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Abstract

Cardiovascular diseases (CVDs) are one of the leading causes of death globally. Preventative
measures like monitoring electrocardiograms (ECGs) to screen for arrhythmias is a cost effective
method to mitigate the risks associated with CVDs. However, manual interpretation by cardiolo-
gists takes a lot of time and therefore automated interpretation using machine learning methods
are becoming more popular. The issue with machine learning methods, particularly deep learning
methods, is that their decision making process is difficult to understand for humans. This means
it is difficult for them to be trusted in a medical setting, therefore emphasis on explainability in
machine learning models needs to be increased.

In this project, four novel classifier models that incorporate the existing explainability methods;
integrated and expected gradients, into their training and are based on a Convolutional Neural
Network (CNN) architecture, are proposed. The performances of these novel models are
compared quantitatively to a baseline CNN and Support Vector Machine (SVM). The integrated
and expected gradient explainability methods are also qualitatively compared to the established
Gradient Weighted Class Activation Maps (GradCAM) method. The model performances were
evaluated using 5 repeated stratified 10-fold cross validation and statistical analysis was performed
to investigate the significance of the results.

After evaluation, it was found that although one of the novel model’s performances in the
experiments was comparable to that of the baselines, the baseline CNN model was the best
classifier overall. The integrated gradients explainability method was also found to provide the
clearest explanations about a model’s decision making process.
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1 Introduction

In this chapter the motivations of this thesis will be outlined, as well as presenting the structure
of the rest of the chapters and a brief description about the content of each.

1.1 Motivation
Heart arrhythmias occur when there is an irregularity in your heartbeat and can be an indicator
of many different problems, such as cardiovascular diseases (CVD) or thyroid disease (NHS 2019).
Due to the fact that CVDs are consistently considered as the leading cause of death worldwide
(WHO 2019) it is therefore clear that methods to monitor the conditions of patients’ hearts are
crucial to mitigate the risk factors associated with contracting such diseases. In works such as
Roth et al. (2020) it has been shown that the number of cases of CVD and deaths caused by it
have increased steadily between 1990 and 2019. This shows that more than ever methods to
prevent deaths caused by CVD are a strong requirement today.

ECGs have been shown to be popular and cost-effective methods to monitor patients’ heart
activity to help diagnose CVD (Serhani et al. 2020). Since the inception of ECGs, cardiologists
have been trained to manually interpret the information displayed by these heart monitoring
devices, to identify if heart arrhythmias are occurring and whether further action should be
taken.

In recent years there has been rapid development in machine and deep learning techniques,
especially in medical domains where classification problems are required to be solved (Shen et al.
2017; Anaya-Isaza et al. 2021; Yadav and Jadhav 2019). The promising performance of these
models have clear benefits in assisting medical professionals in clinical and research applications.
This is due to their high accuracies achieved by analysing very large datasets at speeds unachievable
by humans.

A significant concern regarding most machine and all deep learning methods is to do with their
black-box nature. Due to their incredibly complex structure, it is very difficult for users of these
methods to understand their inner workings and how the models arrive at certain decisions. It
is therefore incredibly difficult for users of these methods, especially medical practitioners, to
trust deep learning models enough to use them in high-risk decision making domains where
patients’ lives are at stake. Following from this it is clear why this became such an active research
area in parallel to machine learning methods, in regard to reducing the black-box property
of these models. This domain of research revolves around increasing the explainability of
machine learning models, or better yet to make them interpretable by design. By successfully
and consistently increasing the user trust in these machine and deep learning models, the benefits
of their performance could have many beneficial impacts, especially in the medical domain.

Many different explainability methods applicable to machine learning models to uncover their
black-box behaviour exist. These can be placed into categories such as if the method provides
global or local explainability and whether the method is model specific or agnostic. This will be
discussed further in Section 2.4. Integrated and expected gradients are two local explainability
methods that are model agnostic and have been used to facilitate user understanding of the model
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decision making process. With so many different explanation methods available and there not
being a standard quantitative way to compare them, it is also very difficult to evaluate which
methods are objectively better. There have been huge steps in trying to develop models that
take both classification performance and explainability into account throughout model design,
particularly through the use of Expected Gradients in Erion et al. (2021). At the time of writing
this paper, there is a gap in the research focused on integrated or expected gradients to train
models for classification of ECG timeseries data. In this paper, four novel deep learning models are
proposed, that incorporate integrated and expected gradients into training and are all based on a
Convolution Neural Network (CNN) architecture. These novel models will then be compared to
a baseline CNN and a Support Vector Machine (SVM). All of the models under investigation were
trained and tested using the MIT-BIH dataset (Moody and Mark 2001). Statistical hypothesis
testing will be using to compare the performances of the different models. Additionally, to
evaluate the explainability of both integrated and expected gradients, the visualisations of both of
these will be compared to those produced using GradCAM (Selvaraju et al. 2017).

1.2 Requirements Analysis
Should Have: at the start of this project, there were a number of requirements that had to be
achieved:

• To develop deep learning models for timeseries ECG classification that are inspired from
existing state-of-the-art models.
• Evaluate and compare their performances against a shallow machine learning model, such

as an SVM, as well as a baseline deep learning model.
• Ensure that this novel model has an aspect of interpretability or explainability, for example

using gradient-based methods, that can reduce its black-box behaviour.

Achieved: at the end of the project all of the above were achieved as well as the items listed
below:

• Investigation of whether incorporating gradient-based attribution priors in the training
loss function improves the accuracy of deep learning models.
• Comparisons were made between models incorporating gradient-based attribution priors,

with respect to their explainability and performance in classification.

1.3 Dissertation Structure
• Chapter 2 will cover the MIT-BIH dataset and outline the basics of the problem domain.

It will also discuss existing research concerning highly performing models as well as work
carried out into interpretability and explainability, all of which this project builds upon.
• Chapter 3 goes through the design and implementation of models used in this project.

Starting with the shallow SVM model used, followed by the architecture of the Convo-
lutional Neural Network model used in the classification problem. Explanations of the
Integrated and Expected gradient methods used to improve performance and provide visual
explanations are then presented. This chapter will also go on to describe the technologies
that were used in the project, the pre-processing that was applied to the data and the
explainability techniques compared.
• Chapter 4 contains the evaluation of the different models on the dataset, as well as the

results produced from this evaluation.
• Chapter 5 is the conclusion of this dissertation, where the results obtained are reflected

upon and possible avenues for future work are outlined.
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2 Background

2.1 ECG specifics
To better understand the literature surrounding beat classification from ECG recordings it is
best to start with what an ECG is. The contractions of the heart are controlled by electrical
impulses initiated by the sinoatrial node. These electrical impulses can be detected using electrodes
connected to the ECG and represented as an ECG recording. Different ECG machines record a
different number of amplifier channels, they are either a single lead ECG or a multi-lead ECG.
When recording the electrical activity of the heart, it is possible to do so by placing the electrodes
of the ECG at different locations, with varying orientations on the body, in order to gain spatial
information.

Visually, an ECG is a long waveform consisting of multiple heartbeats. Segmenting the beats to
inspect the morphology of each is how classification is performed. The morphology of a typical
normal heartbeat consists of the P wave, the QRS complex (the Q, R and S waves), and the T
wave. Each of these waves correspond to the electrical impulses entering and exiting different
sections of the heart. The peak of the R wave, known as the R peak, is commonly used in the
standard method of segmenting each individual beat. A diagram of an ECG beat and its labelled
different segments can be found in Figure 2.1.

2.2 MIT BIH Dataset
The MIT BIH dataset is a popular, publicly accessible dataset used frequently for research in
timeseries ECG classification (Moody and Mark 2001). The dataset consists of 48 records from 47
subjects, where 60% of patients were inpatients and 40% of patients were outpatients. Each of the
records are an approximately 30 minute long recording from a two-lead ECG, that is digitized
at 360 seconds per sample for each of the two channels. The heartbeats in the dataset were

Figure 2.1: A representation of what a single heartbeat appears like on an ECG recording, with labels
describing each wave and each section of the beat.
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Table 2.1: Heartbeat Classes as they are found in the MIT BIH dataset, along with their equivalent
medical description. The ID column represents how the classes are represented as indexes throughout the
project.

ID Heartbeat Class Medical description
1 N Normal beat
2 L Left bundle branch block beat
3 R Right bundle branch block beat
4 V Premature ventricular contraction
5 A Atrial premature beat
6 F Fusion of ventricular and normal beat
7 f Fusion of paced and normal beat
8 / Paced beat

annotated by cardiologists, albeit there were a considerable number of heartbeats that could not
be confidently classified. These annotations include the class that each heartbeat belongs to, and
although this dataset contains many different classes, only eight will be considered throughout this
project. The labels of these classes as they appear in the dataset, their accompanying descriptions
and the numerical ID used to identify them throughout implementation is summarised in Table
2.1.

2.3 Automatic classification of heartbeats from ECG record-
ings

Early research into automatic classification of ECG recordings dates to as far back as 1978 in
Rautaharju et al. (1978). This work discusses how utility of computer interpretation of ECG
recordings was expanding. It goes onto explain how there were many benefits provided by this
advancement, although the authors added that the stated advantages were subjective. Some of
the advantages pointed out include the ability of computers to handle high volumes of ECG
recordings, improving the quality of ECG interpretation possible by using a unified standard and
most importantly the use of emergency ECG automatic interpretation when a cardiologist isn’t
available. This paper goes on to discuss some of the methods adopted by several existing programs
at the time, which include using decision trees and maximal likelihood statistics to obtain possible
classifications for interpretation. The use of automatic classification using artificial neural networks,
has been prevalent since the early 1990s. Early works include that of Edenbeandt et al. (1993),
Farrugia et al. (1993), Reddy et al. (1992) and Hedén et al. (1994), with networks ranging from
multi-layer perceptrons (MLP) to multi-layer feed-forward networks. The common motivations
of this research appeared to be comparing the accuracy of the automatic methods to that of
cardiology experts. These works also agree that at the time, the use of neural networks had great
potential to be used in the future to improve the performance of ECG interpretation programs.

2.3.1 Support Vector Machines

Support Vector Machines (SVMs) are a machine learning method that was proposed in Boser and
Vapnik (1992) that is commonly used in classification and regression tasks. In a classification task
SVMs work by creating a hyperplane that best separates data points into one of two clusters of
their respective classes. This hyperplane effectively represents the classification decision boundary.
Their effectiveness in the interpretation and classification of ECG heartbeats was demonstrated
in early works such as Osowski et al. (2004), Kikawa and Oguri (2004) and Zhao and Zhang
(2005). Particular in the problem domain of heartbeat classification using ECG signals, SVMs
have proven to obtain high performances in metrics such as accuracy (Rabee and Barhumi 2012;



5

Jannah et al. 2021). It is for this reason that an SVM model will be used as the baseline model to
compare against all other models defined in this project.

2.3.2 Convolutional Neural Networks

Convolution Neural Networks (CNNs) have become widely adopted as a deep learning technique,
ever since its inception in 1987 (Atlas et al. 1987). Although CNNs are mostly used in image
classification tasks due to their high performance (O’Shea and Nash 2015), research has shown
them to be as equally powerful in most classification problem domains, particularly in classifying
heartbeats.

CNNs are similar to typical artificial deep neural networks in their structure but stand out due to
the convolutional layers that they contain. In the case of 2D CNN for image recognition, when
an input is passed into a two-dimensional convolutional layer, a two-dimensional convolutional
kernel or filter slides over sections of it, applying a mathematical operation to produce the
output to be passed to the next layer of the network. The mathematical operation used by the
convolutional kernel determines what kind of feature is extracted in this convolutional layer, in
the case of image recognition this could be edge detection. As more and more convolutional
layers are added to a CNN, increasingly complex features can be extracted from an input to the
model. One-dimensional CNNs work in the same way as two-dimensional CNNs apart from
the fact that instead one-dimensional convolutional kernels or filters are applied to inputs of each
layer. There are other important layers that usually accompany convolutional layers in a CNN,
such as batch normalisation layers which can be used after each convolutional layer to normalise
features along a batch of the input to speed up and also stabilise training. Another important
layer commonly used in CNNs is pooling layers, either max pooling or average pooling, used
to downsample the output from a previous layer by using another kernel or filter to get either
the max or average over a feature map produced by a convolutional layer. This downsampling
method has been shown to reduce overfitting of models and help them generalise to unseen data.
A final key part of a typical CNN are the fully connected dense layers, that is common in normal
artificial neural networks and is where the final classification decision is produced.

The deep neural network evaluated in Hannun et al. (2019) showed that the sensitivity of the
neural network had exceeded the average sensitivity achieved by a group of cardiologists. This
paper suggested that the use of this automatic classification could help filter through and find
more urgent conditions so that they receive medical attention quicker. The deep neural network
proposed is similar to that of a CNN, and consists of many convolutional, batch normalisation
and max pooling layers as described above. CNNs were also used in the works of Acharya et al.
(2017) and Kiranyaz et al. (2016) whose model performance results are also outstanding. These
studies boast that their models’ performances are the current state-of-the-art for automatic ECG
classification with respect to the screening of heart irregularities such as arrhythmia. However,
they all do not address one of the biggest issues with deep learning at this current point in time,
which is the lack of explainability or interpretability of models.

2.4 Interpretability and Explainability
Machine and deep learning methods have been prevalent for a while, however, for the most part
they have remained black-box models; whereby their internal logic is not exposed to the user and
is usually difficult to understand. The increased adoption of machine and deep learning models
in high-stakes decision making and critical situations such as healthcare requires their users, such
as medical practitioners, to have trust in them. Practical and ethical concerns about the black-box
nature of these automatic decision systems have led to development of new research that attempts
to increase interpretability and explainability when developing models.
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Barredo Arrieta et al. (2020) provides an in-depth review of this literature and points out that
there is inconsistent use and constant interchangeability between the terms ’interpretability’ and
’explainability’, as well as what is required for models to satisfy these definitions. The authors of
this paper decided to clarify on a number of definitions, as shown below.

Interpretability: "...refers to a passive characteristic of a model referring to the level at which a given
model makes sense for a human observer."
Explainability: "...viewed as an active characteristic of a model, denoting any action or procedure taken
by a model with the intent of clarifying or detailing its internal functions."
Expanding upon these definitions, models satisfying the interpretability definition are described
in Barredo Arrieta et al. (2020) as being interpretable by design, whereas models in general can
be explained. This means that most models consisting of neural networks are not interpretable,
since it is very difficult for a human to understand the steps taken from input to the output of
the model. This is why increasing the understandability of Deep Learning methods to users is
performed using post-hoc explainability whereby explanations for why and how these decisions
were made are produced only once the models have been trained and made predictions. A further
distinction of explainability method types concerns whether they are global or local explanations
for a model or whether the explainability methods are model specific or model agnostic.

2.4.1 Existing Explainability Methods

Popular examples for post-hoc local explainability methods include CAM (Zhou et al. 2016) and
Grad-CAM (Selvaraju et al. 2017), especially in image recognition. These methods produce
attention heat maps to visualise regions of pixels that the model pays most attention to when
making its classification decision. The issue with CAM is that it depends on a model containing
a global average pooling (GAP) layer as well as a convolutional layer. However, Grad-CAM is a
less restrictive version of CAM in that models only require a convolutional layer, and gradients
are calculated between the output of the model with respect to the feature maps of the final
convolutional layer to produce a heatmap. Overall, these methods are model specific, due to
them only being implementable on models that contain convolutional layers, for example in
CNNs or in Long Short-Term Memory (LSTM) networks. Local Interpretable Model-Agnostic
Explanations (LIME) (Ribeiro et al. 2016) on the other hand is applicable to any model, providing
local explanations that can be easily understood by non-expert users. A popular method for global
explanations is Permutation Feature Importance (PFI), whereby the score achieved by a model
is tracked when removing certain features from the input, to investigate how important each
feature is to the model’s accuracy for example. This method falls short in providing a detailed
explanation of the model decision making process, however.

Rudin (2019) presents criticism towards explainability methods for models, particularly in situa-
tions where the decisions made are high stakes, for example in the medical domain. Although the
paper mainly revolves around machine learning, it points out that post-hoc explainability methods
such as attention heat maps can sometimes be misleading and not provide useful information about
the decision making process. Furthermore, the paper fails to acknowledge that deep learning
methods, that consist of neural networks, cannot be interpretable by design. Instead, research is
presented that proposed a prototype network that produces non post hoc explanations whilst not
having a trade-off between accuracy and interpretability.

Further work in Kindermans et al. (2019) and Viering et al. (2019) present supplementary evidence
for how unreliable these post hoc explanation methods are with examples involving Grad-CAM
and saliency maps. Research such as this exposes how certain manipulations of model architecture
or inputs are shown to have little or no effect on prediction accuracy. This reinforces the point
of view described in Rudin (2019) where understandability should be taken into account from
the start of the model design process.



7

2.4.2 Attributions Methods

An early method for local explainability of non-linear classification models was proposed in
Baehrens et al. (2010) and called attributions. In the context of machine learning this was described
as showing what features of the input to a model actually attribute or contribute to the final
prediction. This was achieved because calculating the gradients between the inputs and the
output predictions of the model can be used to help users understand which particular inputs
attributed to the final classification. Calculating attributions for a certain ith feature of an input
to a linear model of the form:

𝑓 (𝑥) = 𝑤1𝑥1 +𝑤2𝑥2 + ...𝑤𝑛𝑥𝑛, (2.1)

produces an attribution score Φ(𝑖) where the calculation can be summarised as:

Φ(𝑓 (𝑥), 𝑖) = 𝑤𝑖𝑥𝑖 . (2.2)

For non-linear models however, the gradients between the output predictions and the input are
used to get the attribution, by multiplying the gradient, usually a partial derivative, by the input
feature to get the attribution score:

Φ(𝑓 (𝑥), 𝑖) = 𝑥𝑖 ×
𝜕𝑓 (𝑥𝑖 )
𝜕𝑥𝑖

. (2.3)

Numerous works demonstrated the use of this explainability method in a number of applications,
for example deep learning image classification of different entities (Simonyan et al. 2014) and on
the MNIST dataset (Shrikumar et al. 2017).

There were problems found with this method however, saturation being one of them which has
been discussed in Glorot and Bengio (2010) and Sundararajan et al. (2016). For example, the
gradients may be very small around a sample input or near flattened if the model uses a ReLU
function, where 𝑅𝑒𝐿𝑈 (𝑥) =𝑚𝑎𝑥 (0, 𝑥). Small or even zero gradients would result in an incredibly
low or even zero attribution score even if the output prediction did rely heavily on these features.

2.4.3 Integrated Gradients

In Sundararajan et al. (2017) the authors point out that there are a number of flaws with previously
proposed gradient based attribution methods for explainability. A number of axioms, that these
attribution methods should satisfy, are presented and used to show how previous methods fail
these axioms. The researchers used this axiomatic framework to develop a novel attribution
method called Integrated Gradients. This new method satisfied all of the proposed axioms and
was shown to produce useful visualisations of explanations in object recognition networks and
neural machine translation, for example.

The integrated gradients method proposed in Sundararajan et al. (2017) avoids saturation due to
its mathematical formulation. To calculate integrated gradients first a baseline has to be chosen,
this is to represent an input that contains no signal or no information. In the context of image
classification, a completely black image is used. Interpolation is then performed from the baseline
to an actual input to train the model, with a set number of steps in interpolation. The predictions
are then calculated for each of the steps in interpolation, and then the gradient of these predictions
with respect to the input are calculated. Finally, these gradients are integrated over a straight line
path from the baseline to the input, which avoids problems with local gradients being saturated.
Mathematical details of integrated gradients can be found in Section 3.2.1.
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2.4.4 Attribution Priors

Ross et al. (2017) built upon these attribution methods and proposed using the explanations
created to train non-linear models, which was the first occurrence of attribution priors. This was
achieved by regularising the loss function at every training step, which would penalise certain
inputs that had low attribution scores in the final output. To penalise certain inputs, a binary mask
using a matrix A would have to be specified, which would be used to indicate the relevance of a
certain dimension and shrink gradients associated with those that were irrelevant. The authors of
this paper made the limitations of this research clear, including how understanding the meaning
of inputs and input gradients would be difficult for users, as well as specifying the masking matrix
A as being a whole challenge in itself. Other works have demonstrated applications of attribution
priors, whereby the attributions are incorporated into model training, and have shown this to be
a successful method in areas like natural language processing (NLP) (Liu and Avci 2019).

2.4.5 Expected Gradients

The integrated gradients method proposed in Sundararajan et al. (2017) uses baselines as a reference
to calculate the attribution score for each input value. These baselines are hyperparameters that
users of the model have to choose appropriately for the problem domain that the model is being
used in. In the case of image classification, a baseline of a black image is typically used to represent
an input of no signal.

The work done in Erion et al. (2021) demonstrated that this choice of baseline as a hyperpa-
rameter could be obfuscated using their proposed method that built upon integrated gradients,
called expected gradients. The proposed attribution method obtains baselines and the step in
interpolation using sample based approximation. Similarly to integrated gradients, it manages to
satisfy the axioms defined in Sundararajan et al. (2017). It was shown in this research that the
attributions produced were comparable to those created by the integrated gradients method and
are attainable in much shorter execution times. Furthermore, Erion et al. (2021) demonstrated
the use of the attributions derived from expected gradients method as an attribution prior to train
models and achieve high performances in image classification and biological prediction tasks.

Sturmfels et al. (2020) discusses the many problems that revolve around having the choice between
many different baselines as a hyperparameter to tune when using integrated gradients. This
work goes on to point out that different baselines will lead to different attributions and therefore
different visual explanations of a models decision making process.

2.5 Building upon this previous work
No current research exists on using both integrated gradients and expected gradients in attribution
prior methods to train models in the timeseries classification of ECG heartbeats. It is for this
reason that this project aimed to develop novel models to achieve this and therefore investigate
the ability of the attribution methods in training deep learning models.

2.6 Chapter Summary
In this chapter an overview of the problem domain was presented, as well as previous works that
have been shown to produce state-of-the-art results in deep learning classification of heartbeats.
Concepts as to how users have better understanding of model decision making was also covered,
alongside existing methods used parallel to deep learning to assist this. Finally how these explain-
ability methods can be used to improve the performance of deep learning models was discussed,
for example Expected Gradients as an attribution prior.
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3 Methods

3.1 Machine Learning Models used in this Project
3.1.1 SVM

The SVM used in this project was implemented using scikit-learn’s C-Support Vector Classifi-
cation (Varoquaux et al. 2015). SVMs are designed to perform binary classification, where the
model has to find the decision boundary or hyperplane between two classes in a dataset. However,
this project requires a multi-class classification SVM for all of the eight different heartbeat classes
(see Figure 2.1). Therefore, ’ovo’ was passed into the decision_function_shape parameter of the SVM
created using scikit-learn, so that a ’One-vs-One’ classification strategy was adopted. This works
by splitting the multi-class classification of the eight classes into a number of binary classifications,
specifically 28 binary classifications (Brownlee 2020). No other hyper-parameters were tuned
for this SVM model, the default parameters provided from scikit-learn which included an RBF
kernel, were used.

3.1.2 Convolutional Neural Network

The CNN used in this implementation was developed using Keras. The architecture of this
model is summarised in Figure 3.1, the image of this architecture was produced using Netron
(Roeder 2020). The input layer takes as input any number of beats and passes this input onto
the first convolutional layer. The first two convolutional layers contain Rectifier Linear Unit
(ReLU) activation functions and are followed by batch normalisation layers. The output of the
second batch normalisation passes into the final convolutional layer which also contains a ReLU
activation function and is then passed onto a max pooling layer. Then, this max pooled output is
flattened and then passed into three fully connected dense layers that contain ReLU activations
and finally to a last fully connected dense layer. The output of this last fully connected dense
layer then has a softmax applied to it to produce the final classification output.

3.2 Gradient Based Explainability Methods
3.2.1 Integrated Gradients

As previously mentioned, integrated gradients in image classification typically uses a black image
as a baseline to represent a zero-signal input. The baseline for this project, a baseline that
referenced no signal or a ’flatline’ was used, equivalent to an all zero amplitude ECG beat. Below
is the formula presented in Sundararajan et al. (2017) for integrated gradients:

𝐼𝐺 (𝑥, 𝑥 ′) = (𝑥𝑖 − 𝑥 ′
𝑖 ) ×

∫ 1

𝛼=0

𝜕𝑓 ((1 − 𝛼)𝑥 ′ + 𝛼𝑥)
𝜕𝑥𝑖

𝑑𝛼. (3.1)

This equation is shown to be intractable in the work of Sundararajan et al. (2017) and therefore
a summation can used to approximate the integral when it comes to implementing Integrated
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Figure 3.1: Convolutional Neural Network Architecture, created using Netron.

Gradients. The Riemann approximation is suggested to be used by the authors of this work, and
the approximation equation can be shown below:

𝐼𝐺𝑟𝑖𝑒𝑚𝑎𝑛𝑛 (𝑥, 𝑥 ′) = (𝑥𝑖 − 𝑥 ′
𝑖 ) ×

𝑚∑︁
𝑘=0

𝜕𝑓 ((1 − 𝑘
𝑚
)𝑥 ′ + 𝑘

𝑚
𝑥)

𝜕𝑥𝑖
× 1
𝑚
, (3.2)

where𝑚 is equal to the number of interpolation steps, therefore the number of gradients calculated,
and 𝑘 = (1, 2, ...,𝑚). However, in the implementation of Integrated Gradients used in this project,
a simple Trapezoidal approximation was used instead, based on this equation:

𝐴𝑟𝑒𝑎 =
ℎ

2

(
𝑎 + 𝑏

)
. (3.3)

In this use case, ℎ, the height, would be equal to one, since the timeseries data increments by
one at each consecutive point. The values 𝑎 and 𝑏 in this equation represent adjacent gradients,
calculated at each interpolation step:

𝐼𝐺𝑡𝑟𝑎𝑝 (𝑥, 𝑥 ′) = (𝑥𝑖 − 𝑥 ′
𝑖 ) ×

𝑚−1∑︁
𝑘=0

1
2

( 𝜕𝑓 ((1 − 𝑘
𝑚
)𝑥 ′ + 𝑘

𝑚
𝑥)

𝜕𝑥𝑖
+
𝜕𝑓 ((1 − 𝑘+1

𝑚
)𝑥 ′ + 𝑘+1

𝑚
𝑥)

𝜕𝑥𝑖

)
× 1
𝑚
. (3.4)

The original integrated gradients paper (Sundararajan et al. 2017) recommended using 𝑚 ∈
{20, . . . , 300} steps in the approximation of the integral. It was pointed out in Liu and Avci (2019)
that training a model using integrated gradients with this many steps can take up to 30 times
longer. Considering that training times were already quite high for the baseline CNN model, it
would take even longer to train with a large number of interpolation steps in the approximation.
Due to time constraints, the decision was therefore made to choose𝑚 = 4, ensuring not only that
training overhead remained reasonably low, but also that the number of interpolated gradients
could still be averaged over.
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Figure 3.2: Demonstration of how a model’s classification prediction changes as interpolation occurs from
the baseline to normal input

Implementation of integrated gradients in this project was achieved by altering the code provided
in the Keras tutorial for integrated gradients to only perform five interpolation steps and to also
specifically handle one-dimensional ECG timeseries data.

3.2.2 Expected Gradients

A method to avoid the choice of baselines to produce attributions in a similar way to integrated
gradients is proposed in Erion et al. (2021) called expected gradients. Avoiding specifying a
baseline can be done by calculating integrated gradients over multiple baselines belonging to the
same distribution, for example the uniform or gaussian distributions. The paper demonstrates
that this is equivalent to simply integrating over a baseline distribution D:

𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡𝑠 (𝑥) =
∫
𝑥 ′

(
(𝑥𝑖 − 𝑥 ′

𝑖 ) ×
∫ 1

𝛼=0

𝜕𝑓 ((1 − 𝛼)𝑥 ′ + 𝛼𝑥)
𝜕𝑥𝑖

𝑑𝛼

)
𝑝𝐷 (𝑥 ′)𝑑𝑥 ′. (3.5)

As integrating over a distribution D is usually intractable, the researchers in the paper changed
the calculation to be reformulated as an expectation:

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡𝑠 (𝑥) = 𝔼
𝑥 ′∼𝐷,𝛼∼𝑈 (0,1)

[
(𝑥𝑖 − 𝑥 ′

𝑖 ) ×
𝜕𝑓 ((1 − 𝛼)𝑥 ′ + 𝛼𝑥)

𝜕𝑥𝑖

]
. (3.6)

The work done by Erion et al. (2021) demonstrated that using a sampling based approximation
method to sample baselines from the training dataset and to sample the alpha value used in
interpolation, provides a method for calculating the expectation for each sample, and through
that an average over all samples.

When it came to implementing expected gradients in this project, the modules provided in the
repository associated with the original expected gradients paper (Erion 2022) were modified so
that the appropriate functions could process the timeseries ECG data instead of 2D images.

3.3 Attribution Priors
The models to be used in evaluation will be based on the CNN architecture mentioned above.
However this model will be modified to incorporate attribution priors into its training, to evaluate
how the performance is affected. To obtain the attributions, we will be using both the Integrated
and Expected gradient functions (see equations 3.1 and 3.6). The next step involves applying
these to the training of the models as attribution priors.
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Optimal parameters are found in deep learning using this standard equation:

𝜃 = argmin
𝜃
L(𝜃 ;𝑥,𝑦) + 𝜆′Ω′(𝜃 ). (3.7)

Where Ω′(𝜃 ) is a penalty function regularised by a scalar 𝜆′ term. To incorporate attributions in
minimising the training loss the penalty function has to take these as parameters, so that our new
optimal parameters can be found with this new equation, using attribution priors:

𝜃 = argmin
𝜃
L(𝜃 ;𝑥,𝑦) + 𝜆Ω(Φ(𝑥)) . (3.8)

The penalty function Ω can take many forms and is the one of the independent variables within
the experiments performed in this project. In Erion et al. (2021) the attribution prior function
used for image classification, called Ω𝑝𝑖𝑥𝑒𝑙 , was based on looking at the differences between
adjacent pixels. Neighbouring pixels in an input image should intuitively have similar attributions
towards the final prediction score, and this is also true for neighbouring or adjacent timeseries
data points in an ECG recording. It is for this reason that total variation Rudin et al. (1992) was
used as a basis for these penalty functions. Both equations 3.9 and 3.11 are direct implementations
of total variation between attribution scores for adjacent timeseries datapoints in a heartbeat.
Since both of these equations resembles that of an L1 vector norm calculation of the differences
between adjacent attributions, the two models IG_L1 and EG_L1 using these priors had L1
appended to their name.

It is possible that this one type of attribution prior function, resembling an L1 norm, may not be
particularly well suited to the problem domain of ECG beat classification. This resulted in the
use of another type of attribution prior function to investigate, which resembled an L2 norm of
the differences between adjacent attributions (see equations 3.10 and 3.12).

The baseline CNN used in this project was implemented using Keras. However, to incorporate
attribution prior penalty functions into training the function typically used in training the Keras
model had to be overridden. The overridden train step implementation was based on the ones used
in the respository linked to the expected gradients paper (Erion 2022) and changed accordingly
to accommodate the different attribution prior penalty functions proposed above. To ensure that
the baseline CNN was as close as possible to the novel models, it too was implemented using the
overridden train step. However, no attributions were calculated and used to regularise its total
loss in training.

Ω𝐼𝐺_𝐿1 (Φ(𝑥, 𝑥 ′)) =
∑︁
𝑏

∑︁
𝑖

��Φ𝑏 (𝑥𝑖+1, 𝑥 ′
𝑖+1) − Φ𝑏 (𝑥𝑖 , 𝑥 ′

𝑖 )
�� (3.9)

Ω𝐼𝐺_𝐿2 (Φ(𝑥, 𝑥 ′)) =
∑︁
𝑏

(∑︁
𝑖

��Φ𝑏 (𝑥𝑖+1, 𝑥 ′
𝑖+1) − Φ𝑏 (𝑥𝑖 , 𝑥 ′

𝑖 )
��2) 12 (3.10)

In these above integrated gradient based attribution prior penalty functions, both an input and
a baseline are parameters, the baseline being zero amplitude, flatline, heartbeat. In the case of
expected gradient based attribution prior functions shown below, a baseline is omitted.

Ω𝐸𝐺_𝐿1 (Φ(𝑥)) =
∑︁
𝑏

∑︁
𝑖

��Φ𝑏 (𝑥𝑖+1) − Φ𝑏 (𝑥𝑖 )
�� (3.11)

Ω𝐸𝐺_𝐿2 (Φ(𝑥)) =
∑︁
𝑏

(∑︁
𝑖

��Φ𝑏 (𝑥𝑖+1) − Φ𝑏 (𝑥𝑖 )
��2) 12 (3.12)
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In all of the above attribution prior penalty functions, theΦ𝑏 (𝑥𝑖 ) refers to the attributions calculated
for the 𝑖th timeseries data point in the 𝑏th ECG heartbeat of the input. In the implementation of
these attribution prior penalty functions, the loss function is updated per batch, so every input
into the functions shown above will be a batch of beats.

3.4 Technologies Used
The majority of this project was developed using Python 3.8.3, Tensorflow 2.7.0, numpy and
sci-kit learn (Varoquaux et al. 2015) on an HP Laptop with an Intel i5 processor, Nvidia GTX
1050 GPU and 8GB of RAM. Since training times are significantly long when using deep neural
networks, GPU acceleration was required to be able to achieve results in a reasonable time frame.
Therefore, Nvidia’s CUDA Toolkit was used alongside the CuDNN package to speed up training
in tensorflow. When it came to evaluating the models, the HP laptop was used for the experiment
involving beat holdout, however the experiment for patient holdout had significantly more
data. The train-test split of the beat holdout experiment was 31912 and 37863 beats, whilst the
train-test split for the patient holdout experiment was 206312 and 14380 beats. Due to the large
amount of data and memory requirements during training for the patient holdout experiment,
an Ubuntu server with four Nvidia RTX A5000 GPUs with GPU acceleration was used.

3.5 Data Pre-Processing
The WDFB package (a20 2022) was used to read records from the MIT BIH dataset. The way
this package works is that it can extract both the ECG signals and more importantly the ECG
annotations associated with them. This made all the different classes of heartbeats significantly
more accessible.

As the models used in this project were to be trained on individual heartbeats, the standard
method to extract individual heartbeats was used, finding the R peaks (see Fig 2.1). The package
biosspy (bio) was used to find the R peaks and match them with their corresponding annotation.
Additionally, its corresponding numerical class value that would be used throughout implementa-
tion was appended to the end of each. Generally the annotation would be near or at the index
of the data point that equated to the R peak in the heartbeat, making it necessary to search for
the annotation in a small range around the R peak. It was important to keep the amount of
data points contained in each beat the same, it is for this reason that the beats were centered
around the R peak and an equal amount of data points were taken on either side of this peak.
Alongside appending the numerical value associated with the heartbeat’s class (see Fig 2.1) it was
also necessary to append the patient ID number, so that two experiments using beat holdout
or patient holdout, could be conducted. Upon visualising the heartbeats, it became apparent
that there were inconsistencies and irregularities in the amplitudes, therefore it was necessary to
standardise each beat by subtracting the mean of each beat’s data and then dividing that by the
standard deviation of each beat’s data.

3.6 Class Imbalances
The visualisation of the distribution of classes can be seen in Fig 3.3. From this figure alone it is
clear that re-sampling had to be performed, to even out the class distribution with the class for
normal beats overwhelmingly being the majority. Discussion about the effect of imbalanced or
balanced data in classification problems is presented in Wei and Dunbrack (2013). This work
concludes that undersampling the majority class can be a simple solution if large amounts of the
minority class can be obtained. In the case of using the MIT BIH dataset this is not the case,
consider the F class in 3.3 which has far too few beats. However, two other works discussed



14

Figure 3.3: Distribution of the eight heartbeat classes in the whole dataset

Figure 3.4: Distribution of heartbeat classes in beat holdout dataset after re-sampling

in this paper demonstrate that a mix of both upsampling and downsampling can produce high
accuracy scores in a classification problem (Chawla et al. 2002), demonstrating this method to be
appropriate for the context of this project.

Before re-sampling could be performed, it was crucial to split the data into train and test sets.
This is required as it is highly likely that if re-sampling is performed before the split, that data
could leak between both the train and test split. In turn this would lead to unreliable results upon
evaluation of models on this data. To separate the data into a 0.75/0.25 train-test split for use in
the beat holdout experiment, the scikit-learn train_test_split function was used (Varoquaux et al.
2015). On the other hand, separating the data into a 0.9/0.1 train-test split for the patient holdout
experiment was performed manually. Patients 104, 208, 113, 210 and 119 were left out from the
train set and used in the test set because of the interesting distribution of beat classes their records

Figure 3.5: Distribution of heartbeat classes in patient holdout dataset after re-sampling
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Figure 3.6: Distribution of heartbeat classes in patient holdout dataset after re-sampling using Principal
Componenent Analysis.

contained.

The resample function provided by the scikit-learn python package was used to produce both the
beat holdout and patient holdout datasets. This method utilises a part of the bootstrap procedure
commonly used in statistics for resampling, proposed in Erion et al. (2021). The part of the
bootstrap procedure used by the scikit-learn resample function iteratively resamples from a
given dataset whilst using replacement. The mean number of beats in the abnormal classes was
calculated and used as the amount of samples to be used across the classes. For each class set,
if the number of beats was above the population mean then downsampling was applied. If the
number of beats was below the population mean then upsampling was applied using replacement
provided in the scikit-learn resample function. The results of the re-sampling for both the beat
holdout and patient holdout datasets can be found in bar charts presented in Figures 3.4 and 3.5.
Another method to visualise the distribution of classes is through dimensionality reduction using
Principal Component Analysis (PCA) (Jolliffe 2011). The results of PCA are presented in Figure
3.6 and the decrease in the N class can be seen visually in the re-sampled beat and patient holdout
datasets.

3.7 Hyper-parameter Tuning
Before evaluation was performed on the different models, the optimal hyper-parameters for the
baseline CNN needed to be found so as to ensure that high performance metrics would be attained
across models. Since the number of epochs that a model is trained over, is a hyper-parameter
that when changed to high values results in incredibly long training times, the optimal number
of epochs was estimated from plotting how the training and validation accuracy changed with
epoch number. The baseline CNN model used investigate the epoch number was compiled with
an Adam optimizer and a categorical cross-entropy loss function, whilst being fit to the beat
holdout training dataset in batches of 64. After ten epochs, the training and validation accuracy
seemed to converge, therefore this was used as the number of epochs in a grid search to find the
rest of the optimal hyper parameters (see Figure 3.7).

Grid search was performed over the beat holdout training dataset using scikit-learn’s Grid-
SearchCV function. The hyper parameters investigated were the activation function and kernel
initialisation used in the first dense fully connected layer in the network, the dropout rate used by
a dropout layer after this first fully connected layer and the optimizer that the model was compiled
with. Each of the 81 hyper parameter combinations was run for three folds, resulting in 241 fits
for the grid search which took approximately 24 hours to run. The optimal hyper-parameters
for the baseline CNN model was a ReLU activation and uniformly initialised mode for the kernel
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Figure 3.7: Effect of epoch number on accuracy and loss of baseline CNN model

in the first dense layer, a Nadam optimizer and a zero dropout rate. A final grid search was run
to investigate the combination of different dropout rates and kernel weight constraints on the
first two convolutional layers and the first dense fully connected layer. The results showed that a
weight constraint of five and dropout rate of zero were optimal, this indicated that a dropout
layer was not needed in the models used for evaluation.

A final hyper-parameter that was investigated to be optimised was the lambda value used to
regularise the attribution prior penalty function in model training (see Equation 3.8). Using
the standard GridSearchCV function mentioned above was not possible in this scenario. This
is due to the fact that finding the optimal lambda values for these novel models would require
training with the overridden @𝑡𝑟𝑎𝑖𝑛_𝑠𝑡𝑒𝑝 adapted from the repository associated with the work
in Erion et al. (2021). Therefore, a basic manual grid search was performed by performing 3 Fold
Cross Validation over a number of candidate lambda values for each of the four novel models and
tracking the mean accuracy and loss over each fold. Four candidate values were investigated for
the IG L1 and EG L1 models and four other candidates were investigated for the IG L2 and EG
L2 models. It was found from early experimentation that the L2 models generally performed
better with larger lambda values than the L1 models. The ’optimal values’ found from the manual
investigation was a lambda value of 7.0× 10−6 for the L1 models and a lambda value of 1.1× 10−4
for the L2 models.

3.8 Chapter Summary
In this chapter, the models used in the evaluation and their implementations were presented,
including the explanation of the mathematics they were based on. The steps used to pre-process
the data were also discussed, and how due to an imbalance in the heartbeat classes in the MIT-BIH
dataset, a resampling method had to be applied so that a balanced set was used for training of the
models. Finally, the grid search procedure and its use in finding optimal hyper parameters for
the model was shown.
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4 Evaluation

Two experiments were performed in this study, the beat holdout experiment and the patient
holdout experiment. The former involves evaluating models abilities to generalise to an unseen
set of shuffled beats whereas the latter evaluates how well the models performed on an unseen
set of patients. These experiments were used to compare the performance of the proposed novel
models to a baseline CNN and SVM. Four performance metrics were used in the quantitative
evaluation of the classifier models in this study. These were accuracy, precision, recall and F1
macro which were all implemented using scikit-learn. Details about each and their equivalent
equations are presented in Section A.1.

4.1 Beat Holdout Experiment
4.1.1 Repeated Stratified K-Fold Cross Validation

The re-sampled beat holdout data set mentioned in Section 3.6 was evaluated upon by the six
models in Stratified K-Fold Cross Validation. Cross Validation is commonly used in statistical
model validation and hence why it is a popular validation method for machine learning models
(Refaeilzadeh et al. 2009). It works by splitting the entire dataset into a different training and
testing set over ten folds to evaluate how well each of the models generalises to differing test sets
of unseen data repeatedly. Stratified K-Fold Cross Validation is a specific type of Cross Validation,
whereby for each fold the number of classes in each is evenly distributed, this has been shown to
be more appropriate in classification problems when models can become more biased towards a
highly represented class in a given fold (Diamantidis et al. 2000; Kohavi 1995). After each fold,
metrics such as accuracy, precision, recall, and F1-macro were calculated, then the model is reset
to be re-trained on a new train-test split in the next fold. To increase the statistical power of this
experiment, this Stratified 10-Fold Cross Validation was repeated five times for each model, the
average execution time for each model was around 15 hours. The mean of every metric was
calculated over each of the ten folds, resulting in five sets of each metric for each repeat.

4.1.2 Performance Results for Each Model

In Fig 4.1 the mean score of every metric achieved by each model is displayed. On average it
appears from this experiment that all of the models seemed to achieve similar scores for each
metric, as all of the mean scores lie between 0.91 and 0.98. The bar graphs for both of the
integrated gradient based models are noticeably smaller than those belonging to all of the other
models, this can be confirmed quantitatively by comparing the values in the table below the
barchat. Overall, this graphic mostly indicates to use that all of the models achieved very high
scores for all performance metrics in this experiment.

Fig 4.2 provides a closer look at the differences between model performances in the form of
boxplots for the average scores of accuracy, precision, recall and F1 macro. Immediately, both of
the models based on Integrated Gradients, IG L1 and IG L2, perform significantly worse in all
metrics than the models. The gap in scores between the IG models appears to be slightly bigger
for recall and F1 macro than for accuracy and precision. Both of these models are trained on
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Figure 4.1: Barchart of each Models’ Mean Performance Metrics for the Beat Holdout Experiment.

Figure 4.2: Box Plots of Model Metrics after 5 Repeat 10 Fold Stratified Cross Validation.
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Figure 4.3: Means of Confusion Matrices after 5 Repeat Stratified 10 Fold Cross Validation for each
model for each class. The x-axis represents the predicted labels and the y-axis represents the true labels.

the same types of attributions and this is reflected in how close their scores are for each metric.
It appears that the IG L2 overall performs better than IG L1 model, with the mean of the IG
L2 consistently being higher than that of the IG L1. The models based on expected gradients,
EG L1 and EG L2 both performed better than the integrated gradient based models and also
performed very similarly across metrics. It appears that EG L2 was generally better as a classifier
in the beat holdout experiment, as its mean scores for each metric was consistently higher than
those of the EG L1 model. None of the attribution prior based models performed as well as the
baseline CNN model, where across all metrics apart from recall and F1 macro, it performed the
best. Variation in the results of the SVM were incredibly low, which can be seen in the very small
and narrow box shown for this model over each metric. Despite the SVM performing better
than both the EG L1 and EG L2 models in all other metrics, it failed to achieve higher average
precision scores than these two models.

To examine how many of the beat classes were correctly classified into their respective classes,
confusion matrices were also calculated at each fold, and the average over every fold and repeat
for each model is presented in 4.3. The x-axis represents the predicted labels and the y-axis
represents the true labels. Across all models, the classification performances were exceptionally
high for the N, L, R and / classes. The diagonals of each confusion matrix are very clearly defined
which means overall there was a minuscule amount of mis-classfication by all of the models. As
expected, the IG L1 and IG L2 models performed worse than the rest, on classes with much less
distinctive characteristics such as the A and F classes. More detail about the metric scores of each
model achieved on each class can be seen in Fig A.1. Overall, each model had very low precision,
recall and F1 macro scores for each of the classes, but significantly high accuracy.

4.1.3 Quantitative Evaluation - Statistical Analysis

The Wilcoxon Signed Rank Test (Demšar 2006) is used to measure whether the distributions of
two samples are equal or not and Fig 4.4 shows the results of this statistical test. The Wilcoxon
Signed Rank Test was calculated for every combination of models and displayed in the confusion
matrices. Intuitively, the diagonal value of the confusion matrices are all one, since exact copies
of a distribution are compared. For all of the metrics, the null hypothesis is rejected because
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Figure 4.4: Pairwise Wilcoxon Signed Rank Tests per Model.

all of the p values are greater than 0.05. This result means that the results of each model for
each of these metrics per fold all come from the same distribution. Rejecting the null hypothesis
enforces that the results obtained for this experiment are statistically significant. The Friedman
Test (Pereira et al. 2014) was also used to test the null hypothesis that all of the means of each
population were equal. After running the Friedman Test on all mean metric results for every
model, the p-value returned was 0.0029 for the beat holdout experiment. This meant that the
null hypothesis is rejected and there is a statistically significant difference in metric results for the
models. To further investigate, the Nemenyi test was used to identify which of the models had
different means. This was implemented using scikit’s posthocs package and the results of this
test can be summarised in Figure 4.5. From this table we can conclude that the only statistically
significant differences in means is that of the baseline CNN and the IG L1.

Figure 4.5: Nemenyi Test results from mean model performance metrics on the beat holdout experiment.
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4.2 Patient Holdout Experiment
This experiment utilised the re-sampled patient holdout dataset discussed in 3.6. The rationale
behind holding out all heartbeats from a a set number of patients is presented in Jones et al.
(2020). In this work, it is argued that in the normally used beat holdout method, results from
experiments are affected by data bleeding between the training and testing sets which in turn
leads to performance scores for models being higher than they should be. For example, when
using the normal beat holdout method, the train-test split will cause half of Patient Y’s beats to
be in the train set and the other half to be in the test set. It is highly likely that the morphologies
of beats of the same patient are very similar, and will result in a model being evaluated on a test
set for which it has effectively already ’seen’ some of the data. Therefore, the researchers in Jones
et al. (2020) proposed that the test set should contain the heartbeats belonging to a select number
of patients, to avoid the effect of data bleeding.

The testing set contains the heartbeats belonging to patients 104, 113, 119, 208 and 210 and
the training set contains the heartbeats from the rest of the 43 patients. In Jones et al. (2020)
these specific patients were also held out from the training dataset, due to the distribution of
beat classes in these patients being varied enough to test models on whilst ensuring that overall
the distribution of beat classes in the training dataset was not severely affected. Finally, this
experiment also differs from the previous beat holdout experiment as repeated stratified 10-fold
cross validation wasn’t performed. This is due to the fact that the stratified 10-fold cross validation
method used in the previous experiment evaluates the model on a new train-test split of the beat
holdout data for each fold. However, this would not work alongside the patient holdout method,
as the test set cannot change from containing the heartbeats from the patients listed above.

4.2.1 Performance Results for Each Model

The performances of each model for this experiment are displayed in Fig 4.6. The accuracy
scores achieved by each model are considerably higher than precision, recall and F1 macro. It
appears that the shallow machine learning model, the SVM, has the worst accuracy score of
around 0.958, compared to the rest of the deep learning models which have accuracies ranging
from around 0.978 to 0.99. With respect to the precision, recall and F1 macro scores the SVM
performs beter than the IG L1 and EG L1 models, which both have the lowest scores in all of
these metrics. The baseline CNN, the IG L2 and the EG L2 all have very comparable scores for
every metric in the patient holdout experiment.

The confusion matrices in Fig 4.7 show the how well each model classified each class correctly.
Similarly to the beat holdout experiment, the x-axis of each confusion matrix shows the predicted
class and the y-axis shows the true class. Note that there are no results for the L, R, or A classes,
as these are not present in the patients that were heldout in the test set. There is very little
differences in these results, which indicates that there was very little mis-classification done by
all of the models. The only noticeable differences are how the SVM mis-classified the V class
(Premature Ventricular Contraction) and the IG L2 also having a slightly lower classification
rate for the f class (Fusion of Paced and Normal Beat). A further detailed insight into how each
model performed for each metric per class is displayed in Fig A.2. The nan values and 0.0 values
mean that no metrics were calculated for the classes that weren’t present in the test set. Overall, it
appears that the models in the patient holdout experiment performed better per class than in the
beat holdout experiment in the precision, recall and F1 macro scores. Notably, all of the models
had incredibly high scores, ranging from around 0.7 to 1, with regards to the F class (Fusion
of Ventricular and Normal). Across models, there are no outstanding differences in the scores
achieved per class apart from the expected gradient based models having perfect scores for every
metric.

Statistical analysis like the pairwise wilcoxon signed rank test was not possible on the results
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Figure 4.6: Barchart of each Models’ Performance Metrics for the Patient Holdout Experiment.

from this experiment as it was not repeated. However it is possible to perform the Friedman
and Nemenyi test on the performance metrics for each model. The Friedman Test performed
was similar to that used on the beat holdout experiment results, where the null hypothesis was
that the means of each performance metric for all models was equal. The test on these results
yielded a p-value of 0.0186 which means the null hypothesis is rejected and there is statistically
significant differences between the models’ mean metric results. The results of the Nemenyi test
can be found in Figure 4.8 and this test allows us to conclude that the only statistically significant
differences in model performance metrics is that of the EG L2 and the IG L1 models.

4.3 Explainability Results
All of the explainability methods investigated in this project mainly use heatmaps when it comes to
their visualisation, traditionally to visualise explainability on images, two-dimensional heatmaps
are used. To compare the integrated gradients, expected gradients and GradCAM methods, one-
dimensional heatmaps were produced for the attributions of correctly and incorrectly classified
heartbeat classes. The heatmaps produced using the attributions from integrated gradients can
be found in Figure A.3. In the correctly classified heatmaps, there is generally very little noise
overall and the ’hotter’ parts of the map all correspond to the area around the R peak, the QRS
complex. For the incorrectly classified heartbeats, there is generally more noise, particularly in
the classes 2, 3 and 4 which correspond to L, R and V respectively (see Table 2.1). In the heatmaps
produced by expected gradients and GradCAM (see Figures A.5 and A.4) the average attributions
are incredibly noisy. There is also a lot of similarity between the heatmaps for the correctly and
incorrectly classified average attributions.

4.3.1 Beat Holdout

For a more global look at what parts of the heartbeat morphology each of the explainability
methods lent more attribution towards, the correct and incorrect attributions across each class
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Figure 4.7: Confusion Matrices for each model for each class. The x-axis represents the predicted labels
and the y-axis represents the true labels.

Figure 4.8: Nemenyi Test results from mean model performance metrics on the patient holdout experiment.
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Figure 4.9: Comparison of average attributions over 11 segments for correct and incorrect classifications
produced by both Integrated Gradients and GradCAM using the IG L2 model. This was achieved with
results from the Beat Holdout Experiment.

Figure 4.10: Comparison of average attributions over 11 segments for correct and incorrect classifications
produced by both Expected Gradients and GradCAM using the EG L2 model. This was achieved with
results from the Beat Holdout Experiment.

were averaged. These average correct and incorrect attributions were then split into 11 segments
and normalised to be displayed over a sample ECG heartbeat. This was performed using the
attribution results from the beat holdout experiment, Figure 4.9 displays the attributions achieved
with the IG L2 model and Figure 4.10 shows the attributions obtained with the EG L2 model.
The sample ECG heartbeat is used as a reference to know generally whereabouts attributions
are placed on the beat morphology. In Figure 4.9 it is clear that both the integrated gradients
and GradCAM methods place the most importance on the area around the R peak, the QRS
complex. In the graph produced using GradCAM there is a lot of similarity between the average
correct and incorrect attributions. In Figure 4.10 the average correct and incorrect attributions
produced by expected gradients and GradCAM are incredibly similar, in that there is a lot of
overlap between correct and incorrect attributions.

4.3.2 Patient Holdout

The segmented average correct and incorrect attributions produced by the three explainability
methods for the patient holdout experiment was implemented the same way as for the beat holdout
experiment. In Figure 4.11, similarly to the average attributions produced by the integrated
gradients method in the beat holdout experiment, there is a clear distinction between the correct

Figure 4.11: Comparison of average attributions over 11 segments for correct and incorrect classifications
produced by both Integrated Gradients and GradCAM using the IG L2 model. This was achieved with
results from the Patient Holdout Experiment.
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Figure 4.12: Comparison of average attributions over 11 segments for correct and incorrect classifications
produced by both Expected Gradients and GradCAM using the EG L2 model. This was achieved with
results from the Patient Holdout Experiment.

and incorrect attributions. On the other hand, there appears to yet again be more overlap and
closeness between the average correct and incorrect attributions produced by the GradCAM
method. The incorrect attributions from GradCAM place less importance on the segment that
usually corresponds to the QRS complex as opposed to the segment right after it. Figure 4.12
shows that again the average correct and incorrect attributions for the expected gradients are
incredibly similar. On the other hand, the average correct attributions from the GradCAM
method show much more attention to the QRS complex area of the beat morphology whilst the
average incorrect attributions are much more spread out.
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5 Discussion and Conclusion

5.1 Summary
This study involved evaluating both the performance and explainability of machine learning
models. This was performed via the classification of eight heartbeat classes from time-series ECG
data extracted from the MIT-BIH dataset. Six classifiers were evaluated in a 5 repeat stratified cross
fold validation using a beat holdout dataset and also evaluated in the patient holdout experiment.
Two explainability methods, integrated and expected gradients, were incorporated into the
novel models compared to baseline CNN and SVM. These two explainability methods were
also compared with the GradCAM method. Discussion about the results from the quantitative
and qualitative evaluation will be presented below, followed by the conclusion, limitations and
possibilities for future work.

5.2 Beat Holdout Experiment
The low performance of the integrated gradient models is likely due to the requirement of these
models to be trained over only three epochs as opposed to ten epochs that the baseline CNN and
expected gradient models, EG L1 and EG L2, were trained over. The reason both the integrated
gradient models had to be trained over fewer epochs, is because for each epoch there are five
gradient calculations at each interpolation step. As a result, training the integrated gradient
models for three epochs for each fold in the repeated stratified 10-cross fold validation had an
execution time of 16 hours. Increasing the number of epochs to 10 would of resulted in the
execution times to around 53 hours for each model, which would not of been feasible considering
the time constraints of the project. Another possible reason for the integrated gradient models
performing a lot worse than the rest of the models is to do with the number of interpolation
steps used in the approximation. In the original paper about integrated gradients (Sundararajan
et al. 2017), it was recommended to use anywhere between 20 and 300 steps to approximate
the integral. However, even if the lower bound of 20 recommended steps was used this would
therefore lead to a complete execution time of around 80 hours if run for three epochs and 260
hours if run for 10 epochs.

It appears as though all of the novel models proposed don’t perform as well as the SVM or the
baseline CNN, despite the expected gradient models performing only slightly worse across all
metrics. One possible explanation could be that the attribution prior penalty functions that these
novel models were based on, were not properly suited to the problem domain of timeseries ECG
classification. It was argued in Erion et al. (2021) that using total variation as a basis for the
penalty function incorporating attributions was decided since attributions should be smooth over
neighbouring pixels. This is intuitive as it is likely that adjacent pixels in the x and y axis of an
image will only have small differences between them. When developing the novel models in
this project it was believed that this too would be the case for timeseries datapoints, as changes
between consecutive points in an ECG would also be small. However, the attribution prior
models in this paper performing worse than the baseline CNN are an indication that a new
penalty function should be investigated further.
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Although in this experiment it was shown that the attribution prior based models did not perform
as well as the shallow SVM and baseline CNN, this experiment was useful to compare them
amongst themselves. The results in Fig 4.2 clearly outline that the both the L2 models generally
performed better than their L1 equivalents. The values returned from the penalty functions of the
L2 based models are considerably smaller than the values returned from the L1 penalty functions.
The magnitudes of the regularising lambda values for these penalty functions found in 3.7 provide
supporting evidence for this, as the lambda value for both the L1 penalty functions is 7.0 × 10−6
whilst for the L2 penalty function it is considerably larger as 1.1 × 10−4. It is possible that higher
values returned from attribution prior penalty functions result in worse regularising to the main
loss function of a model that hinders model performance. In the code repository connected to
the work in Erion et al. (2021), a bigger lambda value of 1.0 × 10−3 was used alongside their
expected gradient prior penalty function, which could suggest that the values returned from
their attribution prior penalty function weren’t incredibly large. If a new penalty function were
to be investigated, then trying to keep the values returned from the penalty function small should
be an objective.

5.3 Patient Holdout Experiment
One of the most important results from this experiment is how the SVM appears to perform
significantly worse in this experiment than for the beat holdout one, when comparing Fig 4.1
and Fig 4.6. The reason that the SVM was so successful in the previous experiment is likely due
to the data bleeding effect that is discussed in Jones et al. where beats of the same patient are
shuffled and therefore present in both the training and testing datasets. This means that although
it is all technically ’unseen’ data, the general morphologies will be incredibly similar and have
already been trained on. Therefore the decision boundary or the hyperplane created by the SVM
in classifying a certain beat will be very effective when encountering a beat morphology in the
test set that it has already been trained on. This is not the case in the patient holdout experiment,
which could lend to why this shallow machine learning model appears to struggle more than the
rest of the models particularly in terms of classification accuracy.

The barchart in Fig 4.6 helps to support the argument that the models based on an attribution
prior penalty function that resembles an L1 norm generally perform worse than the IG L2 and
EG L2 models. While the IG L2 and EG L2 performance results are very comparable to the
baseline CNN, it is clear that there is a considerable gap in the precision, recall and F1 macro
scores of the L1 models. This suggests that the IG L1 and EG L1 struggle when encountering
completely unseen patients’ data in the testing set.

Although the results of the EG L2 model is comparable, and slightly higher in all metrics, to that
of the baseline CNN, and could suggest that this novel model’s performance is significant, there
is not sufficient evidence to prove this. This is due to the fact that this experiment could not be
performed the same way that the beat holdout experiment was by using repeated stratified 10-fold
cross validation so that statistical analysis could be performed. The patient holdout experiment
does provide enough evidence to make the claim that the EG L2 model is the best of the proposed
novel models. This is because the results of the repeated patient holdout experiment showed it to
perform better overall than the IG L2 model. It is possible that a repeatable experiment based on
the patient holdout method could be devised, whereby the models at each fold have a new set of
unseen patients to be tested upon. This is not likely to be effective when using the MIT-BIH
dataset, considering that there are only 47 patients, however, could be possible on a much larger
dataset in future work, such as the PTB Diagnostic ECG Database (ptb).
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5.4 Explainability Methods
In Figure A.3, the sets of correct and incorrect integrated gradient heatmaps provides useful
information about coming to conclusions about why the IG L2 model misclassified a certain
heartbeat class. For example, the incorrect heatmap for class 8, which is a paced beat, indicates
that the model didn’t attribute the output prediction to the region from the R peak down to
the peak of the S wave (see Figure 2.1), which the model appears to usually do when correctly
classifying this heartbeat class. This is not the case for correct and incorrect heatmaps produced
using expected gradients and GradCAM (see Figures A.5 and A.4), as the correct and incorrect
heatmaps are too similar. This issue, alongside the large amount of noise in both these sets of
heatmaps, means that is difficult to draw conclusions about why a model made a mis-classification,
which was made possible with integrated gradients.

When looking at the more general segmented average correct and incorrect attributions shown
in Figures 4.9, 4.10, 4.11 and 4.12 a few more observations can be made about the quality of
these explainability methods. A clear difference between the average correct and incorrect
attributions can facilitate in concluding why the a model failed in classification due to its incorrect
average focus on a certain section of the beat morphology. This clear difference is visible for
the integrated gradients explainability method in Figures 4.9 and 4.11. For the most part, the
expected gradients and GradCAM methods did not show this clear distinction between correct
and incorrect attributions and this further demonstrates that the integrated gradients appears to
be the best explainability method out of the three.

5.5 Conclusion
The evaluation results clearly show that the baseline CNN was the best performing classifier
model in both the beat holdout experiment with the highest achieved accuracy, precision and F1
macro scores. The EG L2 displayed the highest performance in the patient holdout experiment
with an accuracy of 0.989, precision of 0.684, recall of 0.711 and F1 macro of 0.6967. The EG L2
model performing slightly better than the baseline CNN across all metrics in this patient holdout
experiment. However, because this experiment was not repeatable no statistical significance can
be concluded from this result. Generally, the results have shown that the L2 novel models perform
better than the L1 models. The integrated gradients was the best explainability method evaluated
in this study. The attributions it gave to sections of each heartbeat morphology were much
clearer and less noisy than those produced by the expected gradients and GradCAM methods.
Overall, I can conclude that incorporating explanations from expected gradients as attribution
priors into model training is viable and appropriate in the problem domain of time-series ECG
heartbeat classification.

5.6 Limitations and Future Work
Due to the amount of resources and time required to execute the quantitative experiment to
compare model performances in the beat and patient holdout experiments, much less emphasis
was placed on the qualitative comparisons of the explainability aspects provided from integrated
and expected gradients. The heatmaps produced in Figures A.3, A.5 and A.4 were not the
most informative when it came to assessing the abilities of each explainability method. In
addition, looking at more general results provided in the segmented average correct and incorrect
attributions did little in uncovering further reasons as to why expected gradients and GradCAM
were not as useful in explaining model decisions for classification. In future work, more time
could be spent on the comparison between these three explainability methods and furthermore
comparisons of each method on a more micro-scopic level, for example examining heatmaps
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from the attributions produced on specific beats. Future work into investigating the explainability
could involve comparison against other methods, such as LIME (Ribeiro et al. 2016).

One of the discussed reasons for why the models based on integrated gradients did not perform as
well as their equivalents based on expected gradients was that they could only be trained over two
epochs due to long training times, as opposed to ten epochs used by all the other deep learning
models. The integrated gradient based models were as only trained whilst using five interpolation
steps due to the same reasons for long training times, as opposed to a recommended number of
interpolation steps being between 20 and 300. It is clear that expected gradients are much more
suitable as an attribution prior due to the significantly shorter training times. However, further
work could show that despite a possible increase in performance achieved by training the IG L1
and IG L2 models for 10 epochs and over an optimized number of interpolation steps, this does
not provide a noteworthy enough advantage over expected gradients.

In Section 3.7 it was discussed that the lambda values used for regularising the attribution prior
function in model training as being found manually. There are obvious drawbacks to manually
iteratively tuning a hyperparameter, including that the optimal lambda was definitely not found.
This had to be done manually because the models were trained in an overridden @𝑡𝑟𝑎𝑖𝑛_𝑠𝑡𝑒𝑝
function and so traditional grid search was not possible for this hyperparameter. If instead the
overridden @𝑡𝑟𝑎𝑖𝑛_𝑠𝑡𝑒𝑝 was implemented in a completely overridden Keras model class, then
using the automated grid search provided by scikit-learn may of been possible.

Finally, the patient holdout experiment that was adapted from the work done in (Jones et al. 2020)
was not repeatable, since there was only one set of patients heldout in the testing dataset. This
meant that testing the statistical significance of the result of this experiment were not possible
due to it not being repeatable. As discussed in Section 5.3, a patient holdout experiment that was
performed with repeated stratified 10-fold cross validation would be possible with a much larger
dataset and more patients such as the PTB database, as opposed to the limited 47 patients provided
in the MIT-BIH dataset. This would mean that at each fold the models would be tested on a new
set of unseen patients and statistical analysis could be performed on the results. Following this
method would be very useful in evaluating how well the novel models proposed in this work
generalise to unseen patients’ data.
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A Appendices

A.1 Performance Metrics
Where 𝑇𝑝 is the number of true positives, 𝑇𝑛 is the number of true negatives, 𝐹𝑝 is the number
of false positives and 𝐹𝑛 is the number of false negatives. The below definitions are all from the
scikit-learn documentation pages (Varoquaux et al. 2015).

A.1.1 Accuracy

From the scikit-learn documentation, it is "...the set of labels predicted for a sample must exactly match
the corresponding set of labels...".

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑛 +𝑇𝑝

𝑇𝑛 +𝑇𝑝 + 𝐹𝑛 + 𝐹𝑝
(A.1)

A.1.2 Precision

From the scikit-learn documentation, it is "...the ability of the classifier not to label as positive a sample
that is negative.".

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑝

𝑇𝑝 + 𝐹𝑝
(A.2)

A.1.3 Recall

From the scikit-learn documentation, it is "...the ability of the classifier to find all the positive samples.".

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑝

𝑇𝑛 +𝑇𝑝
(A.3)

A.1.4 F1 Macro

From the scikit-learn documentation, it is "...the harmonic mean of the precision and recall...".

𝐹1𝑀𝑎𝑐𝑟𝑜 =
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(A.4)
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Figure A.1: Full breakdown of all model results per class for beat holdout experiment.
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Figure A.2: Full breakdown of all model results per class for patient holdout experiment.
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Figure A.3: Heatmaps produced from integrated gradient attributions on correctly and incorrectly classified
heartbeat classes. This was created using the IG L2 model trained on the beat holdout dataset.
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Figure A.4: Heatmaps produced from GradCAM on correctly and incorrectly classified heartbeat classes.
This was created using the IG L2 model trained on the beat holdout dataset.
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Figure A.5: Heatmaps produced from integrated gradient attributions on correctly and incorrectly classified
heartbeat classes. This was created using the EG L2 model trained on the beat holdout dataset.
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