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Abstract

Explanations are essential components in the promising fields of artificial intel-
ligence (AI) and machine learning. Deep learning approaches are rising due to
their supremacy in terms of accuracy when trained with huge amounts of data.
Because of their black-box nature, the predictions are also hard to comprehend,
retrace, and trust. Good explanation techniques can help to understand why a
system produces a certain prediction and therefore increase trust in the model.
Understanding the model is crucial for domains like healthcare, where decisions
ultimately affect human life. Studies have shown that counterfactual explana-
tions in particular tend to be more informative and psychologically effective
than other methods.

This work focuses on a novel instance-based technique called “Native Guide”,
that generates counterfactual explanations for time series data classification.
It uses nearest neighbour samples from the real data distribution with class
change as a foundation. This thesis applies the method on the explanation
of electrocardiogram (ecq) classification, a very complex and vital medical
field where every single ecg carries unique features. Native Guide for ecgs is
explained, examined and expanded by providing necessary background knowl-
edge, amplifying aspects like plausibility, comparing different suitable models
to each other and indicating benefits and downsides. Finally, counterfactual
explanations for ecg data classification generated by Native Guide are evalu-
ated by cardiologists by means of two expert interviews.

Synchronization of the periodic ecg data was shown to be the most important
contribution to the method that enabled the generation of plausible coun-
terfactuals. The experts, who had never seen or used counterfactuals in their
work, were interested in this approach and could envision its application within
the field when it comes to training junior doctors. In general, Al classifica-
tion along with sophisticated proximate counterfactuals indicate success and
reliability when it comes to the identification of heart diseases.






Zusammenfassung

Erklarungen sind wesentliche Komponenten in den vielversprechenden Berei-
chen der KI und des maschinellen Lernens. Deep-Learning-Ansétze sind auf
dem Vormarsch, weil sie beim Training mit riesigen Datenmengen eine prézise
Genauigkeit aufweisen. Aufgrund ihrer Blackbox-Natur sind die Vorhersagen
aber auch duflerst schwer zu verstehen, nachzuvollziechen und zu vertrauen.
Gute Erklarungstechniken kénnen helfen zu verstehen, warum ein System eine
bestimmte Vorhersage macht, und somit das Vertrauen in das Modell steigern.
Das Versténdnis des Modells ist in Bereichen wie der Gesundheitsfiirsorge, wo
Entscheidungen letztlich das Leben von Menschen beeinflussen, von entschei-
dender Bedeutung. Studien haben gezeigt, dass insbesondere kontrafaktische
Erkldarungen informativer und psychologisch wirksamer sind als andere Metho-
den.

Diese Arbeit befasst sich mit einer neuartigen instanzbasierten Technik na-
mens , Native Guide“, die kontrafaktische Erklarungen fiir die Klassifizierung
von Zeitreihendaten generiert. Sie verwendet Stichproben aus der realen Da-
tenverteilung mit Klassenwechsel als Grundlage. Die Arbeit wendet die Metho-
de auf die Erklarung der Klassifizierung von Elektrokardiogrammen (ekg) an,
ein sehr komplexes und wichtiges medizinisches Gebiet, in dem jedes einzelne
ekg einzigartige Merkmale aufweist. Native Guide fiir ekgs wird erklért, un-
tersucht und erweitert, indem notwendiges Hintergrundwissen vermittelt wird,
Aspekte wie Plausibilitit verstarkt, verschiedene geeignete Modelle miteinan-
der verglichen und Vor- und Nachteile aufgezeigt werden. Schliellich werden
kontrafaktische Erklarungen fiir die Klassifizierung von ekg-Daten, die mit
Native Guide generiert wurden, von Kardiologen im Rahmen von zwei Exper-
teninterviews bewertet.

Es stellte sich heraus, dass die Synchronisation der periodischen ekg-Daten
der wichtigste Beitrag zur Methode war und die Generierung plausibler kon-
trafaktischer Erklarungen ermoglichte. Die Experten, die in ihrer Arbeit noch
nie Kontrafakten begegnet sind, zeigten sich an dem Ansatz interessiert und
konnten sich verschiedene wichtige Anwendungsfelder vorstellen, wie z.B. die
Ausbildung von Assistenzérzten in der Inneren Medizin. Im Allgemeinen ver-
sprechen KI-Klassifizierung und ausgereifte, niher liegende Kontrafakten eine
erfolgreiche Zukunft fiir eine zuverléssigere Erkennung von Herzkrankheiten.
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1. Introduction

1.1. Topic and Related Work

The eld of arti cial intelligence (Al) continues to evolve and become more
and more complex. Many machine learning algorithms, especially those that
include arti cial neural networks, achieve exceptional performance and accu-
racy. To give an example, DeepMind's Al AlphaFold determines a protein's
3D shape from its amino-acid sequence and therefore solved one of biology's
greatest challenges [1]. AlphaGo, also an Al of DeepMind, defeats interna-
tional champions in the boardgame Go [2]. A serious problem with accurate
but deeply complex systems is interpretability. Greater attention for explain-
able Al has recently become important with new research into modern deep
learning models and their black-box character [3]. More research is needed to
realize su ciently explainable models in all the di erent systems, data and use
cases. This work focuses on time series data, speci cally electrocardiograms
(ecg), and their classi cation. Classi cation tasks predict class memberships
for speci ed data inputs [4]. For instance, predicting whether an electrocardio-
gram corresponds to a normal or abnormal class. \Native Guide"is a method
to generate instance-based counterfactual explanations on time series data [5].
Counterfactuals are a subclass of di erent explanation techniques, that try to
show alternatives to key elements of the data with a di erent outcome [6][7][8].

Besides Native Guide there are many approaches that try to generate good
counterfactual explanations [5][9]. However, only few can be applied directly
to the time series classi cation eld [5][10][11]. Counterfactuals for time se-
ries data is still a largely unstudied problem. Methods from other elds, like
image classi cation, cannot be directly adjusted to time series models due to
the very complex nature of time series [12]. Quite similar to Native Guide, E.
Ates et al. [10] described a counterfactual generation approach for multivari-
ate time series data using a greedy search algorithm on distractor instances.
I. Karlsson et al. [11] explained a method for univariate time series tweaking,
that does not require instances of the training data. A. Gee et al. [13] in-
troduced prototypes as maximal representatives of a class, but do not make
the connection to counterfactuals. Their work helps to get global insights into
time series classi cation. Still, it is less useful looking at more discriminative
areas of the time series where samples can have unique features [5]. When it
comes to using counterfactuals or other explanation methods, user studies like
in the papers [14],[15] and [16] have shown that users preferred counterfactuals
more than other explainable methods like case-base reasoning or the feature
importance approach. Thereby, this thesis focuses on the counterfactual ex-



plainability method Native Guide. In the original paper [5] by E. Delaney et
al. the method was promised to generate plausible, proximate, diverse and
sparse counterfactuals by design.

1.2. Research Approach: Design Science

A Design Science [17] project centers around an artifact as the object of study.
To thoroughly investigate the artifact two key components of the project, the
design and the investigation, must be carefully constructed and followed. An
artifact interacts with a problem context to improve that context in any pos-
sible way. Therefore, Design Science problems are also referred to as improve-
ment problems. Designs are solutions to a problem and artifacts aim for im-
provements in the researcher's design. Methods, algorithms, or conceptual
structures that hold all requirements are artifacts [17][18].

This thesis investigates the problem context of counterfactual explanations in
time series data. It also investigates the Native Guide method as the design ar-
tifact using existing problem-solving knowledge and newly acquired knowledge
from the investigative and observational steps.

1.2.1. Aims and Obijectives

The goal of this thesis is to investigate di erent aspects about Native Guide, a
generative counterfactual explanation method [5]. First, an in-depth overview
of background information is provided about the proposed method of inquiry.
Second, we investigate the method and compare three di erent classi ers for
time series data (Fully Convolutional Neural Network [19], Residual Network
[19] and InceptionTime [20]). Third, we go one step further and extend the
method with additional ideas involving dierent altering of the generated
counterfactual through synchronization, another perturbation approach and
a shifted decision boundary. This should enable more reasonable use in the
explanation of complexecg data classi cation. Fourth, expert interviews eval-
uate the counterfactuals from a user's perspective and share information about
the problem space. And nally, critical examination of the bene ts and draw-
backs of the approach are examined.

1.2.2. Research Questions

All following research questions (RQ) should be interpreted in the context of
time seriesecg classi cation and counterfactual explanation using the later
explained Native Guide method:

RQ1 Which scienti ¢ knowledge is needed to understand and implement the
Native Guide method?

RQ2 Are there further technical approaches that could enrich the counterfac-
tual goodness but still maintain the basic idea of the method?



RQ3 Does a counterfactual build trust in the prediction of a model?

RQ4 Does a counterfactual provide more insights about data than a prediction
without counterfactual?

1.3. Thesis Outline and Research Methods

To answer the above stated research questions (RQ), various research meth-
ods were applied. We systematically reviewed the knowledge needed to design
and develop the Native Guide method through literature research, answer-
ing RQ1 in the chapter 2 Background Next, an experimental approach us-
ing observations, qualitative and quantitative investigations and optimizations
examines aspects about the method and aims to improve them. This infor-
mation provided answers for the extensive question RQ2 in chapt8rNative
Guide: A Counterfactual Explanation Technique Further, we evaluate the
method in a qualitative problem-centered expert interview on complercg
data with cardiologists. Answers to research questions RQ3 and RQ4 in chap-
ter 4 Evaluation: Expert Interview were obtained through expert interviews
which provided more insights about the current use ofcgs. These interviews
also provided insight for the future of predictive Al models and counterfactu-
als in the medical cardiology eld. Lastly, the chapters5 Discussionand 6
Conclusion and Future Workcomplete the thesis.

Figure 1.1.: Thesis Overview






2. Background

The next sections provide an overview of the required background knowledge
for a counterfactual explainability method in the eld of ecg classi cation.
First, we introduce time series data in chapter 2.1. Second, we want to share a
basic understanding of arti cial intelligence, machine learning, and classi ca-
tion in 2.2. In behalf of that, we also introduce convolutional neural networks
(cnn) more speci cally in 2.3. Next, we explain explainable arti cial intel-
ligence (ai) in 2.4 and counterfactual explanations in 2.5. Lastly, we o er
insights into ecg signal data and corresponding datasets in the sections 2.6
and 2.7.

2.1. Time Series Data

Time series are collections of observations obtained through repeated measure-
ments over time [21]. Any data with an ordered set of values can be adapted
to a time series [22][23]. The following are formal de ntions:

De nition 1 (Time Series) A time seriesT = ft®;t@; ;t(Wgis a vector,
wheren is the length of the time series and each poitit) = (t{9;t{9; ;t¥) 2
R™ is an array of m values [5][22].

De nition 2 (Time Series Data Set) A time series dataseD = fTy; Ty; ; TqQ
is a collection of time series, where each time seri@g 2 R"°™ may have a
class label yx 2 Z from a set of class label¥ = (y1;y2;  ;VYc) [5]-

De nition 3 (Univariate) A univariate time seriesTy is a time series, where
each pointt®® 2 R™ is a 1-dimensional vector withm = 1 [24].

De nition 4 (Multivariate) A multivariate time series Ty, is a time series,
where each point™® 2 R™ is a m-dimensional vector withm > 1 [24].

Despite its omnipresent character, time series data analysitsd ) is less re-
searched than the analysis of other types of data, such as images or tabular
data, especially for sub-domains. Di erent characteristics and temporal in-
terdependencies make time series data di cult to analyse and predict future
behaviour [22].



To give an overview, we de ne some global characteristics of time series data:

A

2.2.

Trend in a time series means that there is a long-term change in its
mean level. In other words, the time series center around an increasing
or decreasing line which suggest a trend [25].

Seasonality patterns repeat themselves regularly and predictable over
intervals of time with xed length, often on a daily, weekly or monthly
occasion [25].

Periodicity is a cyclical pattern that (like seasonality) also repeats itself
over time, but varies in frequency or cycle length [25].

Serial correlation is the observed interdependence between a variable
and its subsequent in the time series over periods of time [25].

Skewnesss the lack of symmetry left and right of the center point in a
distribution [25].

Kurtosis describes a peaked or at characteristic, relative to a normal
distribution. High kurtosis tend to have distinct peaks near the mean,
rapid drops and heavy tails. Low kurtosis usually have a at top near
the mean and less sharp peaks [25].

Linearity is a property of a time series, where each data point is a linear
combination of past or future data points. Nonlinear time series usually
describe much more complex dynamics [25][26].

Self-Similarity can be observed, if a time series has a substructure very
similar or identical to its overall structure. This implies long-range de-
pendencies in the time series [25][27].

Chaosis a random processes with sensitive dependence on initial values,
which is also described as the buttery e ect. In a nutshell, very small
changes or errors of a value lead to very big changes in the near future.
Similar causes have completely dierent e ects in chaotic time series
[25][28].

Basic Understanding of Arti cial Intelligence, Machine
Learning, and Classi cation

Arti cial intelligence (Al) has gained di erent de nitions over the past several
years. We de ne Al corresponding to D. Poole et al. as\a eld that studies
the synthesis and analysis of computational agents intelligibly" [29].

Machine learning is a sub eld of arti cial intelligence and de ned as a col-
lection of computational methods that learn a model with data to improve



performance or to make predictions [30]. Such a modeltakes an input data
sampleX and produces an output class labef. We learn the model, so that an
input space gets transformed into a correctly mapped output spage: X ! Y.

Deep learning is a sub eld of machine learning that involves learning models
with a high level of abstraction. They are composed of multiple processing
layers, which create models that are referred to as arti cial neural networks
(ann), that perform nonlinear transformations on their input. To work e -
ciently, a network needs large amount of representative data. Deep learning is
called deep, because of several layers of neurons that are stacked one after an-
other [31][32]. Arti cial neurons are analogous to biological neurons. They are
the fundamental component for building arti cial neural networks. Neurons
receive inputs and produce outputs applying di erent parameters. This unit

is also called a perceptron. Neural networks consist of multilayer perceptrons
(mlp) which contain one or more hidden layers with multiple hidden neurons
in them [33]. Figure 2.1 shows a schematic representation of a neuron and an
ann compared to its human counterpart.

Figure 2.1.: Neurons and Arti cial Neural Networks: (a) Human Neuron, (b)
Arti cial Neuron, (c) Biological Synapse, and (d) ANN Synapses [34]

A classi cation task in the eld of machine learning is a problem that requires
predicting class memberships for data instances. In this case, the outptitis
a probability space where a moddl assigns a speci c class label frorf with
highest probability to the model input X [4].



2.3. Convolutional Neural Network (CNN)

This thesis focuses on convolutional neural networksr{n s) as a deep learning
classi cation technique. The network structure is not a novel idea. It was rst
proposed by Fukushima [35] in 1988. However, computational limits made its
application di cult at that time. Further improvement and development led

to state-of-the-art results in many recognition tasks [33]. Popularity spread
when AlexNet [36] had won the ImageNet competition in 2012 anchn be-
came an important tool for many domains [23].

We de ne the architecture of acnn as follows: an input layer, convolutional
layers, pooling layers, a feature or attened data layer, and an output layer:

" Input layer takes a time series as an input and has m neurons, where
m is the input time series dimension and n the length of each series [33].

Convolutional layer applies and slides learnable lters (i.e. convolutions)
over the time series of the preceding layer. A lter can be pictured as
a generic non-linear transformation that averages speci ed proportions
of a time series with a moving window. The output of the Iters can

go through a batch normalization function, that maintains the mean

output close to zero and the output standard deviation close to one, and
an activation function, such as the sigmoid or ReLu function, to form

the so called output feature maps [23][33].

Pooling layer divides a feature map into equal-length segments. In case
of average of max pooling, every segment is represented by its average
or maximum value. Pooling is down-sampling the feature maps and thus
reducing variability in the hidden activations. However, not everycnn
architecture incorporates pooling layers [33]. Global Average Pooling
(gap) does not divide the feature maps providing only one averaged
segment for every feature that result in a single real value that represents
a whole feature. Agap layer can be used instead of a feature layer, as
it is demonstrated in gure 2.2 [5].

Feature layer (or attened data layer) represents the original time series

as a series of feature maps. Connecting all feature maps generates a new
time series as the nal representation of the original input in the feature
layer [33].

Output layer consists ofc neurons that all correspond to a class ilY of

a time series. It is fully connected to the feature layer. Then, usually the
maximum output neuron represents the class label solving a classi cation
task [33].

10



Figure 2.2.: CNN for Multivariate Time Series [37]

2.4. Explainable Arti cial Intelligence (XAl)

In recent years, machine learning models have become more and more e ective
due to improved algorithms, ever growing datasets and exceeding computa-
tional power. Improved predictive accuracy also involves an increase in the
complexity of the models. Deep learning systems have boosted the predictive
power but have also decreased the ability to understand and interpret decisions
of a model. The black-box character and complexity of the deep learning sys-
tems makes its inner workings hard to explain. On the other hand, white-box
models typically produce explainable results, but lack in performance com-
pared to the former [38][39].

A system, that does not provide a rationale for a model's prediction, cannot
be fully trusted. To be able to validate a model's correctness, detect bias
or leakages, and potentially learn new patterns in the data, a basic under-
standing of the model is crucial. This is vital for domains such as healthcare
where decisions ultimately a ect human life. There is a need for trustwor-
thy, fair, and high-performing models that can explain their predictions and
actions to their users. This is where explainable arti cial intelligence comes
into play [38][40][41]. Explainable arti cial intelligence kai) is one of many
human-agent interaction problems [8] that tries to combine excellent perfor-
mance with a human understanding of predictions and psychologically e ective
explanations [41]. Human-agent interaction can be de ned as the intersection
of arti cial intelligence, social science, and human-computer interactiorh€i)
[8], as shown in gure 2.3.

11



Figure 2.3.: Human-Agent Interaction [8]

A brief taxonomy of basicxai method characteristics [38]:

12

A

Model-speci ¢ methods are restricted to a related group of machine
learning classi ers.

Model-agnostic methods are applicable for any possibly classi er.
Local methods produce explanations for one speci ¢ data instance.
Global methods produce explanation for the whole model.

Post-Hoc methods focus on analysing and explaining a black-box model
after training by applying particular interpretation methods.

Intrinsic methods restrict the model complexity trying to make it more
interpretable due to a simpler structure.

Enhancing fairnessis another interpretability method that tries to ght
inequalities and discrimination on model predictions. Ideally, machine
learning algorithms should be impartial and non-discriminative. Di er-
ent techniques try to remove bias from data and predictions and to train
a model to make fair predictions.

Sensitivity analysis is a method measuring the contribution of a single
or multiple input variables to the output variance. That way the impact
of each feature in the model prediction is examined.



2.5. Counterfactual Explanations

What might our life be like if we had made key choices di erently? What if
we had moved to another city, attended a di erent university or chose to have
no kids? It is common to ask questions like that occasionally. In fact, these
types of questions are counterfactuals [6].

We will now take a look at the logical understanding and intuition behind
counterfactuals. Factual conditionals state that if one fact is true, then so is
another (p =) Q) [42]. A factual condition in natural language would be:

\If I wash my hands for 30 sec, then they get clean."

When the condition is known for sure it becomes a fact, and we can construct
a counterfactual:

\If I had not washed my hands for 30 sec, they would not have got
clean.”

That is just one possible counterfactual. Another variation is:

\If I had not washed my hands for 30 sec, they would have got
clean."

The next variation is not possible, because it contradicts to the initial assump-
tion, and therefore it is not a valid counterfactual:

\If I had washed my hands for 30 sec, they would not have got
clean.”

Finally, we could also alter the\30 sec"and get in nite di erent counterfactuals
like:

\If I had washed my hands for 10 sec, they would have got clean.”

There are various use-cases for counterfactuals. One compelling use-case is in
the eld of xai. Counterfactuals can help to make complex and incomprehen-
sible black-box system predictions more intelligible to developers and users,
thus paving the way for interpretable models. An interpretable model gives
insights about aspects of the system and helps to understand the causes of its
decision making process. It enables the user to see di erent (counterfactual)
explanations, such as why one decision was made instead of another, and to
predict how a change to a feature will a ect the system's output [7][8].

For the scope of our black-box (time series) classi cation tasks, we de ne more
speci ¢ and restricted counterfactuals as follows:

De nition 5 (Counterfactual) Given an inputx 2 X and the corresponding
output classc 2 Y predicted by a classi er modeb(x) = ¢, a counterfactualx®
is a perturbed instance of x that generates a di erent output clab&?% = °2 Y
[43].
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2.6. ECG Signal Data

This thesis will focus on time series data generated by an electrocardiogram
(ecg). ecgs are used in the medical eld to detect heart anomalies through
activity measurements of electrical impulses produced by the heart. Agcg
machine records this electrical activity and displays it as a trace on paper,
which then is interpreted by a medical or cardiac expert. Damage or disorders
of the heart can change its electrical activity and thus theecg trace. ecg
has become the most important tool when it comes to the diagnosis of heart
diseases [44].

Figure 2.4.: ECG Waveform [45]

ecg signals are periodic time series where each beat consists pf\aave, grs
complex, and at wave. We distinguish between di erent peaksf, q, r,

s, and t), intervals (pr, grs, st , and gt ), and segments [fr, st ), all with
inherent characteristics like amplitude and duration [45], which can be seen in
gure 2.4.

Figure 2.5.: Lead Positions and Axes [46]

14



There are di erent approaches to produce arecg. A standard ecg has 12
leads, which measure the heart activity. A lead is a pair of electrodes (+ve and
-ve) placed on di erent regions of the body and connected to agcg recorder,
as shown in gure 2.5. Bipolar leads record the potential di erence between
two points. Unipolar leads, on the other hand, record the electrical potential
at one particular location by a single electrode [45].

Characteristics | Lead | Positions

I Potential between left and right arm

[l Potential between right arm and left leg
[l Potential between left arm and left leg
aVvVR | +ve on right arm

avL | +ve on left arm

aVvVF | +ve on left leg

V1 4th intercostal space, right sternal edge
V2 4th intercostal space, left sternal edge
Chest, V3 between 2nd and 4th electrodes
Unipolar Leads| V4 5th intercostal space in midclavicular line
V5 5th rib, anterior axillary line

V6 midaxillary line

Einthoven,
Bipolar Leads

Limb,
Unipolar Leads

Table 2.1.: Leads Description [45]

Classi cation of ecgsis very complex because di erent abnormalities do look
di erent and can be very subtle. They may occur only in speci c leads. That
is why it is essential to produce multi-leacecgs. Nevertheless, gure 2.6 shows
one example of a normal and an abnormalkg signal, speci cally an abnormal
change of thest segment andt peak [47].

Figure 2.6.: Normal vs. Abnormal ECG [47]

Early detection and discrimination between di erent disorders is crucial for
proper treatment of patients. Classi cation using machine learning algorithms
can help cardiologists to identify and distinguish heart problems and save lifes
by providing the proper therapy [44].
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2.7. Openly-accessible ECG Datasets

There are not manyecg datasets openly accessible that are also su cient to
train an arti cial neural network. This thesis examined four di erent data
collections with di erent qualities, presented in the following.

2.7.1. ECG200

The ecg 200 dataset has 20@cg samples each with only one heartbeat wave-
form and 96 data points. It is a binary 1-lead univariate dataset. The dataset
can be easily accessed through th&r time series archive [48][49], but the
small amount of data makes is almost impossible to learn a good deep neural
network with much more learnable parameters than provided data samples
[50].

Class ID | Class Name Amount
0 Normal 133
1 Myocardial Infarction 67

Table 2.2.: ECG200

2.7.2. ECG5000

The ecg 5000 dataset is also accessible through tlher archive [48][49] and
holds 5000 samples extracted from a single patient and is divided into ve
di erent classes. Each data sample is 140 points long [51]. Even though it has
more samples thanecg 200, it still does not provide enough to learn a good
deep neural network [50], especially for class 2, 3, and 4.

Class ID | Class Name Amount
0 Normal 2927
1 R-on-T Premature Ventricular Contraction 1767
2 Premature Ventricular Contraction 96
3 Supraventricular Premature Beat 194
4 Unclassi ed Beat 24

Table 2.3.: ECG5000

2.7.3. PTB

A ecg heartbeat categorization dataset on kaggle [52] used the data from the
ptb diagnosticecg database [53] to prepocess it to enable useful classi cation
with deep learning algorithms. Their preprocessed dataset consist of 14552
samples and is using only one lead (univariate) instead of the original 15 leads
in ptb . The sampling frequency is 125 Hz resulting in 188 data points as the
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length of anecg. It is a binary 1-lead univariate dataset di erentiating be-
tween normal and abnormakcgs. Classi cation examples seem to accomplish
good accuracy. However, to obtain equal length shorter samples are padded
with zeros in the end and peaks are not synchronized, which makes it harder
to use such data for the Native Guide method.

Class ID | Class Name| Amount

0 Normal 4046

1 Abnormal 10506
Table 2.4.: PTB

2.7.4. PTB-XL

The ptb-xI dataset consist of 21837 samples collected from 18885 di erent
patients. Theecgs have 12-leads, so the data is multivariate. It represents one
of the largest freely accessiblecg dataset. The instances are collected over a
time period of 10 seconds with a sampling frequency of 100 Hz. Therefore all
data samples have 1000 data points per lead. Furthermore, it is a multi-label
dataset labeled by two doctors, which means that one sample can be assigned
to multiple classes. Being able to assign a sample to multiple classes more
closely mirrors reality since patients can have more than one abnormality [47].

Class ID | Class Name Amount | Amount (Preprocessed)
0 Conduction Disturbance 4907 4492
1 Hypertrophie 2655 2650
2 Myocardial Infarcion 5486 5485
3 Normal 9528 9083
4 ST/T Change 5250 5217

Table 2.5.: PTB-XL

All things considered, we work with theptb-xI dataset for later investigation
and optimization of the method. To make the data more reasonable some time
series can not be considered for analysis. All time series that are labeled as
normal together with any other abnormal class are illogical and thus excluded
during preprocessing. We assume that such labels exist because of di erent
classi cations proposed by the doctors.
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3. Native Guide: A Counterfactual Explanation
Technique

The following chapters describe a novel counterfactual explanation technique
called \Native Guide", originally proposed by E. Delaney et al. [5]. After
explaining the method and implementation, further adjustments and exten-
sions are introduced to reach more generalizable and pro cient explanations.
In the following we refer to the time series, of which we want to produce a
counterfactual, the query time seried.

3.1. Reference Method

Unlike the original paper [5], this thesis de nes Native Guide as an instance-
based model-speci ¢ post-hoc explanation technique that generates counter-
factual explanations for time series classi ers. The following points clarify the
basic characteristics of the method and di erent views compared to E. De-
laney et al. [5]. After that, we de ne and explain the four technical steps of
the generation process based on [5].

" Instance-based: The generation process is based on existing instances
in the dataset. This involves a given query time series that needs to be
explained and the closest neighbour time series that is in another class.
This way the generated time series are usually very similar to the query
time series and in distribution of the data [5]. This also means that the
method not only requires access to the classi cation model but also the
training data, or at least a representative part of it.

Model-speci c: The paper [5] called this method model-agnostic, mean-
ing it should be applicable for any possibly classi er. Given the fact that
the algorithm requires feature maps and weights from the last model
layers [5], we can argue that the method is model-speci c. Not ainns
incorporate these.

Generation: The method generates new time series data that is use-
ful to explain predictions of a model. This also has potential for data
augmentation in sparse time series datasets [5].

3.1.1. Learn or Load Classi er

The rst basic step of the method is to get an underlying (black-box) classi-
er bfor the data that has to be explained. This classi er either needs to be
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trained on respective data, that represents the classes for the to be explained
data, or be pretrained on other but similar data and then ne-tuned to get
better accuracy. It also needs to meet certain requirements that make the next
steps possible. First, the model has to produce feature maps, which are the
outputs of lters applied to the outputs of a previous layer [54]. Second, the
model needs some kind of global-average-poolirgap) layer, where all feature
maps get compressed to one value each. This precedes a dense layer, which
associates the di erent feature values to all possible classes with a weighted
connection [5][23].

Models without a gap layer can not be used, since it is a key element for
the next chapters 3.1.2 and 3.1.4. Known approaches, that produce feature
maps and employ agap layer are: Fully Convolutional Neural Network fcn ),
Residual Network (ResNet) and InceptionTime. All three are described in the
following.

Fully Convolutional Neural Network (FCN)

fcn [55] for time series data was rst proposed by Z. Wang et al. [19] and
evaluated by H. I. Fawaz et al. [23] and N. Strodtho et al. [47]. Itis a con-
volutional neural network without any local pooling layers. The consequence
is that the length of the time series are kept unchanged throughout the layer
operations. The architecture replaces the nal fully connected layer with a
Global Average Pooling ¢gap) layer reducing the number of parameters and
enabling class activation mapping. As illustrated in gure 3.1, dcn consists
of three convolutional layer blocks. Each block contains three operations: a
convolution, a batch normalization and a ReLU activation function in the end
[19][23].

Figure 3.1.: FCN [23]

Residual Network (ResNet)

Likewise, ResNet [56] for time series was also rst proposed by Z. Wang et al.
[19] and evaluated by H. I. Fawaz et al. [23] and N. Strodtho et al. [47].
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The architecture is pictured in gure 3.2 and consists of 12 layers, of which
two are the input and output layers, nine are convolutional layers and one is a
gap layer. Each convolution is followed by batch normalization and a RelLU
activation function. ResNet also has a shortcut residual connection between
each three consecutive convolutional layers, which also explains the name of
the architecture. The linear shortcut enables ow of gradients directly through
these connections, which makes training easier by reducing the vanishing gra-
dient e ect. This e ect happens when the partial derivatives that control the
training process are becoming smaller and smaller, which mitigates prediction
performance [23].

Figure 3.2.: ResNet [23]

InceptionTime

InceptionTime was introduced by H.l. Fawaz et al. [20] and compared tiocn
and ResNet by N. Strodtho et al. [47]. It is described as an ensemble of ve
Inception networks [57], with each prediction given an even weight. As shown
in gure 3.3, InceptionTime consists of two blocks with each three inception
modules rather than fully convolutional layers. Besides an input, output, and
gap layer, it also has two residual connections. It has one residual connection
less than ResNet, which has three. Inception modules perform convolutions,
but also incorporate bottleneck layers that reduce the dimensionality of mul-
tivariate time series and model's complexity. They also mitigate over tting
problems for small datasets, where the system memorizes the training data
instead of learning predictive rules. Also, Inception modules allow to have
much longer lIters than ResNet with about the same number of parameters
to be learned [20]. The convolution is simultaneously applying multiple lters
of di erent lengths on the same input time series. Furthermore, parallel max
pooling makes the model invariant to small perturbations.
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Figure 3.3.: Inception [20]

3.1.2. Class-Activation-Map (CAM)

The second step of the method produces a Class Activation Map. This process
can be done for every time series in the dataset. First, the feature maps from
the last convolutional layer are collected. One could picture feature maps for a
time series input as an array with the length of that time series. Each element
in that array is an importance value for every point in the speci c input time
series and corresponds to the features extracted by the applied Iter. The
higher the value the more important a data point is for that feature. Second,
the weights that connect the global average pooling with the last dense layer
are obtained. There should be weights from every feature value at tlgap
layer to every class. The weights suggest how important a feature is to belong
to a class. The higher the value, the more important is that feature for a class.
Finally, the weighted sum of all feature maps is calculated for every time series.
This process is done by multiplying every feature map with its weight for the
class of the time series and adding the weighted feature maps together to get
an importance value for each data point for that class [5]. We additionally
illustrate the procedure in the algorithm 1.

Algorithm 1 Get CAMs for eachT,

Require: A classi er with feature maps, GAP and last dense layer
1. cam fg
2: for each T, in dataset do

3 f getLastF eatureMaps(classifier; T )

4: w  getWeightsFromLastLayer(classifier )

5

6

7

cam (w f)+ cam
: end for
: return cam

getLastFeatureMaps() returns the feature maps from the last convolutional layer.
getWeightsFromLastLayer() returns the weights from the last dense layer.
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3.1.3. Finding the Native Guide

The third step of the method is to search for a query'sT() counterfactual
nearest (unlike) neighbour Tyun ), also called 'native guide\. This is a time
series from the training data that looks most similar to the query time series,
but is in another class. To nd the native guide, we need to calculate the
distance between the points in the query time series and the points in native
guide candidates. The candidate with the smallest distance to the query is the
query's (T,) counterfactual nearest (unlike) neighbour Tyun ). It is recom-
mended to use Dynamic Time Warpingdtw ) as a distance metric [5]. Unlike
the euclidean distance, that compares every two points of two sequences at the
same time stampsdtw compares the di erences of two sequences by align-
ing an optimal warping path using sampled points in time and a cost matrix.
The more similar two points Kq, Xnun ) are, the lower their costc(Xq; Xnun )
[58][59]. Figure 3.4 shows such an exemplary warping path.

Figure 3.4.: Optimal Warping Path for two Sequences from ECG200

3.1.4. Perturbation

The last step is the generation of the counterfactual® by performing a per-
turbation between the queryT, and the Native Guide Tyyn . That means, a
subsequences, in T is swapped by a feature important subsequen@yun
of Tyun that is provided by the class activation mapping. In the beginning,
the length I of the swapped subsequences is very small, elg= 1, and we
increasels, until the generated T is classi ed into the desired counterfactual
classc®2 Y. To be able to do this, all data must have the same length. We
illustrated this step in algorithm 2.
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Algorithm 2 Generation of T® by Perturbation
1: 1 1

2: ¢ clasy(Ty)

3¢ class(Tnun)

4: do

5: startingP oint getSubsequend@nun ; ls)
6

7

8

9

T°  swap(Tqy; Tyun ; StartingP oint; | )
s Ils+1

. while class(T") = ¢ _ class[")6 ¢’

. return TO

class() returns the class of an input.
getSubsequence() returns the starting point of the most in uential subsequence.
swap() swaps the datapoints of 2 inputs at a starting point and length.

3.2. Investigation and Observation of the Method

This chapter investigates the method based on diverse points of interests that
could a ect counterfactual goodness to gain more insights about the Native
Guide's workings and also collects observations that give a foundation to pro-
pose hypotheses about potential improvements in the next chapter. First, we
compare three di erent potential classi ers in chapter 3.2.1. Second, we inves-
tigate the in uence of ecg signal strength and wavelength in 3.2.2. Next, we
investigate the swapped subsequence-length in chapter 3.2.3 and in uence of
data quantity, length and variety in 3.2.4. Lastly, we compare the in uence of
di erent decision boundaries in 3.2.5. Becaugatb-xI represents the most ex-
tensive and state-of-the-art multi-class, multi-label, and multivariate dataset,
we only used that for the investigations.

3.2.1. Comparison of Classi ers

As introduced in chapter 3.1.1, we compare three di erent convolutional neu-
ral networks as possible classi ers foecg classi cation and the Native Guide
method: fcn , ResNet, and InceptionTime. Because Native Guide requires
normalized data, we ne-tuned the model on the normalizegtb-xI dataset.
The data was rst divided into training, validation, and testing sets using a
strati ed k-fold with k < 8 for training, k = 9 for validation and k = 10 for
testing data. Strati ed k-fold divides the dataset into k folds. Rather than the
splits being completely random, the distribution into the classes is preserved
for every fold [60]. After the clean up of illogical class combination, we ended
up with having 16758 normalized training and 2115 normalized validation data
samples for the ne-tuning. Then we evaluated the accuracy using 2112 nor-
malized testing data. The normalization process is explained later in chapter
3.3.3.
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All three architectures have already been implemented and evaluated on the
ptb-xI dataset in [47]. Their experiment on superdiagnosis classi cation pro-
duced di erent labels when using di erent architectures. Macro averaged ac-
curacy reduces multiclass predictions down to multiple sets of binary predic-
tions, calculates the corresponding metric for each of the binary cases, and
then averages the results together. We use the area under the curee€) as

a performance measurement, which was also used by the paper [47] where we
have the models from.auc tells how much a model can distinguish between
classes. Here are the evaluatealic results for the three approaches from [47]
and our normalized and ne-tuned models:

Classi er AUC

FCN 0.925
ResNet 0.930
InceptionTime | 0.921

Table 3.1.: Classi er Accuracy Results [47]

Classi er AUC

FCN 0.9130
ResNet 0.9161
InceptionTime | 0.8894

Table 3.2.: Classi er Accuracy Results (Normalized Data)

Comparing the results to the work of N. Strodtho [47], the respective accu-
racies for the evaluation with normalized data are slightly lower. Nonetheless,
the corresponding classi er for the maximum and minimum accuracy remained
equal. ResNet seems to provide the most accurate classi cations, whereas In-
ceptionTime even dropped under 90%. Still, all classi ers have very similar
performance values, so there seems to be no clear winner. Moreover, the orig-
inal paper [5] used thefcn as the classier of choice. We also used that
architecture for the next investigations.

Furthermore, the generation of counterfactuals can vary when using di erent
classi ers. One di erence can be the selection of another native guide, because
the classi er predicted other classes for the native guide candidates. Moreover,
the length of the swapped subsequen&gyn can be shorter or longer, because
the predicted values for the counterfactual vary with di erent classi ers.

25



Lastly, model accuracy does not only in uence the predictions, but also plausi-

ble counterfactual generation. Every step of the Native Guide method uses the
classi er inside their algorithms. Thus, if the accuracy of the model is not good

enough, native guide candidates or the counterfactual could be misclassi ed.
For instance, swapping during perturbation could end too soon or too late,

because the counterfactual is not classi ed correctly. High model accuracy is
an important requirement for good counterfactual generation using the Native

Guide method.

3.2.2. ECG Signal Strength and Wavelength

Di erent time series data has di erent characteristics. Some may be easy to
understand, analyse, and generalize, whereas others are more complex. Even
datasets from the same domain can be very diverse. The characteristics of
ecg make them hard to analyse and use for algorithmic methods like Native
Guide. Even though every heartbeat is schematically similar, they still have
more or less di erent rhythms, wavelengths and signal strengths depending on
aspects like age, gender, and even sleep [61].

As described in chapter 3.1.4, the native guide method swaps data points be-
tween two ecg signals. If these signals are not in sync with similar signal
strength, wavelength, and concurrent peaks, perturbation results in implausi-
ble counterfactuals, because both signals do not match with each other and
therefore di erent ecg segments are swapped. Though the method takes the
nearest unlike neighbour to swap with, observation has shown that their lin-
eament can still vary a lot. Figure 3.5 shows the rst two standard leads of
such implausible counterfactuals due to not synchronized data compared to the
same sample with synchronized data. Di erences between the quergg and
the counterfactualecg are much clearer in sub- gure 3.5.b. A full 12-lead rep-
resentation of both is provided in appendix B. Extremely high jumps between
a swapped point and a neighbouring query point can also lead to implausible
counterfactuals, because such anomalies do not occur in agg signals.

3.2.3. Swapped Subsequence-Length

During Perturbation in 3.1.4, the algorithm is taking the most in uential con-
tinuous subsequence and replacing it with the subsequence at the same position
from the native guide time series. Especially with very long data, counterfactu-
als also tend to be very long. It does not only swap speci ¢ important points
from the series, but whole sequences that may include important and non-
important points. Particularly for longer ecg data with repetitive behavior
and anomalies occurring once every cycle, the whole query time series may
have to be swapped to remove a characteristic disease.
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Figure 3.5.: a) Implausible Counterfactual, b) Plausible Counterfactual

3.2.4. Data Quantity, Length and Variety

The available amount of data has strong in uence on the algorithms of Native
Guide. The proposed method uses the training data as native guide candi-
dates. The more training data, the more candidates and the longer it takes
to nd the nearest native guide, as described in 3.1.3. Conversely, only few
native guide candidates provide less coverage for all discriminative areas of
an inspected domain, moreover, causing problems with model training [5][50].
The goal is to nd a balance between the amount of native guide candidates
that covers enough data space but also does not increase the processing time.
To produce counterfactuals for theptb-xI dataset, we reduced the number
of candidates and smoothed class imbalance by randomly selecting 2@
samples from each class, which results in remaining 1000 data native guide
candidates for the counterfactual generation process.

Likewise, data length appears to be a key factor for Native Guide's implemen-
tation requirements and performance. The longer the time series the longer
it takes to perform the perturbation step from section 3.1.4. Besides that,

shorter time series could not show recurrent characteristics like periodicity,

seasonality, rhythm, and, particularly in case ofecg data, heart rate. If the
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classi er does not learn these characteristics, because it has not seen them in
the data, the perturbation step could produce counterfactuals violating these
characteristics and the classi er would not be able to detect the problem.

Lastly, multivariate data can be challenging for Native Guide. Usually, class
activation mapping does not consider multiple dimensions in the time series.
That means, the importance values represent all data points across all dimen-
sions at a given time. Multi-leadecgs measure heart impulses from di erent
body regions at the same time. Therefore, the leads in oreg are very similar
with an aligned waveform and equal heart rate. Swapping the same point in
every lead with synchronized points from the counterfactual time series makes
rather sense. Multivariate time series from other domains may be more chaotic
with more autonomous leads. The practicality of Native Guide with such data
would require further research.

3.2.5. Di erent Decision Boundaries

The original approach [5] used 50 % as the decision boundary, which means
that a counterfactual gets approved when the model is with a prediction over
50% con dent that the counterfactual is not a member of its previous class.
With just one percent more the counterfactual would still be assigned to that
class. Because the area around this 50% is very ambiguous, it is interesting
how a shifted decision boundary changes characteristics like con dence in the
previous class, con dence in the new class, and also the length of the subarray
Swun » that needs to be swapped with the native guide to assign the coun-
terfactual to an opposite class. Therefore, we shifted the decision boundary
between 50 % and 10 % for 14 randomly chosen query time series fromptie

x|l dataset and collected each con dence score and changed subarray-length.
Taking the means for each boundary, we can draw gure 3.6. The mean con-
dence scores describe, how sure the model is that the counterfactieadg is

in a speci c class. We distinguish between the con dence of the previously
assigned class, which is directly in uenced by the decision boundary value and
the newly assigned class.

It is inevitable that the con dence score of the previous class rises when the
decision boundary is higher. In that case, the lower the con dence score, the
less risky is the counterfactual, because the model is more con dent that the
counterfactual is not a member of this class anymore. On the other hand,
the con dence score of the newly assigned class or classes rises imperceptibly
the lower the decision boundary. Conversely, the higher the con dence score,
the more certain is the counterfactual, because the model is more con dent of
the new class membership. However, it is important to mention, that at rst
with some instances is was not possible to generate a counterfactual with the
decision boundary at 10 % or 20 %, because baseline native guide's con dence
of the query's class is already higher than that. As a result, even if all data
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Figure 3.6.: Decision Boundary Shifting

points are swapped, the decision boundary still is not met. Because of that, we
only select native guides with respect to a decision boundary at 10 %, which
is the minimal boundary for our experiment.

3.3. Experimental Approaches for Optimization

In the following section we will see three di erent experiments that introduce
optimization approaches to handle the downsides of the Native Guide method,
but still keep the basic idea of the original approach, which is swapping data
points with a nearest unlike neighbour [62]. First, we propose a normalization
and synchronization ofecg data in section 3.3.1. Second, we test another
approach for perturbation swapping points instead of subsequences in 3.3.2.
Third, we introduce a shifted desicion boundary in chapter 3.3.3.

3.3.1. Normalization and Synchronization
Hypothesis

To provide more meaningful counterfactualsgcg signals need to be normalized
in signal strength and synchronized in wavelength and peak concurrency.

Proof of Concept

Algorithm 3 summarizes all the following ideas. First, we normalize the sig-
nal strength of the ecg data so that the minimum value is at zero and the
maximum value at one. Algorithm 4 is provided in the appendix C that imple-
ments the normalization. Di erences in signal strength between the leads of
multivariate time series are kept, because normalization should be performed
on all leads and not on every lead individually. The shape of the time series
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Algorithm 3 Normalization and Synchronization
1: Ty norm(Ty)

Tnun  norm(Tnun)

Tq; Tnun WaveSyn((Tq; Tnun )

Tq;TNUN shift (Tq;TNUN )

return Tg; Tnun

remains the same, however, changed values can also change the model predic-
tions. Therefore, ne-tuning of the classi cation model using the normalized
data is required to maintain high prediction accuracy.

The next step is the wavelength synchronization, which is more challenging
and a research area itself [63][64]. To synchronize a query time series and its
native guide time series, we rst need to nd the wavelength of both. We de-
ne the wavelength as the length between two heartbeat R-peaks. Identifying
the right peaks in anecg sample can be di cult, since signal strength can be
chaotic and vary [61]. After calculating the wavelengths, the native guide time
series needs to be scaled or squished to match the wavelength of the query
time series. Algorithm 5 in appendix C implements that idea.

Lastly, a time series is shifted, so that the peaks of both are concurrent.
This can be achieved by calculating the fast-cross-correlation using Fourier-
transformations [65]. It recognizes the frequencies of periodic signals by spin-
ning them around a circle and averaging the sampled points. This average is
maximal, when the signal is wrapped around with the right frequency [65][66].
The algorithm 6 in appendix C shows a more detailed exemplary solution
[65][67].

It is important to mention that the wavelength synchronization and shifting
alter the length of the time series. They get aligned by shortening the longer
time series. Furthermore, wavelength synchronization only changes the wave-
length of the native guide sample and not the query time series. Figure 3.7
illustrates, how a synchronization between a query time series (blue) and a
native guide (pink) looks like.

A signi cant question is whether the synchronization could alter the Native
Guide ecg in a way that it gets assigned to another class. In that case, only
native guides without model prediction change can be considered. However,
an optimal synchronization should only change the wavelength of a time series.
According to the study of G. Quer et al. [61], the heart rate of two healthy in-
dividuals can di er by up to 70 beats per minute. Despite this, healthy hearts
are considered to have between 50 and 100 beats per minute [61][68].

More research is needed to evaluate, whether synchronization of teog time
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Figure 3.7.: ECG Synchronization: a) Raw, b) Synchronized

series can have a signi cant impact on the time series class membership. As
a rst test, we compared 2112ecg time series predictions before and after
synchronization. The data in the test is from theptb-xI dataset and the
classi er is afcn with multi-label predictions [47]. 2112ecgs from the test
dataset split where synchronized with their closest native guide out of 1000
randomly chosen native guide candidates from the training dataset split with
equally distributed 200 samples for each class. For all 2112 native guides, the
synchronization changed the model's prediction of in total 129 synchronized
native guides, resulting in a 93.86% success rate in not changing the predicted
label after synchronization.

Conclusion

All things considered, a risk-free normalization and synchronization strongly

depends on a high-performing algorithms and a good classi er. That classi er

should ignore unimportant changes but be able to detect real issues arising
from heart rate changes produced by a synchronization. This way it could

prevent the algorithm from using such native guides. However, counterfac-
tuals of normalized and synchronized data usually look more plausible than
counterfactuals of not normalized or synchronized data, which means that con-
spicuous segments that cause the prediction can be easier identi ed with the
synchronization.

3.3.2. Swapping Points instead of Subsequences
Hypothesis

Swapping important points instead of subsequences reduces the total amount
of swapped data points and still produces plausible counterfactuals.
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Proof of Concept

We changed the perturbation algorithm from chapter 3.1.4 so that it takes the
indices of the feature map weights in descending order by value. Then, data
points are swapped one after another, starting with the corresponding high-
est weight. That way, the most in uential points are swapped rst until the
generated counterfactuall ° changes its prediction to the native guide's class.
Algorithm 7 in appendix C illustrates the procedure.

Producing ten counterfactuals for ten random data samples, we observed time
series that go back and forth between the query time series and its native
guide, resulting in very implausible chaotic counterfactuals, that do not re ect

any real ecg signals. Figure 3.8.a shows a part of such a counterfactual in
comparison to changing the whole subsequence in 3.8.b. Apart from that, we
compared the amount of swapped data points between point and subsequence
swapping within 10 randomly selected samples with a decision boundary at
10%. On average swapping points changed 863 and swapping one subsequence
changed 716 data points.

Figure 3.8.: Perturbation Approach: a) Points, b) Subsequences

Conclusion

Considering the implausibility of counterfactuals produced by point for point
perturbation and, as it turns out, even higher amount of swapped data points,
this approach does not provide any improvement of the original perturbation
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method of swapping the most important subsequence. A theory that explains
the higher amount of swapped points is that the implausibility of the coun-
terfactuals causes problems of classifying it. On the other hand, subsequence
counterfactuals actually almost represent the corresponding synchronized na-
tive guides, because so many points have to be swapped to change the predic-
tion to the desired outcome.

3.3.3. Shifted Decision Boundary
Hypothesis

A decision boundary lower than 50 % reduces the risk of generating a wrongly
classi ed counterfactual, which would be a sample that is classi ed to the
target class by a classi er but in reality does not belong to that class.

Proof of Concept

Chapter 3.2.5 has shown how some samples react to shifted decision bound-
aries that are lower than 50 %. We use the prediction probabilities as con dence
scores of the model. For decision boundaries at 50 % to 10 %, the mean con-
dence score of the newly predicted class decreases very slightly from 90.08 %
to 89.77 %, while the con dence of the previous class rapidly decreases from
7.13% to 35.80%. This supports the stated hypothesis. It can also be seen
that together with the decline of the decision boundary, the mean subarray
length Syun rises from 512 to 670.

Conclusion

The conducted test shows that the risk of generating wrongly classi ed coun-
terfactuals indeed can be reduced by lowering the decision boundary threshold,
because the probability of previous classes decrease while probability of the new
classes increase. However, this also means that the counterfactual is less close
to the query time series and therefore shrinks the proximity, which describes
how close the counterfactual is to its query time series. The problem of not
reaching the decision boundary can be solved by previously selecting native
guides that hold more suitable con dence values. To nd a trade-o between
less risky but more proximate counterfactuals, a decision boundary at 40 %
seems like a good solution. That way ambiguous predictions around 50 % are
obviated.
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4. Evaluation: Expert Interview

For evaluation and knowledge-seeking purposes, we conducted an expert in-
terview with cardiologists. The following chapters describe its goal, structure,
and approach in chapter 4.1, expert background in 4.2 and nally interview
results in section 4.3.

4.1. Goal, Structure and Approach

Expert interviews are suitable research methods when dealing with complex
problems with the necessary context knowledge provided by any experts. It
summarizes and con rms research results and helps to learn more about pos-
sible solutions to the problem [69][70].

ecg classication is a very complex problem and only experts can reliably
evaluate data and usefulness of a counterfactual method in that area. The
problem-centered expert interviews achieve the following goals: First, obtain-
ing more knowledge about the practical use adcgs in the medical eld. Sec-
ond, gaining insights about the plausibility of counterfactuals provided by the
Native Guide method. Third, exploring possible use-cases etg data classi-
cation with counterfactuals. Fourth, receiving improvement ideas, and last,
nding out how experts think about the idea of counterfactuals in general.

The interviews took between 45 and 60 minutes, were semi-structured and
involved mostly open questions. Such an approach guides the interviewee
thematically, but also allows more freedom to answer and ask spontaneous
questions. The audio of the interviews were recorded. Then it was transcribed
and analysed using a structured qualitative analysis approach introduced by
Mayring [71].

After explaining the background and goals of the interview, introductory ques-
tions were asked to get to know the expert's experience, intentions and needs
and therefore already lay a foundation for the next steps. The next part
was conceived as a usability testing with the speci ¢ goal to evaluate the de-
sign, usefulness, plausibility, and satisfaction of the counterfactual explanation
method onecg data classi cation from a real user's perspective with exem-
plary data. Moreover, it provided expert improvement ideas that can help to
advance such methods in future works. We tested secg samples from the
ptb-xI dataset covering at least one sample per class. We chose random sam-
ples, but required a seemly good synchronization between the queries and their
native guides. To see similarities in the decisions but also to evaluate more
counterfactual samples, two samples were evaluated by both experts, whereas
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each expert was provided with two more samples di erent from the other ex-
pert. For all samples we followed the same procedure.

At rst, the expert was asked to assign the sample to one of ve classes and
point out indicative areas. Then, the Al prediction was revealed and discussed.
Next, we showed the counterfactual and discussed its plausibility. As a last
step, the expert was asked to paint in an optimal counterfactual themselves.
To conclude, the experts were interviewed to discover the possible use-cases
for ecg classication with counterfactuals, the overall attitude towards the
method, and potential improvement areas.

4.2. Expert Background

In total, two experienced cardiologists from the same clinic in Germany where
consulted. One is the head doctor of di erent elds including internal medicine
and will be called expert A. The other is a senior doctor for the echocardio-
graphy eld and will be referred to as expert B. Both interviews followed the
same script, but depending on the answers and motivation follow-up questions
did vary.

4.3. Interview Results

All following statements can be retraced in the appendix A, where the con-
verged structured qualitative analysis of the interviews is provided. The results
are categorized into the usage afcg, ecg data quality, general attitude to-
wards counterfactuals, plausibility of counterfactuals, improvement ideas, and
possible use-cases for the method.

4.3.1. Usage of ECG

The experts pointed out, that electrocardiography is a very important cardio-
logical functional tool. Every patient, that is assigned to the internal medicine
department because of any symptoms or specic criteria, certainly gets an
ecqg. It is a fundamental diagnostic method to recognize heart problems. An
equipped clinic saves alecg records to an internal computer program, were
they could be easily accessed also later in time and potentially shared for
projects like this thesis, when personal information of patients are withhold.
The potential use ofecgs for identi cation or authentication can limit open
source use, becauszg s qualify as personal data, which needs to be protected.

Experienced doctors classify aecg as being normal or pathological in a few
seconds. If there is a more complex or ambiguous problem, a group of experts
may need up to ve minutes. Both experts would restrain themselves from
showing theecg to their patients, because in their opinion it is too complex
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to understand. Information overload of patients often does more bad than
good.

In Germany the 12-leadecg is the state-of-the-art way to record and analyse
an ecg. Some doctors would actually prefer to have the option to see more
ecg leads, if they deem it to be necessary. Nevertheless, if one would need to
only use one lead, it should be lead Il of the standard leads, which according
to expert A, would be close to clairvoyance. It is important to mention that
doctors also require a writing speed of 50 mm per second and a calibration
of 1 mV per 1cm for the amplitude of the signal strength. They are used to
that speci c form of display. Similarly, American doctors are used to a writing
speed of 25 mm per second and have problems analysing the German standard.

Lastly, expert A wishes more doctors to be capable of reliably evaluating an
ecg, in case they are working close to the internal medicine eld. Especially
young physicians feel the lack of knowledge or experienceeiog diagnostics.

4.3.2. ECG Data Quality

According to the expert statements during the usability testing, somecg
examples from theptb-xI dataset seem to be incorrectly classi ed by the
Al, but also mislabeled by the doctors that assigned the classes in the rst
place. The false myocardial infarctions were very concerning. Misclassi cation
of those is also a very common mistake by junior doctors in that eld. As

a result, Al predictions cannot be accurate in real life if the given training
data is already assigned to wrong classes. This indicates the need to either
revisit the dataset and correct wrong labels or provide better datasets with
equal or a greater number of samples and labels assigned by more experienced
cardiologists.

4.3.3. General Attitude towards Counterfactuals

The interviews with real experts revealed that counterfactuals are a very
promising explanatory method forecg classi cation. They have never seen
such an approach before and were interested and excited for its future appli-
cation, which could boost further research in that area. For a counterfactual
to make sense expert A would need minimal or very subtle changes towards a
threshold to be convinced of its usefulness. Referring to the views of expert B,
counterfactuals need to be able to recognize the distinct characteristics of the
di erent pathological classes. These characteristics need to be modi ed gradu-
ally until they are in a normal state, while the level of di culty can vary a lot

for di erent diseases. They need to be considered independently by providing
the suitable changes for certain abnormalities.
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4.3.4. Plausibility of Counterfactuals

Expert A was disappointed by some misclassi ed samples and therefore did not
see the usefulness for some of the counterfactuals throughout the test. How-
ever, he assigned all but one counterfactual to their predicted class. Also, all
but one counterfactual changed aecg in a way, that it became normal. Only
one tried to go the other way and make a pathologicadcg out of a normal
ecg. According to expert A, that last counterfactual actually turned out to

be even more normal than its querecg.

Expert B was constantly very pleased with the given counterfactuals and evalu-
ated all as plausible and useful. He especially complimented the synchronized
overlay of the queryecg and the counterfactual, without being prompted
about it. Expert B declared that counterfactuals would emphasize the un-
derlying causes for a speci ¢ classi cation quite nicely. In case of conduction
disturbance or arrhythmia, where total synchronization should be impossible,
it helped expert B to see the rst R peaks concurrent and recognize patholog-
ical delays because of later asynchrony with the counterfactual.

Apart from that, both experts agreed that the counterfactuals look like real
ecg time series. Appendix A shows all teste@écg samples with the model
prediction, originally assigned label and prediction of the experts. The experts
also highlighted conspicuous segments. For evesgg, the Native Guide coun-
terfactual and counterfactuals drawn by the experts are also provided in the
same appendix.

4.3.5. Improvement Ideas

Expert A stated that counterfactuals forecg data should only show subtle in-
dispensable changes in the most relevant segments. The greatest interest seems
to be the critical threshold whereecgs are either physiological or pathologi-
cal. Therefore a counterfactual should represent exactly that threshold. This
would still need to be incorporated in the Native Guide method foecg clas-

si cation. Synchronization is already a bene cial step towards that goal. Still,

the changed subsequence remains very long and crude. However, expert B did
not mention the need for any more subtle changes.

4.3.6. Possible Use-Cases

From consultation with the experts there are various use-cases fecg coun-
terfactuals. First, they can be useful for the education and training of students
and junior doctors. Generally, beginners learn to distinguish between di erent
abnormalities and normalecg s by recognizing critical sections with all possible
variations and assess them correctly. That is exactly what counterfactuals are
doing. Thus, counterfactuals could help students during their training phase,
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which should be tested in future works with actual ongoing candidates for the
internal medicine eld.

Besides that, emergency doctors, like orthopedist, that are not su ciently
trained in ecg evaluation, could need reliable Al classi cation with counter-
factuals, because it is crucial to recognize acute problems like heart attacks that
need to be treated immediately. Next, assistance with Al classi cation is help-
fulin all ecg evaluation tasks where a doctor depends on measurement values,
like the length of arq -wave. Lastly, there are several heart diseases that are
di cult for many doctors to recognize or distinguish. That includes complex
rhythm disturbances and storage disorders like amyloidose or morbus fabry.
Changes in thest -segment are also hard to diagnose and are often wrongly
classi ed by the automatic analysis of the systems that are used nowadays.
Expert B mentioned that he welcomes the option to show a counterfactual to
any doctor that has a need or interest to see it.
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5. Discussion

Even though the opportunities with Native Guide appear promising there are
potential drawback with this method. Given that the technique involves per-
turbation of a query time series until it enters another class, the counterfactual
by design is usually very close to the decision boundary. This was described
as a desired property, by E. Delaney [5] as well as expert A, because the coun-
terfactual would also be as close to the query as possible. This means that
the generated data likely remains in the distribution and reveals the most
important characteristics that would have to be changed to acquire the coun-
terfactual outcome. However, a time series that is very close to a decision
boundary often does not have a considerably high prediction con dence. The
decision boundary is the region of a problem space in which the output class of
a classi er is ambiguous. We point out that designing the generation process
so close to the boundary, also means risking many misclassi ed counterfactu-
als, particularly when using inaccurate classi ers. Experiments in [72] have
shown that wrongly classi ed data are on average signi cantly closer to the
decision boundary than correctly classi ed data. There needs to be a balance
between proximate counterfactuals and low risk classi cation. Slight decision
boundary shifting, as described in chapter 3.3.3, could be one possible solution
for the generation of less risky counterfactuals. The in 3.3.2 introduced idea
to only swap the most important points does not provide plausible counter-
factuals yet, but is a step towards the direction of producing more proximate
counterfactuals.

Another aspect, that became clear during both interviews, is the appropriate
plotting of the ecgs. Dierent countries use di erent calibrations of writing
speed and amplitude. This leads to di erentecg appearances and di culties
evaluating unfamiliar calibration styles. The speci c calibration style used by
the target group needs to be considered before any further testing or applica-
tions are done.

The general complexity of di erent time series data makes it di cult to pro-
duce good counterfactual explanations. The reference method as it is proposed
by E. Delaney et al. [5] did not produce good counterfactuals for the complex
ecg datasetptb-xI . However, normalizing and synchronizing the quergcg

and its native guide is one key idea that enables the generation of plausible
counterfactuals in this thesis. A good synchronization algorithm should reli-
ably spot all R-peaks and determine the average wavelength between two of
such peaks. Everyecg has unique features [73]. Thus, records vary a lot and
peaks can sometimes be very shallow. It is challenging to provide an algo-
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rithm that ignores irrelevant noise and small peaks, like the T-wave, while at
the same time nds all peaks inecg s with low signal strength. The algorithm
should make these detections whether the patient is healthy or sick.

In conclusion, the expert interviews provided key insights about understand-
ing ecg data and analysis. They have shown that the at rst most promising,
comprehensive, and suitable datasgitb-xI could have many mislabeled sam-
ples, mostly for the myocardial infarction class. This is unfortunate, because
an intelligent system cannot work accurately, if underlying labels, which are
required by an Al to connect them with speci c features, are wrong. There is a
need for better labeledecg datasets openly accessible to enhance development
and research in that area. The fact thatecg s could be used in biometric iden-
ti cation mechanisms makes enhancing data availability more di cult [73].
Data augmentation is a possible solution for that problem, because it gen-
erates syntheticecg data. In fact, the Native Guide method generategcg
data making it a viable option for data augmentation [5]. However, the method
would need to be altered to change enough from the original signal in order to
make identi cation impossible.
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6. Conclusion and Future Work

Despite ecg's highly complex data characteristics, it is possible to generate
plausible counterfactuals for model predictions using the Native Guide method,
even though the proximity factor is still capable of improvement.

To implement this method, background knowledge about machine learning,
convolutional neural networks, and explainability is required. Depending on
the eld of application, knowledge about di erent data characteristics may
also be needed. In a eld likeecg that involves periodic time series data,
synchronization has signi cant in uence on the plausibility of counterfactuals.
However, it still needs to be evaluated whether synchronization could criti-
cally alter a time series and if it does how could this problem be resolved.
An example is provided that implements the synchronization step using the
idea of Fourier- transformations and cross-correlation. Furthermore, perturba-
tion with point for point swapping does not provide plausible counterfactuals,
but swapping sequences on multiple repeated segments in the series could be
an alternative approach. This should be implemented and tested in future
work. Additionally, another interesting topic for future research would be the
improvement of the diversity criteria by suggesting di erent counterfactuals
using the next closest native guides.

To summarize, the experts have shown a willingness to use sophisticated coun-
terfactual methods in their cardiologic eld for di erent use cases like educa-
tion. Trust in the model's predictions was increased by the use of counter-
factuals, especially for expert B. All things consideredqi classi cation with
counterfactuals has signi cant potential for the future ofecg analysis by im-
proving the identi cation and understanding of life threatening heart diseases.
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