learning Models

In this section, we introduce the machine learning algorithms used in the evaluation, specifically
support vector classification (SVC) and support vector regression (SVR), which are both variations
of support vector machines (SVMs) [30].

3.3.1 Support Vector Classification

In support vector classification, the algorithm computes an optimal hyperplane to separate points from
different classes, as shown in [30].

Definition 3.3.1 A hyperplane divides the n-dimensional feature space into two distinct half-spaces.
It can be defined as the set of points x € R” that satisfy the following equation [30]:

wix+b=0 (3.14)

In this equation, w € R" is the hyperplane’s normal vector, which is perpendicular to the hyperplane
and determines its orientation, while b specifies the distance of the hyperplane from the origin along
the direction of w.

In support vector classification, a hyperplane is considered optimal if it maximizes the margin, which
is defined as the distance between the hyperplane and the nearest data points of both classes, as de-
scribed in [30]. The data points on the margin are called support vectors and the support vectors of
both classes have the same distance to the hyperplane. Maximizing the margin achieves a better sepa-
ration between classes, making the model less sensitive to small variations in new, unknown data [30].

To simplify the optimization problem of finding an optimal hyperplane, the decision function w"x + b
is defined such that it equals +1 for the support vectors, depending on their class [30]. With this nor-
malization, maximizing the margin becomes equivalent to minimizing the norm of the hyperplane’s
normal vector, resulting in the following objective function [30]:

1
min 5||w||2 (3.15)

The following constraint is used to ensure that data points are correctly classified [31]:

yiw'xi+b) > 1 (3.16)

In this equation, b specifies the distance of the hyperplane from the origin along the direction of the
hyperplane’s normal vector w, while x; are the feature vectors and y; € {—1, 1} are the corresponding
class labels.

Given that a perfect separation of the points is not always possible, slack variables &; are used to
allow for some points x; to be misclassified or fall within the margin, as shown in [30]. They quantify
how much each point deviates from a correct classification. If a point is correctly classified, lying
on or outside the margin, then & = 0. As a point moves into the margin or crosses the hyperplane
(and becomes incorrectly classified), &; increases. An additional regularization parameter C is used
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to control the compromise between maximizing the margin and minimizing classification errors and
has a default value of C = 1. The objective function becomes [30]:

o1
min §“WH2+CZ& (3.17)

C > 1 places greater emphasis on minimizing classification errors and penalizes misclassified points
more heavily. The algorithm tries to classify the training data as accurately as possible. As a result,
the margin may become narrower and the model may generalize poorly to unknown data. With C < 1,
the model penalizes misclassified points less heavily, resulting in a wider margin [30]. This can im-
prove the model’s ability to generalize, though it may result in more classification errors within the
training data.

3.3.2 Support Vector Regression

“SVR [...] is an extension of support vector machines” for continuous target variables [30], [32]. The
primary objective in SVR is to find a regression function f(x) = w'x + b that predicts the output y
as accurately as possible while allowing for some prediction error (within €), as described in [32]. To
achieve this, SVR introduces the e-insensitive tube that bounds the regression function. SVR does not
impose penalties on predictions falling inside this e-insensitive tube. Instead, only predictions outside
the e-insensitive tube are penalized, proportionally to the deviation. The e-insensitive tube essentially
represents the region around the regression function where predictions are considered acceptable. It
makes SVR more robust to small variations in the data, improving the model’s ability to generalize to
new data. The objective function for the optimization problem is [32]:

min. 5+ € 36+ (3.18)

As explained in [32], the coefficient vector w defines the regression function f(x) and the magnitude
of w determines how strongly changes in the input x affect the predicted output f(x), with a larger
magnitude resulting in larger changes in the output. Minimizing the vector’s norm makes the model
less sensitive to small variations in the input data and it becomes more likely to generalize well to
unknown data.

The parameter C controls the compromise between the width of the tube and prediction errors. The
slack variables & and & quantify deviations of predictions outside the e-insensitive tube. Specifically,
& measures how much a predicted value is below the lower bound of the tube, while £ measures how
much a predicted value exceeds the upper bound [32].

The following constraints ensure that predictions either fall within the e-insensitive tube or that the
extent of deviation is bounded by € +¢; and € +¢. In addition, &; and &' are not negative by definition

[32]:

yi—(Wixi+b) <e+é
Wixi+b) —y; < e+ & (3.19)
£,67 20
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3.4 Metrics
3.4.1 Area Under the ROC Curve

In SVC, we evaluated the models’ performance using the Area Under the ROC Curve (AUC) score,
which we computed with the roc_auc_score() function from the scikit-learn library [19]. The AUC
ranges from 0 to 1 and reflects “a binary classification model’s ability to separate positive classes
from negative classes”, with a perfect model achieving an AUC of 1 [33]. It measures the area under
the Receiver Operating Characteristic (ROC) curve, which is a visual representation of the trade-off
between the true positive rate and the false positive rate across all classification thresholds [34]. We
also utilized the roc_curve() function from the scikit-learn library to compute the ROC curve [19].

3.4.2 Mean Absolute Error

In SVR, we evaluated the models’ performance using the Mean Absolute Error (MAE) score, which
was computed with the mean_absolute_error() function from the scikit-learn library [19]. The MAE
measures the average deviation of the predicted values from the actual values, expressed in the same
units as the target variable. It ranges from O to infinity, where a perfect model with no error attains an
MAE of 0. The MAE is computed as follows, where y; represents the predicted values, y; represents
the actual values, and 7 is the total number of predictions [35]:

1.
MAE =} [5i - i (3.20)
i=1

3.5 Classification & Regression Pipeline

Before performing the train-test split, we applied z-normalization to each time series individually, as
described in [36], using the StandardScaler class of the scikit-learn library [19]. This transformation
standardizes each time series to have a mean of 0 and a standard deviation of 1.

For cross-validation, we used the RepeatedStratifiedKFold and RepeatedKFold classes of the scikit-
learn library, with 5 splits, 10 repeats and random_state set to 42 [19].

For classification problems, we used the SVC class of the scikit-learn library and addressed class
imbalance with the class_weight parameter [37]. We set the probability parameter to True
and used random.seed(42) from the numpy library for reproducibility [20]. Similarly, we utilized the
SVR class of the scikit-learn library for regression problems [37]. We tested various C values, ranging
from C = 0.001 to C = 8.

SVMs often utilize Gram matrices that store the pairwise similarities between data points [38]. We
precomputed two Gram matrices (for each fold and repeat) for training and testing of the SVC and
SVR models, using the normalized distance computed by the dynamic time warping algorithm as
distance metric. The first Gram matrix stores the pairwise distances between the training samples and
the second Gram matrix stores the pairwise distances between the test and the training samples.

In the ePOD analysis, we used SVC to predict delirium diagnosis and SVR to estimate patients’ ages.
Each time series feature was used individually as a predictor in both SVC and SVR. In addition, we

23



3 Methodology

constructed a combined feature vector, including alpha peak, aperiodic exponent and delta power, “[z-
normalizing] each each dimension [...] individually”, as described in [39]. Furthermore, we repeated
the analysis for the different windowing approaches.

In the MIMIC-III analysis, we used SVC to predict diabetes diagnosis with mean glucose recordings.
In SVR, we used mean blood pressure and mean heart rate recordings individually to predict patient
age. We repeated the analysis with both minimum length constraints.

We implemented a simple version of DTW, incorporating the Sakoe-Chiba band constraint. We tested
3 window sizes in the ePOD and MIMIC-III analysis: 5, 10 and 15.

In the ePOD analysis, we applied both normalization of the DTW distance by K and N + M to assess
whether the faster method could yield comparable results. In the MIMIC-III analysis, where datasets
included larger patient groups, we exclusively applied normalization by N + M to reduce computation
time.

3.5.1 Baseline Models

For comparison, we trained simple baseline models using statistical features - specifically the mean,
standard deviation, minimum and maximum values from each time series.

For each of the 8 EEG-features in the ePOD analysis, we extracted these statistical features from time
series generated with fixed 4-second windows for the start of anesthesia and the end of operation.

In the MIMIC-III analysis, we included the same either 2850 or 5000 patients as in the glucose, heart
rate and blood pressure data sets where recordings had a minimum length of 36. We utilized unshort-
ened time series, instead of slicing them to a maximum length of 48, to compute the statistical values.

Before extracting the statistical features, we removed missing values from the times series. For cross-
validation, we used scikit-learn’s RepeatedStratifiedKFold and RepeatedKFold classes, with 5 splits,
10 repeats and random_state set to 42 [19]. We standardized the data using the StandardScaler class
from scikit-learn, fitted only on the training data of each fold [19]. Next, we applied the SVC or SVR
classes from scikit-learn, with a linear kernel and random_ state set to 42. To address class imbalance,
we used the class_weight parameter in SVC and tested different C values, ranging from C = 0.001
to C =8.

We used each of the 8 EEG features and each of the 3 MIMIC-III features individually as predictors.
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4 Results

4.1 ePod Results

In the following subsections, we present the AUC and MAE scores for individual features, along with
the average scores across all 8 EEG features, evaluating the impact of different windowing approaches
and Sakoe-Chiba band sizes on the models’ predictive performance. For each combination of feature,
windowing approach and Sakoe-Chiba band size, we only retained the highest AUC and lowest MAE
score from multiple iterations with varying C values.

SVC Results

For the beginning of anesthesia, limiting the number of windows to 20 and 50 yielded slightly higher
average AUC scores across all 8 features compared to using fixed 4-second windows, with only small
differences between limiting windows to 20 versus 50. Average results were similar across band sizes.
Table 4.1 presents the average AUC scores across all 8 features for different windowing approaches
and band sizes at the start of anesthesia:

Mean and Standard Deviation of AUC Score

. ) . across all 8 Features by Sakoe-Chiba Band Size
Time Windowing

Period Approach

w=35 w=10 w=15

u o u o u o

max. 20 windows | 0.550 0.03 0.551 0.03 0.550 0.03

start of

anesthesia | MaxX- 50 windows | 0.553 0.02 0.548 0.02 0.550 0.04

4-second windows 0.530 0.04 0.533 0.04 0.533 0.04

Table 4.1: Mean p and standard deviation o of AUC scores across all 8 EEG features for the beginning
of anesthesia, using different windowing approaches and Sakoe-Chiba band sizes.

For the beginning of anesthesia, alpha power was the only feature to achieve AUC scores exceeding
0.6, consistently performing above average across all windowing approaches. We observed the high-
est scores using both 4-second windows and a limit of 20 windows, with a maximum score of 0.627
when using fixed windows of 4 seconds, w = 15 and C = 0.001. Table 4.2 presents the AUC scores of
alpha power for the start of anesthesia, using different windowing approaches and Sakoe-Chiba band
sizes.
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) ) . AUC Score
Time Feature Windowing by Sakoe-Chiba Band Size
Period Approach
5 10 15
max. 20 windows 0.609 0.623 0.615
start of alpha 50 wind 0.574 0.591 0.604
anesthesia pOWCI‘ max. WINndows . . .
4-second windows 0.604 0.616 0.627

Table 4.2: AUC scores of alpha power for the beginning of anesthesia, comparing different windowing
approaches and band sizes. The AUC was calculated over 10 cross-validation repeats.

The features alpha peak power and aperiodic exponent, for instance, achieved above-average results
for the start of anesthesia with different window limits: alpha peak power yielded an AUC of 0.596
with a window limit of 50, using w = 15 and C = 1, while aperiodic exponent reached an AUC of
0.577 with a window limit of 20, using w = 5 and C = 1. Table 4.3 presents the results of both
features for different windowing approaches and band sizes at the start of anesthesia:

. . . AUC Score
Time Feature Windowing by Sakoe-Chiba Band Size w
Period Approach
5 10 15
max. 20 windows 0.510 0.521 0.520
alpha _
peak power max. 50 windows 0.532 0.566 0.596
start of 4-second windows 0.511 0.528 0.511
anesthesia max. 20 windows |  0.577 0.567 0.566
aperiodic _
exponent max. 50 windows 0.551 0.550 0.548
4-second windows 0.493 0.497 0.503

Table 4.3: AUC scores of alpha peak power and aperiodic exponent for the beginning of anesthesia,
comparing different windowing approaches and Sakoe-Chiba band sizes. The AUC was
calculated over 10 cross-validation repeats.

The feature alpha peak also attained some above-average scores for the start of anesthesia, though in
contrast to most features, it consistently reached its highest AUC scores with fixed 4-second windows.
Its highest score of 0.584 was observed with a band size of w = 5 and C = 0.5. The lowest scores
were mostly measured when the number of windows was limited to 20.
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Table 4.4 presents the AUC scores of alpha peak for the start of anesthesia, using different windowing

4 Results

approaches and Sakoe-Chiba band sizes:

. ) . AUC Score
Time Feature Windowing by Sakoe-Chiba Band Size w
Period Approach
5 10 15
max. 20 windows 0.529 0.524 0.529
start of alpha '
anesthesia peak max. 50 windows 0.568 0.531 0.523
4-second windows 0.584 0.576 0.571

Table 4.4: AUC scores of alpha peak for the beginning of anesthesia, comparing different windowing
approaches and Sakoe-Chiba band sizes. The AUC was calculated over 10 cross-validation
repeats.

In comparison with the statistical baseline models, most features (5 out of 8) showed improved per-

formance when comparing shape similarity with DTW at the start of anesthesia.

Figure 4.1 shows the ROC curves of the best-performing feature for the beginning of anesthesia (alpha
power) and its baseline model, along with the standard deviation over 10 cross-validation repeats, with

fixed 4-second windows and a Sakoe-Chiba band size of w = 15:

Figure 4.1: ROC curves with standard deviation over 10 cross-validation repeats of alpha power (the
best-performing feature for the start of anesthesia) and its baseline model, using fixed 4-
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second windows and a band size of w = 15.
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4 Results

Figure 4.2 shows the ROC curves of another feature that yielded some above-average results (alpha
peak) and its baseline model for the start of anesthesia, along with the standard deviation over 10
cross-validation repeats, using fixed 4-second windows and a Sakoe-Chiba band size of w = 15:
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Figure 4.2: ROC curves with standard deviation over 10 cross-validation repeats of alpha peak and its
baseline model for the start of anesthesia, using fixed 4-second windows and a band size

of w = 15.
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On the other hand, 3 out of 8 features, including aperiodic exponent, aperiodic offset and delta power,
achieved higher AUC scores when using statistical features for the start of anesthesia.

While aperiodic exponent showed some above-average scores (0.577) with the DTW-based model, its
highest AUC of 0.637 was obtained with its statistical features.

Figure 4.3 shows the ROC curve of aperiodic exponent and its baseline model for the start of anes-
thesia, along with the standard deviation over 10 cross-validation repeats, when limiting the number
of windows to 20 and with a Sakoe-Chiba band size of w = 5.
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Figure 4.3: ROC curves with standard deviation over 10 cross-validation repeats of aperiodic expo-
nent and its baseline model for the start of anesthesia, when limiting the number of win-
dows to 20 and with a band size of w = 5.
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In contrast, for the end of operation, the highest average AUC scores across all 8 features were consis-
tently observed when using fixed windows of 4 seconds, with the highest average AUC score reaching
0.633. The lowest average scores were measured when the number of windows was limited to 20 and
increasing the window limit to 50 yielded slightly higher scores. The results were comparable across
band sizes. Table 4.5 presents the average AUC scores across all 8 features for different windowing
approaches and band sizes during the end of operation:

Mean and Standard Deviation of AUC Score
. ) . across all 8 Features by Sakoe-Chiba Band Size
Time Windowing
Period Approach we5 w=10 w=15
u o u o u o
max. 20 windows 0.520 0.02 0.520 0.01 0.528 0.01
end of )

operation | MaX- 50 windows 0.534 0.04 0.543 0.04 0.542 0.04
4-second windows | 0.633 0.04 0.633 0.04 0.633 0.04

Table 4.5: Mean pu and standard deviation o~ of AUC scores across all 8 EEG features for the end of
operation, using different windowing approaches and Sakoe-Chiba band sizes.

Overall, the features coherence, alpha peak and aperiodic exponent achieved the highest AUC scores,
using fixed 4-second windows at the end of operation. Coherence attained the highest score of 0.661,
with w = 10 and C = 1. Table 4.6 presents the AUC scores of the three best-performing features for
the end of operation, using fixed 4 seconds windows and different band sizes:

) ) ) AUC Score
Time Windowing Feature by Sakoe-Chiba Band Size w
Period Approach
5 10 15
alpha peak 0.654 0.657 0.656
end of 4-second .
operation windows aperiodic exponent 0.657 0.656 0.657
coherence 0.660 0.661 0.660

Table 4.6: AUC scores of the three best-performing features for the end of operation (coherence, alpha
peak and aperiodic exponent), comparing different windowing approaches and band sizes,
with fixed 4-second windows. The AUC was calculated over 10 cross-validation repeats.
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Compared to the statistical baseline models, all features from the end of operation showed improved
performance when using DTW.

In contrast to coherence’s highest AUC of 0.661 achieved with the DTW-based model, the baseline
model attained an AUC of 0.465 for the end of operation. Figure 4.4 presents the ROC curves of
coherence and its baseline model for the end of operation, along with the standard deviation over 10
cross-validation repeats, using fixed 4-second windows and a band size of w = 10.
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Figure 4.4: ROC curves with standard deviation over 10 cross-validation repeats of coherence and its

baseline model for the end of operation, using fixed 4-second windows and a band size of
w = 10.
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Similarly, while the DTW-based model of alpha peak achieved a maximum AUC of 0.655 for the
end of operation, its baseline model yielded an AUC of 0.456. Figure 4.5 shows the ROC curves of
alpha peak and its baseline model for the end of operation, along with the standard deviation over 10
cross-validation repeats, using fixed 4-second windows and a Sakoe-Chiba band size of w = 10.
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Figure 4.5: ROC curves with standard deviation over 10 cross-validation repeats of alpha peak and its

baseline model for the end of operation, using fixed 4-second windows and a band size of
w = 10.
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In contrast to the start of anesthesia, aperiodic exponent’s DTW-based model for the end of operation
attained a slightly higher AUC of 0.657 than the corresponding baseline model, which yielded an
AUC of 0.645. Figure 4.6 presents the ROC curves of aperidoc exponent and its baseline model for
the end of operation, along with the standard deviation over 10 cross-validation repeats, using fixed
4-second windows and a Sakoe-Chiba band size of w = 15.
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Figure 4.6: ROC curves with standard deviation over 10 cross-validation repeats of aperiodic expo-

nent and its baseline model for the end of operation, using fixed 4-second windows and a
band size of w = 15.
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Feature Vector Results

While coherence achieved the highest AUC scores when using each feature individually as a predictor,
a combined vector of alpha peak, aperiodic exponent and delta power yielded slightly higher scores,
using fixed windows of 4 seconds for the end of operation, as shown in Table 4.7:

. ) . AUC score
Time Windowing Feature by Sakoe-Chiba Band Size w
Period Approach Vector
5 10 15
[alpha peak,
end (.)f 4_.5 econd aperiodic exponent, 0.667 0.667 0.669
operation windows
delta power]

Table 4.7: AUC scores of a feature vector combining alpha peak, aperiodic exponent and delta power
for the beginning of anesthesia, comparing different windowing approaches and Sakoe-
Chiba band sizes. The AUC was calculated over 10 cross-validation repeats.

SVR Results

In age prediction with SVR, we observed similar MAE scores for the start of anesthesia and the end
of operation. For the start of anesthesia, the lowest average MAE across all 8 features was 4.217. For
the end of the operation, the best average MAE was 4.134. Different windowing approaches affected
results only slightly and outcomes were similar across band sizes.

On average, we observed slightly improved results for the baseline models. The average MAE score
was 4.202 across all 8 baseline models for the start of anesthesia and 4.115 for the end of the operation.
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For the start of anesthesia, restricting the number of windows to 20 consistently achieved the lowest
average MAE scores across all 8 features, while fixed 4-second windows yielded the highest scores,
as shown in Table 4.8:

Mean and Standard Deviation of MAE across

. . ) all 8 Features by Sakoe-Chiba Band Size w
Time Windowing

Period Approach

w=35 w=10 w=15

u o u o u o

max. 20 windows | 4.221 0.028 4.217 0.028 4.217 0.029

start of

anesthesia | MaX- 50 windows | 4.226 0.025 4.231 0.012 4.229 0.014

4-second windows | 4.238 | 2-107° | 4238 | 2-107° | 4238 | 4-107°

Table 4.8: Mean u and standard deviation o of MAE scores across all 8 EEG features for the start of
anesthesia, using different windowing approaches and Sakoe-Chiba band sizes.

For the start of anesthesia, aperiodic exponent achieved the lowest MAE score of 4.156, by limiting
the number of windows to 20 and with w = 15 and C = 1. Figure 4.7 shows the MAE scores and the
standard deviation over 10 cross-validation repeats of the 3 best-performing features for the start of
anesthesia, with the number of windows limited to 20 and a band size of w = 15 - compared to the
best-performing baseline model with an MAE of 4.107:

5.0 4 start .
- 40: :{4.192 }:4.156 :{4.210 : I“m
s ] ]
3.0 1 .
alpha aperiodic aperiodic beta
power exponent offset power

3 Best Features Best Baseline Model

Figure 4.7: MAE and standard deviation over 10 cross-validation repeats of the 3 best-performing
features (using a window limit of 20 and w = 15) and the best baseline model for the start
of anesthesia.
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For the end of operation, the lowest average MAE scores across all 8 features were consistently
observed when limiting the number of windows to 50. Using fixed 4-second windows yielded slightly
higher results. Table 4.9 presents the average results across all 8 features for different windowing
approaches and band sizes at the end of operation:

Mean and Standard Deviation of MAE across
all 8 Features by Sakoe-Chiba Band Size

Time Windowing
Peri A h
eriod pproac w=5 w=10 w=15
u o u o u o
max. 20 windows | 4.145 0.01 4.141 0.01 4.139 0.02
end of )
operation | Max. 50 windows | 4.134 0.02 4.136 0.03 4.136 0.03

4-second windows 4.138 0.03 4.139 0.03 4.138 0.03

Table 4.9: Mean u and standard deviation o of MAE scores across all 8 EEG features for the end of
operation, using different windowing approaches and Sakoe-Chiba band sizes.

For the end of operation, beta power achieved the lowest MAE score of 4.067 using fixed 4-second
windows, w = 5 and C = 1. Figure 4.8 presents the mean MAE score and the standard deviation
over 10 cross-validation repeats for the 3 best-performing features at the end of operation, using fixed
4-second windows and a band size of w = 5 - compared to the best-performing baseline model with
an MAE of 4.006:

5.0 end i
E‘% 4.0 4.108 14'153 4.067 i Iﬁu)(m
> | ]
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alpha alpha peek beta alpha
peek power power power
3 Best Features Best Baseline Model

Figure 4.8: MAE and standard deviation over 10 cross-validation repeats of the 3 best-performing
features (with fixed 4-second windows and w = 5) and the best baseline model for the end
of operation.
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Normalization with N + M and K Results

Normalizing the DTW distance with the sum of sequence lengths N + M and the warp path length
K resulted in comparable average AUC and MAE scores across all 8 features, for both time periods
and all windowing approaches. Table 4.10 presents the average MAE values for the end of operation,
comparing normalization with N + M and K, at a band size of w = 10.

) . . Mean MAE Score across all 8 features
Time Windowing by Normalization Approach
Period Approach
N+M K
max. 20 windows 4.141 4.135
end of i
operation max. 50 windows 4.136 4.130
4-second windows 4.139 4.140

Table 4.10: Average MAE scores across all 8 EEG features during the end of operation, using a Sakoe-
Chiba band size of w = 10. The table compares results based on windowing approach and
DTW distance normalization approach.

While both normalization approaches yielded similar results, normalizing with N + M reduced com-
putation time. Table 4.11 presents the average computation time in seconds for generating a pair
of Gram matrices for training and testing at the end of operation and with a band size of w = 10,
comparing N + M and K for normalization:

. . . Mean Computation Time (in seconds) for a pair of
Time Windowing gram matrices by Normalization Approach
Period Approach
N+M K

max. 20 windows 1.98 8.17

end of ]

operation max. 50 windows 9.30 21.66

4-second windows 282.26 326.81

Table 4.11: Average time in seconds to compute a pair of Gram matrices for training and testing for
the end of operation, using a band size of w = 10. The table compares results based on
windowing approach and DTW distance normalization approach.
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4.2 MIMIC-III Results

SVC Results

In diabetes classification, we observed slightly higher AUC scores for sequences with a higher mini-
mum length of 36. The results improved slightly with increased band size, reaching a maximum score
of 0.672 at a band size of w = 15. Table 4.12 presents the AUC scores based on minimum sequence
length and Sakoe-Chiba band size:

o AUC Score
Minimum by Sakoe-Chiba Band Size w
Length
5 10 15
24 0.647 0.662 0.663
36 0.653 0.670 0.672

Table 4.12: AUC scores for diabetes classification, comparing different minimum sequence lengths
and Sakoe-Chiba band sizes. The AUC was calculated over 10 cross-validation repeats.

In comparison, the baseline model achieved an AUC of 0.791, using C = 1. Figure 4.9 presents the
ROC curves for minimum lengths 24 and 36, with w = 15, alongside the baseline model’s ROC curve,
showing the standard deviation over 10 cross-validation repeats:
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Figure 4.9: ROC curves with standard deviation over 10 cross-validation repeats, comparing mini-
mum lengths 24 and 36 as well as the baseline model, using a band size of w = 15.
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SVR Results

In age prediction with mean heart rate recordings, the lowest MAE score of 13.44 was obtained with
sequences of minimum length 24 and with w = 5. Results were similar across both band sizes. Figure
4.10 presents the MAE scores with standard deviation over 10 cross-validation repeats for mean heart
rate recordings, comparing minimum lengths 24 and 36, using band sizes w = 5 and w = 10:

14.0 1 w=5 | w=10
13.6472 13.6474
L
g 13571 13.4398 T :|:13.4400 I
13.0 1 .
24 36 24 36

Minimum Sequence Length

Figure 4.10: MAE scores with standard deviation over 10 cross-validation repeats in age prediction
using mean heart rate recordings, comparing different minimum lengths and band sizes.

We observed similar results in age prediction with mean blood pressure recordings, yielding a slightly
lower minimum MAE of 13.25, using w = 5. The results were again similar across band sizes. In
contrast, sequences with a minimum length of 36 achieved slightly improved MAE scores. Figure
4.11 presents the MAE scores with standard deviation over 10 cross-validation repeats for mean blood
pressure recordings, comparing minimum lengths 24 and 36, using band sizes w = 5 and w = 10:
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13.0 + 7
24 36 24 36

Minimum Sequence Length

Figure 4.11: MAE scores with standard deviation in age prediction using mean blood pressure record-
ings, comparing different minimum lengths and band sizes.
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In comparison, both baseline models produced considerably higher MAE scores. The baseline model
for heart rate time series yielded an MAE of 24.99 and the baseline model for blood pressure time
series attained an MAE of 25.45. Table 4.13 presents a comparison between the results of the DTW-
based models for both features (with minimum length 36 a band size of w = 5) and the corresponding
baseline models:

MAE Score by Model
Feature DTW Model Baseline Model
u o u o
heart rate 13.647 0.286 24.986 1.418
blood pressure 13.254 0.286 25.449 1.488

Table 4.13: MAE scores with standard deviation over 10 cross-validation repeats for heart rate and
blood pressure time series. The table compares the results of the DTW-based models
(with minimum length 36 and w = 5) against the baseline models.
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5 Discussion

5.1 Discussion of ePod Results

For the start of anesthesia, alpha power was the only feature to yield AUC scores exceeding 0.6 for
delirium classification, with a maximum score of 0.63. It consistently achieved above-average results
across different Sakoe-Chiba band sizes and windowing approaches, while the corresponding baseline
model yielded a considerably lower AUC of 0.515. This may suggest that the shape of alpha power
time series from the start of anesthesia provides some predictive value for delirium classification.
While most features performed best when the number of windows was restricted to 20 or 50 for the
start of anesthesia, AUC scores for these window-limiting approaches averaged around 0.55, which
is just better than random guessing. The best-performing feature, alpha power, yielded similar results
across all windowing approaches. In addition, other features that attained above-average scores did
so with varying windowing approaches, indicating that no single windowing approach consistently
yields better results for the start of anesthesia.

Some features, specifically aperiodic exponent, aperiodic offset and delta power, showed improved
performance with their corresponding statistical baseline models, suggesting that DTW may only be
of limited use and effectiveness for these features at the start of anesthesia - particularly given its
higher time complexity. Although aperiodic exponent yielded some above-average results with DTW,
it achieved the highest AUC of 0.64 attained with statistical features for the start of anesthesia.

The generally lower predictive performance observed at the start of anesthesia, compared to the end of
operation, further indicates that features derived from recordings of this time period may not contain
sufficient similarities in shape related to an onset of delirium needed for reliable delirium prediction
with DTW - with alpha power standing out as a relative exception.

Overall, we observed notably higher AUC scores for the end of operation, averaging 0.63 across all 8
features when using fixed 4-second windows. This outcome suggests that features derived from EEG
recordings of this time period may contain more distinct similarities in shape associated with an onset
of delirium.

Considering that all features, including aperiodic exponent, yielded improved results with DTW com-
pared to their corresponding statistical baseline models, DTW appears to be an effective distance met-
ric for delirium classification when using recordings from the end of the operation.

Coherence achieved the overall highest AUC of 0.66, which indicates that the model has a reasonable
chance of ranking a positive instance above a negative one.

Fixed windows of 4 seconds consistently yielded the highest results for the end of operation, showing
an advantage over limiting window numbers and suggesting that restricting the number of windows
may not be well-suited for preserving patterns in shape associated with delirium.

The slightly improved AUC results observed when using a feature vector combining alpha peak, ape-
riodic exponent and delta power suggest that incorporating more information may provide a more
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suitable representation required for predicting an onset of delirium. Meanwhile, calculating the Eu-
clidean distance between a pair of vectors requires only O(d) time, where d is the dimensionality of
the vectors. This is a relatively minor computational addition compared to the overall complexity of
DTW, which is O(N X M).

The comparable MAE values observed in age prediction, with an average of 4.23 for the beginning of
anesthesia and 4.14 for the end of the operation, suggest that the EEG features may contain compara-
ble, age-related predictive information for elderly patients regardless of the operation phase.

Given the patients’ age range of 70 to 92, spanning 23 years, an MAE of around 4 years indicates
that the models capture some age-related distinctions in the shape of the features, though precision
remains moderate. This suggests that the extracted features may capture only limited information
about shape similarities related to age.

Considering the slightly lower average MAE scores of the baseline models and DTW’s higher time
complexity, DTW may only be of limited use and effectiveness as a metric for age prediction with
EEG recordings. However, since the baseline model’s MAE results are still comparable and similarly
moderate, age prediction also appears challenging with statistical features from EEG recordings.

Furthermore, results indicate that normalizing the DTW distance by the sum of the sequence lengths
N + M 1is an effective approach for analyzing EEG time series features, achieving results similar to
normalization by the warp path length K while improving model efficiency.

Adjusting the Sakoe-Chiba band size yielded varying effects across different features and windowing
approaches. Overall, the impact of band size on results was minimal, though setting w = 5 provided
a modest reduction in computation time.

Despite the application of z-normalization to standardize the data, noise may have contributed to the
rather modest AUC and MAE scores observed in this analysis, particularly for the start of anesthesia.
EEG recordings are susceptible to noise, which can mask subtle patterns in the brain’s electrical ac-
tivity, thereby affecting accurate prediction of delirium onset and age, posing a potential limitation to
this thesis [40]. Given the inherently noisy nature of the data, AUC scores of 0.66 and 0.69 may be
considered reasonably respectable.

Both this thesis and Shi et al.’s study focused on DTW as a distance metric in classification of EEG
features, though within different contexts and with different objectives. While Shi et al. classified
EEG recordings to identify imagined movements, our analysis utilized features extracted from EEG
recordings collected during operations on elderly patients, aiming to predict an onset of delirium.
We implemented a rather simple version of DTW and used SVC with 10 cross-validation repeats,
yielding an AUC of 0.69. In contrast, Shi et al. used a combination of Wavelet Packet Decomposition
and DTW for enhanced feature extraction and applied Quadratic Discriminant Analysis, achieving an
accuracy of 90.89% and making DTW an effective distance metric for classification in this context [7].

5.2 Discussion of MIMIC-IIl Results

In diabetes classification, a maximum AUC score of 0.67 indicates that shape similarity of mean glu-
cose recordings may provide some predictive information, suggesting that the model has a reasonable
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chance of ranking a positive instance above a negative one, though predictive accuracy remains mod-
erate.

Time series with a maximum length of 36, which have a smaller standard deviation in length, achieved
slightly higher AUC scores, suggesting that reduced variation in sequence length may contribute to
slightly improved AUC scores in diabetes classification. The slight differences in results for varying
minimum lengths may also suggest that normalization by N + M, intended to account for variations in
the length of sequences, does not fully balance the effect of length variation on the DTW distance in
this context. Additionally, time series in the dataset with a minimum length of 36 have a higher mean
length, capturing more information over a longer time period, which may have slightly improved pre-
dictive accuracy. Besides, since each dataset had a different minimum length requirement for the time
series, they included slightly different groups of patients. This difference in the data may also explain
small variations in the results.

Increasing the Sakoe-Chiba band size consistently resulted in slightly higher AUC scores in diabetes
classification. A larger band size enables the algorithm to account for greater shifts in timing between
samples, suggesting that these time series may exhibit more substantial timing variation, and more
flexibility in aligning the sequences may have improved the model’s ability to capture similarities that
occur at different times across samples. In addition, we did not apply any domain-specific markers to
define the start and end points of extracted MIMIC-III time series and instead applied general mini-
mum and maximum length constraints. This may have also necessitated a larger band size to account
for the variability introduced by missing domain-specific markers.

In contrast, the simple baseline model not only achieved a considerably higher AUC score of (.79 but
also reduced computation time substantially, suggesting that statistical feature extraction is a more ef-
fective and efficient strategy. Thus, applying DTW to classify hourly aggregated glucose time series
from MIMIC-Extract may not be a well-suited approach to predict diabetes.

The inclusion of patients with undiagnosed diabetes in the dataset could have also affected the results
of diabetes classification. According to data from the CDC, approximately 22.8% of U.S. adults with
diabetes were unaware of their condition in 2021 [41]. These undiagnosed patients would have been
included as non-diabetic instances, potentially affecting the model’s interpretation of shape patterns
in glucose recordings and reducing classification accuracy - posing an additional limitation to this
thesis. However, this should have similarly affected the baseline model, which nonetheless achieved
a considerably higher AUC.

The extracted glucose time series contained a substantial number of missing entries, averaging 70 or
72 in each time series. While removing missing entries does not distort the sequential order of valid
entries, their occurrence effectively extends the time period represented by the extracted time series.
Consequently, the density of information is relatively low over this stretched time period, which may
have affected shape similarity comparisons with DTW, presenting another limitation of this thesis.

In age prediction, we observed a minimum MAE of 13.44 years with heart rate time series and 13.25
years with blood pressure time series. Given the age range of 15 to 89 (spanning 75 years), this
MAE reflects some ability to capture general age-related similarities in heart rate and blood pressure
recordings. However, the relatively high error indicates that age prediction from similarities of hourly
aggregated heart rate or blood pressure recordings alone may be challenging.

When utilizing heart rate time series, shorter sequences with a minimum length of 24 yielded a lower
MAE, while blood pressure time series required longer sequences with a minimum length of 36 to
achieve an improved MAE. These findings may suggest that adjusting the minimum sequence length
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according to the specific medical parameter and its biological rhythms affects model accuracy.

In comparison with the baseline models, which yielded an MAE of 24.99, shape similarity of hourly
aggregated heart rate and blood pressure time series appears to provide some, though limited, pre-
dictive value. Given the overall moderate MAE results from both the DTW-based models and the
baseline models of MIMIC-III features, accurate age prediction may be generally challenging in this
context.

In addition, the general medical condition of ICU patients may have influenced the moderate MAE
results obtained from MIMIC-III features. Patients treated in ICUs typically experience critical health
issues, which can significantly affect physiological parameters such as blood pressure and heart rate,
making them less reflective of age-related values.

Furthermore, MIMIC-Extract aggregated time series into hourly intervals, potentially limiting the
amount of information preserved [|7]. This hourly aggregation may have concealed dynamic varia-
tions within the time series that could have been important for capturing meaningful shape informa-
tion and achieving accurate diabetes classification and age prediction. If these time series shapes only
contain little predictive information to begin with, this inherently constrains our ability to assess the
effectiveness of DTW for capturing meaningful similarities. Consequently, using the aggregated time
series from MIMIC-Extract may not have been an appropriate choice, posing a considerable limita-
tion of this thesis.

Additionally, missing domain knowledge may have impacted choices important to the analysis, such
as selecting relevant features, handling of missing values or defining domain-specific markers for time
series extraction from the MIMIC-III data.

While normalization by N+ M yielded comparable results to normalization by K for the EEG features,
this may not have been true for the MIMIC-III features. However, since we only utilized normaliza-
tion by N + M for MIMIC-III features, we did not evaluate the effect of this normalization method
compared to alternatives, such as normalization by K.

In contrast to Huang and Kinsner’s 2002 study, which used recordings of the heart’s electrical activity,
we utilized heart rate recordings in this thesis. Given the hourly aggregation by MIMIC-Extract, we
focused on the hourly progression of heart rate, rather than examining the heart’s electrical activity
at the level of individual heartbeats. Furthermore, while Huang and Kinsner considered the specific
waveform structure, we did not apply any domain-specific markers to define the start and end of the
time series. We also implemented a relatively simple version of DTW, whereas Huang and Kinsner
adjusted the alignment cost computation by evaluating similarity using the mean of absolute residuals
along the alignment path. Finally, while Huang and Kinsner used ECG recordings for classification
tasks, we utilized heart rate recordings for regression tasks to predict patient age, which limits the
direct comparability of results [6].
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In this thesis, we further evaluated DTW as a distance metric for classification of medical time series
data, using SVC and SVR. We utilized 8 time series features derived from perioperative EEG record-
ings of elderly patients, aiming to predict delirium diagnosis and patient age. In addition, we utilized
hourly aggregated glucose, heart rate, and blood pressure time series from the MIMIC-III database,
aiming to predict diabetes diagnosis and patient age.

In delirium classification, we compared two distinct operative periods and observed notably higher
AUC scores for the end of operation than for the start of anesthesia - with alpha power standing out
as a relative exception, achieving an AUC of 0.63 for the start of anesthesia. Coherence was the best-
performing feature, achieving an AUC of 0.66 for the end of operation, and a combined feature vector
including alpha peak, aperiodic exponent and delta power yielded an AUC of 0.69. For the end of
operation, DTW-based models consistently attained higher AUC scores than the corresponding sta-
tistical baseline models. We examined different windowing approaches and found that fixed 4-second
windows yielded the highest AUC scores. In age prediction with EEG features, we observed a mini-
mum MAE of 4.07 years across an age range of 23 years. Normalization by the sum of the sequence
lengths achieved comparable results to normalization by the warp path length, while also reducing
computation time.

In diabetes classification, we attained a maximum AUC of 0.67, while a much faster baseline model,
which relied solely on statistical features, yielded an AUC of 0.79. In age prediction with heart rate
and blood pressure time series, we observed a minimum MAE of 13.25, across an age range of 75
years.

In conclusion, DTW proved to be a relatively effective distance metric for predicting an onset of delir-
ium, when using features derived from the end of operation and fixed 4-second windows. Notably,
DTW also appeared to be effective for alpha power time series derived from the start of anesthesia.
Given the inherently noisy nature of EEG data, AUC scores of 0.66 and 0.69 may be considered
reasonably respectable. The improved results from using fixed 4-second windows suggested that
preserving more detailed information is important for accurate delirium prediction. Additionally, nor-
malization with the sum of the sequence lengths presented a practical optimization for the analysis
of perioperative EEG features with DTW. The moderate MAE scores indicated that age prediction
from similarities of perioperative EEG time series and hourly aggregated time series is challenging.
We also determined that the hourly aggregation of MIMIC-III time series through MIMIC-Extract
presented a substantial limitation to this thesis and that DTW may not be a well-suited approach in
this context.

Some unanswered questions remain open for future research. In the context of these specific datasets,
it may be worth investigating whether more detailed glucose, heart rate, and blood pressure time series
could improve diabetes and age prediction. In addition, analyzing different approaches to normalizing
the DTW distance for MIMIC-III features could enhance the evaluation of DTW as a distance met-
ric in medical data analysis. Finally, utilizing other classification techniques besides SVC and SVR
would contribute to the analysis of DTW as a distance metric for classification in medical data analy-
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sis. In particular, the 1-nearest neighbor approach, highlighted as a potentially effective technique in
numerous studies, could be applied to the ePod and MIMIC-III features [42], [43].

Overall, we observed varied results depending on the chosen feature, the level of aggregation and the
prediction objective. While DTW was a relatively effective distance metric for delirium classification
with EEG features from the end of the operation, it proved less suitable for diabetes classification and
age prediction with hourly aggregated physiological measurements from MIMIC-Extract.
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Al Tools

ChatGPT

ChatGPT (GPT-40 model), developed by OpenAl, was used to help in summarizing relevant papers,
though we didn’t copy any text generated by ChatGPT.
https://chatgpt.com/

LanguageTool

LanguageTool (free version) was used to correct spelling for English and German throughout parts of
the thesis.
https://languagetool.org/

Grammarly

Grammarly (free version), developed by Grammarly Inc., was used to correct grammar and spelling
throughout the entire thesis.
https://app.grammarly.com/
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