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ABSTRACT

Congestive heart failure (CHF) is a condition in which the heart is unable to pump
blood as well as it should to meet the needs of normal circulation. Over time this
condition can decrease physical capacity, increase hospital visits and increase the risk
of serious cardiac events. The early diagnosis of CHF is important for patient care
and follow-up monitoring because of these consequences. ECG recording is a prac-
tical tool for this purpose, as it is inexpensive, non-invasive and suitable for repeated
measurement. Multi-lead ECG data are especially useful, because different leads ob-
serve the electrical behaviour of the heart from different directions. Most conventional
methods are hand-crafted measures and may not well represent morphological changes
of ECG with time. Furthermore, evaluation on random segment splitting may provide
an optimistic estimate, if the signals from one patient are present in the training and
testing set. This dissertation investigates a multi-lead diagnostic attention-based re-
current neural network (MLDA-RNN) for classification of CHFE. We use the BIDMC
Congestive Heart Failure Database and the MIT-BIH Normal Sinus Rhythm Database.
The data is separated patient wise, so that testing is done on unseen subjects. Inte-
ger Haar Wavelet Transform is included to get compact signal information into low
computational cost. The MLDA-RNN model achieved an accuracy of 96.06 % on the
blind test data. The result shows that the selected combination of patient-wise eval-
uation, multi-lead ECG representation, recurrent sequence learning, attention-based
weighting and efficient wavelet processing can provide a solid framework for auto-
mated CHF screening. The approach can be further extended for decision-support
tools, remote monitoring workflows and wearable ECG systems after broader clinical

validation.
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CHAPTER 1

INTRODUCTION

1.1 Background

1.1.1 Congestive Heart Failure

Congestive heart failure (CHF) is a long-term cardiac disorder in which the heart can-
not supply blood at a level required by the body. Global estimates for 2017 report
approximately 64.34 million CHF cases [3], showing that the disease is a major public-
health burden. Diagnosis can be complicated because CHF may appear with reduced,
preserved, or mid-range ejection fraction. In a healthy condition, the left ventricle
ejects enough oxygenated blood during each beat; in CHF, this pumping ability de-
clines and circulation becomes insufficient. Early detection is therefore important.
Clinical assessment may involve chest X-ray, MRI, angiography, echocardiography,
nuclear imaging, and other tests. ECG-based analysis is attractive because it is inex-
pensive, non-invasive, widely available, and suitable for repeated monitoring. For this
reason, the present work focuses on ECG signals for CHF detection.
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Figure 1.1. Normal heart vs Heart failure



1.1.2 Electrocardiogram Signals (ECG Signals)

An electrocardiogram records the electrical activity generated during the cardiac cy-
cle. It is painless, quick to acquire, and widely used for observing heart rhythm and
identifying abnormal cardiac behaviour. The human heart contains two atria and two
ventricles, and their depolarization and repolarization create the visible ECG wave-
form. As illustrated in Fig. 1.2, the important waveform components include the P
wave, QRS complex, and T wave. The P wave is related to atrial depolarization, the
QRS complex corresponds to ventricular depolarization, and the T wave represents
ventricular repolarization. Since ventricular muscle mass is larger than atrial muscle
mass, the QRS complex usually has a larger amplitude. Variations in waveform shape,

timing, and intervals can provide clinically useful information.

ECG machines are standard equipment. Some personal gadgets, such as smart-
watches, also allow for ECG monitoring. ECG can be used in case of Chest pain,
Dizziness, Rapid pulse, shortness of breath, Weakness, fatigue, or a decline in the abil-
ity to exercise. ECG offers vital information for the prognostic assessment, diagnosis,

and therapy of individuals with congestive heart failure.
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Figure 1.2. ECG Signal

1.2 Clinical and Technical Background

The diagnosis of congestive heart failure is not based on a single observation; rather,
it is generally supported by a combination of symptoms, physical examination, imag-
ing findings, laboratory investigations, and electrical activity recorded through ECG.
Common clinical symptoms include shortness of breath, fatigue, swelling of the lower
limbs, and reduced exercise tolerance. However, these symptoms can overlap with

other respiratory or metabolic conditions. For this reason, automated ECG-based anal-
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ysis can act as a useful complementary screening tool, especially when continuous or

repeated monitoring is required.

CHEF can have several effects on the ECG from a signal processing standpoint. The
disease may change the timing, shape and variability of the cardiac cycles. Features
such as QRS duration, RR interval variability, ST-T segment behaviour and beat-to-
beat rhythm regularity can reflect changes in ventricular activation, autonomic regula-
tion and myocardial conduction. A cardiologist can visually inspect the ECG traces,
but subtle temporal changes over long recordings are difficult to assess manually.
Therefore automated systems are useful as they can consistently process many ECG
segments and extract hidden patterns that may not be obvious in a short visual inspec-
tion. Multi-lead ECG recordings are of special importance, since each lead looks at the
heart from a different electrical point of view. One lead may be able to record rhythm
information but not be able to pick up spatial abnormalities that can be seen in another
lead. Combining multiple leads enables the model to learn the complementary repre-
sentations of cardiac activity. In this project, the study of multi-lead ECG allows the
model to learn both the temporal dependence of each lead and the diagnostic depen-
dence between leads. This is one of the reasons why recurrent neural networks with
attention mechanisms are suitable for the task. Calculation efficiency is of practical
importance for the CHF detection system. ECG monitoring is gradually shifting to
portable devices, bedside monitors and wearable healthcare systems. These platforms
can have limited memory, battery capacity, and processing power. Thus, feature ex-
traction techniques, such as the Integer Haar Wavelet Transform, are useful, as they
can provide useful time-frequency information without the heavy computational cost
of more complex transforms. This project exploits this idea to support a model design
that is not just accurate but also relevant for low resource deployment.

1.2.1 Need for Automated CHF Detection

The increasing burden of cardiovascular disease and the need for early warning sys-
tems require automated CHF detection. Patients usually do not go to hospital until the
symptoms are serious. ECG based screening system can help in detecting abnormal
patterns earlier and can help in further medical examination. Such a system does not
replace the physician, but it allows to prioritize cases, to reduce the manual workload
and to offer objective measurements at the time of repeated monitoring

The main advantages of ECG-based automated CHF detection are, as follows:
Non-invasive measurement: ECG recording does not require surgical intervention and
is accepted in clinical practice. * Cost-Effective: ECG devices are generally cheaper

than advanced imaging techniques like MRI or nuclear imaging. * Continuous monitor-



ing: ECG signals can be recorded for extended periods of time, making them suitable
for remote and wearable monitoring. ¢ Objective analysis: Machine learning models
can process large amounts of ECG data reliably. » Early detection: Automated systems
can detect suspicious patterns and assist clinicians in making timely decisions. With
these advantages, building a robust automated system is a challenge. ECG signals are
noisy, patient dependent and affected by electrode placement, movement, baseline drift
and physiological variations. Further, a model trained on randomly partitioned ECG
segments may perform well on testing but not on unseen patients. This project over-
comes this limitation by using patient-wise separation, which is more stringent and

closer to real-world deployment.

1.2.2 Challenges in ECG Based Classification

There are some challenges to be addressed but ECG signals can be effectively used
for CHF classification. First, ECG signals are often contaminated by artifacts due to
muscle activity, power-line interference, and electrode motion. If not controlled, the
model may learn irrelevant patterns due to such noise. Second, the ECG recordings of
different patients may have different amplitude, heart rate and morphological features.
If the model is not trained carefully these variations can degrade generalization. Third,
CHF-associated changes might be subtle and occur over time rather than a single,
obvious abnormality. Yet another big problem is data leakage. If there are beats or
segments from the same patient in both train and test sets, the model may learn patient-
specific patterns instead of disease-specific patterns.This can lead to overly optimistic
results. Therefore, patient-wise data splitting is important for evaluating how the model
behaves on truly unseen subjects. In the present work, blind test data are created to

reduce this risk and to provide a more meaningful estimate of performance.



Table 1.1. Major challenges in ECG-based CHF detection

Challenge

Cause

Effect on model

Noise and artifacts

Patient variability

Lead variation

Temporal
dependency

Data leakage

Electrode movement, muscle
activity, power-line interfer-
ence

Differences in age, heart rate,
disease severity, and physiol-
ogy

Different leads capture dif-
ferent electrical views of the
heart

CHF patterns may appear
across multiple beats

Random segment-level split-

Distorts ECG morphology
and may reduce classification
accuracy

Makes generalization to un-
seen patients difficult

Important diagnostic infor-
mation may be missed by
single-lead models

Static features may fail to
capture long-term signal be-
haviour

Inflates testing performance

and reduces real-world relia-
bility

ting of ECG data

1.3 Research Motivation

Congestive heart failure is a very serious problem and its diagnosis is very important
as soon as possible because doing so may help to avoid long-term consequences and
unexpected heart mortality. So here we are using ECG signals, and incorporating

different models to get the best accuracy.

The novelty of our work is to come up with a multi-lead diagnostic attention-based
recurrent neural network for the classification of CHF. The method analyses the two-
lead ECGs to extract the multi-scale temporal dependencies from each lead for better

classification.

1.4 Organization Of The Report

The remaining chapters are arranged to present the study in a logical sequence. Chap-
ter 2 reviews earlier ECG-based CHF detection studies and introduces the datasets

used in this dissertation. Chapter 3 explains the signal-processing method, the feature-



generation procedure, and the classification models. Chapter 4 presents the exper-
iments, compares the obtained results, and discusses the behaviour of the models.

Chapter 5 summarizes the major findings and outlines possible extensions of the work.



CHAPTER 2

REVIEW OF PRIOR WORKS

2.1 Literature Review

Recent studies on CHF detection from ECG abandoned the traditional hand-crafted
heart-rate-variability analysis in favor of modern deep learning models that directly
operate on ECG sequences. CHF is a major cardiovascular disease because of its large
population of patients and the risk of rehospitalization and sudden deterioration if not
identified early. Many researchers have explored the potential of using ECG-derived
patterns to discriminate CHF subjects from normal subjects and other cardiac condi-
tions due to its low cost, non-invasive nature, and availability for ECG recording. Early
studies have been mainly based on manually designed descriptors. Melillo et al. [4]
reported high sensitivity but relatively lower specificity with long-term HRV measure-
ments with a classification and regression tree . Orhan [5] classified CHF and normal
sinus rhythm patterns based on feature extraction using amplitude and time partition-
ing. Masetic and Subasi [6] used the autoregressive Burg features with a decision
tree classifier and obtained high classification accuracy. These approaches prove that
ECG and HRV data can provide useful diagnostic information, but the performance
is strongly depending on the selected features. Machine learning methods such as
KNN, LDA, MLP, SVM and RBF-based neural networks have also been explored for
CHF identification. Isler and Kuntalp [7] focused on short-term and long-term HRV
information, and achieved good results using classical classifiers. Fuadah et al. [8] em-
ployed Hjorth descriptors and entropy-based features with different classifiers on the
MIT-BIH and BIDMC records. Their results show that well-designed features can sup-
port accurate CHF detection, but feature engineering may require domain knowledge

and may not generalize equally well across datasets.

With the growth of deep learning, researchers began to reduce dependence on man-
ually selected features. Acharya et al. [4] applied a convolutional neural network
directly to raw ECG data, showing that deep models can learn discriminative repre-
sentations automatically. Darmawahyuni et al. [5] used an LSTM-based model for

sequential ECG analysis, while Prabhakararao and Dandapat [6] used a multilayer re-



current neural network that accepts ECG signals as input. These studies demonstrate
the suitability of recurrent and convolutional architectures for ECG classification tasks.

Wavelet-based methods remain relevant because ECG signals are non-stationary.
Nahak et al. [7] compared HRV features and wavelet-based features for a three-class
classification problem involving arrhythmia, CHF, and normal sinus rhythm. They
observed that wavelet information contributed strongly to classification performance.
Zou et al. [8] proposed a multiscale residual UNet++ approach, highlighting the impor-
tance of multiresolution analysis and hardware-oriented design considerations. Sim-
ilarly, the MLDA-RNN method proposed by Prabhakararao and Dandapat [1] uses
multi-lead ECG information with an attention-based recurrent structure, which is closely
related to the direction followed in this project.

Recent studies have extended ECG classification using transformer-based and hy-
brid architectures. Liu et al. [9] proposed ECVT-Net, which combines convolutional
processing with a vision transformer for extracting high-level ECG features. Prusty et
al. [10] converted ECG information into a form suitable for a 2D CNN using scale-
invariant feature transform ideas. Mahmoud et al. [11] used a CNN-LSTM framework
with frequency-domain preprocessing, and Odinaka et al. [12] investigated transfer
learning using pretrained image models. More recently, Lee et al. [13] demonstrated
the potential of deep learning on standard 12-lead ECG recordings for heart-failure-

related diagnosis in clinical settings.

Overall, the literature suggests three important observations. First, ECG signals
contain measurable information related to CHF. Second, deep learning models can re-
duce manual feature-design effort and can capture nonlinear temporal relationships.
Third, evaluation strategy is critical: random segment-level splitting may overesti-
mate performance if patient identity information leaks into the testing set. Motivated
by these points, the present work uses patient-wise data separation and evaluates an
MLDA-RNN-based approach using multi-lead ECG signals.

2.2 Datasets Used

2.2.1 MIT-BIH Normal Sinus Rhythm Database

This database contains long-term ECG recordings of 18 patients which includes 5
males and 13 women from Boston’s Beth Israel Hospital’s Arrhythmia Laboratory.
Their patients were found to have no symptoms of arrhythmias. Each recording con-
tains 2 ECG leads and is sampled at 128 samples per second.



Table 2.1. Previous Works of Congestive Heart Failure Detection

Extraction Database Accu-
Work Year Features Method / Model Used
. Used racy
Technique used
MIT-BIH, multilayered
[6] 2022 ECG signal — BIDMC, 98.57% RN}I:I
PTBDB
MIT-BIH,
[5] 2020 — — BIDMC 99.86% LSTM
Hjorth MIT-BIH 9%];,1:1;2_ RBFN, SVM,
[14] 2022  Descriptor — : . kNN, RF, and
and Entro BIDMC Matning ANN
24 100%
NSRDB,
[4] 2019 — — Fantasia, 98.97% CNN
BIDMC
Direct ECG STAFF III and
[17 2020 lead — PTB diagnostic 97.79% MLDA-RNN
Nélsllfzig?d Multiscale
[8] 2022 HRYV features — } 89.83% Residual
interval
UNet++
database
fusion
of HRV
and
HRV MIT-BIH wavelet
features, Arrhythmia, based
[71 2020 wavelet — BIDMC and features SVM
based MIT-BIH pro-
features NSRD duced
93.33%
accu-
racy
. CNN + Vision MIT-BIH,
[9] 2022 ECG signal Transformer BIDMC 98.88% ECVT-Net
ECG signal
. . MIT-BIH, ResNet-50,
[12] 2023 (time- Transfer learning BIDMC 99.2% AlexNet
frequency)
. . PhysioNet
[10] 2024 OlFTimage  Scale-Invariant — \pp ‘e 99789, 2D-Deep CNN
features Feature Transform
NSR)
FFT + raw . MIT-BIH,
[11] 2024 ECG FFT preprocessing BIDMC — CNN-LSTM
. Samsung .
12-lead ECG Deep learning . Deep learning
[13] 2025 waveforms (end-to-end) Medical Center o (AI-ECG)

cohort




2.2.2 BIDMC Congestive Heart Failure Database

This database contains long-term ECG recordings from 15 patients with severe con-
gestive heart failure, including 11 men and 4 women, ages 22 to 71 (NYHA class 3—4).
Each recording consists of 20 hours in duration and contains 2 ECG leads, sampled at

250 samples per second.

2.3 Dataset Preparation and Study Design

The reliability of any machine learning model depends strongly on how the dataset is
prepared. In biomedical signal classification, dataset preparation is especially impor-
tant because the model may otherwise learn artifacts, recording conditions, or patient
identities instead of the disease pattern. For this reason, the proposed work follows
a structured preparation strategy consisting of signal selection, patient-wise grouping,

preprocessing, segmentation, feature extraction, and model evaluation.

The MIT-BIH Normal Sinus Rhythm Database contains normal subjects and the
BIDMC Congestive Heart Failure Database contains CHF subjects. These two datasets
provide ECG recordings from different physiological groups and are therefore suitable
for binary classification of CHF versus normal sinus rhythm. The classification task is
to determine whether a given ECG segment is of the CHF class or of the normal class.
Since ECG signals are time series, the model must learn not only isolated values but

also temporal patterns that change over multiple samples and beat

2.3.1 Patient-wise Data Separation

We made a conscious decision to separate patients in this design. Many ECG classi-
fication studies divide long recordings into several short segments and then separate
them into training and testing sets randomly. This generates many samples, but also
means that segments from the same patient could end up in both sets. In such a case,
the test set is not truly independent, because the model has already seen the signal char-
acteristics of the same patient during training. This can lead to the reported accuracy

being inflated relative to the true real-world performance.

To avoid this issue, the present work separates the data at the patient level. All ECG
segments belonging to a particular patient are placed either in the training set or in the
testing set, but not both. This produces blind test data and gives a better estimate of
how the model will behave when it receives ECG data from a new patient. The method
is more challenging because the model must learn general CHF-related characteristics

instead of memorizing individual patient patterns.
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Table 2.2. Difference between random split and patient-wise split

Criterion

Random segment split

Patient-wise split

Data division

Risk of leakage

Reported accuracy

Clinical relevance

Model
requirement

ECG segments are randomly
divided

High, because same patient
may appear in train and test
sets

May be overly optimistic

Limited for unseen-patient
deployment

Can exploit patient-specific
patterns

Complete patient recordings
are separated

Low, because test patients are
unseen

More realistic and difficult
Better suited for real screen-

ing systems

Must learn disease-specific
patterns

2.3.2 Signal Preprocessing

Raw ECG signals are not directly useful for classification as they may contain noise
and baseline fluctuations. Preprocessing enhances the signal quality and directs the
model toward diagnostically relevant information. The main preprocessing steps con-
sidered in this work are baseline correction, normalization, segmentation and quality
checking. Baseline correction can reduce slow drift caused by respiration or elec-
trode movement. Normalization reduces the amplitude differences across recordings,
so the model is less biased towards signal magnitude. Segmentation divides long ECG
recordings into smaller windows to be processed by the neural network. The quality
checking is also important as poor quality ECG segments may contain artifacts which
are not representative of cardiac activity . If the model is trained on these segments,
it can learn spurious patterns. In a practical system, noisy seg-ments should be either
removed or separately dealt with by a signal quality assessment module. The quality-
aware block in the proposed framework is designed to support this requirement by

ensuring that usable ECG segments are propagated for classification

2.3.3 Segmentation Strategy

The neural networks usually take fixed-size input windows, while ECG recordings are
continuous signals. Hence, segmentation is performed to convert each recording into
smaller windows. The length of the segment must be chosen carefully. Too short
segment may not contain enough cardiac cycles to represent temporal behaviour. If

it is too long, the computational cost increases and the number of training samples

11



decreases. A balanced segment length is one where the model can see multiple beats
and keep computation manageable. Segment level classification is useful for detection
of CHF, because it allows to analyse long patient recordings in smaller parts. Finally,
a patient-level decision can be made by aggregating segment predictions by majority
voting or averaging of probabilities. Although the focus of this project is on segment-
level classification, the framework can be generalized to patient-level screening by

aggregating predictions over time.

2.3.4 Feature Representation

Feature representation is a crucial part of the suggested methodology. ECG signals
contain information in time and frequency domains. In the time domain, wave shape,
beat interval, and amplitude variation are patterns; in the frequency domain, rhythm
irregularities and signal energy distribution are patterns. Wavelet-based methods are
well suited for ECG analysis due to the non-stationary nature of ECG and its time-
varying frequency content. The Integer Haar Wavelet Transform gives a simple and

efficient representation of the signal at different resolutions.

In addition to wavelet-based features, the recurrent neural network learns temporal
representations directly from the ECG sequence. The attention mechanism further
helps the model assign greater importance to diagnostically meaningful parts of the
signal. Thus, the proposed method combines handcrafted signal processing principles

with trainable deep learning representations.
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CHAPTER 3

ALGORITHMS AND MODELS USED FOR DETECTION
OF CHF

For efficient hardware implementation of algorithms, the feature extraction module is
supposed to be computationally inexpensive which means utilizing minimum mem-
ory. So our work consists of a computationally efficient algorithm that is memory and
power-efficient. The algorithm is appropriate for low-power wearable devices with

limited resources.

3.1 Wavelet Transform

ECG is a non-stationary biomedical signal, which means that its frequency content
changes with time. A method that only describes the signal in the time domain may
miss frequency-related information, while a method that only describes the frequency
domain may ignore when a particular event occurs. Wavelet transform is useful for
such signals because it provides a time-frequency representation. It decomposes the

signal into components that describe both slow variations and rapid changes.

In ECG analysis, wavelet decomposition is useful because different parts of the
ECG waveform have different frequency characteristics. The QRS complex is sharp
and usually contains higher-frequency information, whereas baseline trends and rhythm-
related variations are represented more strongly in lower-frequency components. By
separating approximation and detail coefficients, wavelet processing can provide a

compact representation for classification.

A general wavelet-based feature extraction system applies low-pass and high-pass
filtering followed by downsampling. The low-pass branch produces approximation
coefficients, while the high-pass branch produces detail coefficients. Repeating this
process over multiple levels gives a multiresolution view of the ECG signal. This
project uses this idea through the Integer Haar Transform so that feature extraction

remains computationally simple.
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3.1.1 Mallat’s Algorithm

Mallat’s algorithm is a fast implementation of the discrete wavelet transform. The
input signal at each level is filtered by a low pass filter and a high pass filter.

Then the outputs of these filters are downsampled by a factor of 2. The low pass
output gives the approximation part of the signal. The high pass output gives the
detail part. Again we can decompose the approximation output to get the next level of
coefficients.

This repeated filtering and downsampling structure makes the algorithm efficient
and applicable to multilevel analysis; In ECG processing, the lower level detail coeffi-
cients may retain sharp transitions, while the deeper approximation coefficients retain
slower signal trends. The number of decomposition levels is chosen based on the sam-
pling rate, length of segment and the type of features required by the classifier.

There exist several wavelet families for signal analysis such as Haar, Daubechies,
Symlets and Coiflets. The choice of the wavelet impacts the compactness and inter-
pretability of the extracted features. In this project, Haar-based processing is chosen

because of its simple structure and its suitability for low-complexity implementation

x[n]

Level 1
Coefficients

Level 2
Coefficients

Level 3
Coefficients

Figure 3.1. Mallat’s Algorithm [2]

3.1.2 Integer Haar Transform (IHT)

The Haar wavelet is the simplest wavelet basis and is often used when computational
efficiency is important. The low-pass and high-pass filter coefficients can be expressed
as[2] follows [2]:
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The standard Haar transform uses floating point operations because of the scaling
factor. Floating-point arithmetic may increase area, energy and implementation com-
plexity for low-power hardware. This difficulty is overcome by Integer Haar Trans-
form using integer operations and shift based computation . This makes it attractive

for wearable ECG systems with limited memory and power resources.

The approximation coefficient (CA) and detail coefficient (CD) used in this work
are represented as [2]:

Caln] = B (x[2n] + %x[2n+ 1])J (3.3)

Cpln] = x[2n] —x[2n+1] (3.4)

Division by powers of two can be implemented using right-shift operations in digital
hardware. Therefore, IHT is suitable for extracting ECG features in systems where the
classifier may be deployed on a resource-constrained device.

3.2 Methodology Used

The objective of the methodology is to classify ECG records into CHF and normal
categories using a structured signal-processing and machine-learning pipeline. Three
types of models are considered: a decision tree, a deep neural network, and the multi-
lead diagnostic attention-based recurrent neural network (MLDA-RNN). The decision
tree and DNN are used as baseline models, while MLDA-RNN is treated as the main
model because it is better suited for sequential multi-lead ECG data.

The data are divided at the patient level into training, validation, and testing sub-
sets. This design is intentionally used to reduce data leakage. For the BIDMC CHF
database, 10 patients are used for training, 2 patients are used for validation, and 3
patients are kept for testing. For the MIT-BIH Normal Sinus Rhythm database, 12 pa-
tients are used for training, 3 patients for validation, and 3 patients for testing. Since
complete patients are assigned to only one subset, the final testing set behaves as blind
data.
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The BIDMC recordings represent the CHF class. For each patient, ECG signals are
read, filtered, and stored in an array for further processing. The filtered signal is then
divided into fixed-length windows of 750 samples. Each window is arranged as one
row in the feature-generation pipeline. For the BIDMC training subset, this produces
an array of size 238885 x 750. Integer Haar Transform is then applied repeatedly to ob-
tain approximation coefficients (CA) and detail coefficients (CD). After six iterations
of the transform, the CA and CD feature matrices for BIDMC training have dimensions
238885 x 12 each.

The same procedure is followed for validation and testing records of the BIDMC
database. The validation feature matrices for CA and CD have dimensions 47782 x
12 and 47787 x 12, respectively. The testing feature matrices for both CA and CD
have dimensions 71984 x 12. These values show that the pipeline converts long ECG
recordings into compact wavelet-based representations while maintaining patient-wise
separation.

The MIT-BIH Normal Sinus Rhythm database is processed in a similar manner.
Since the BIDMC recordings are sampled at 250 Hz and the MIT-BIH recordings are
sampled at 128 Hz, MIT-BIH signals are first resampled to 250 Hz to maintain consis-
tency between the two classes. After resampling, ECG filtering is performed, and the
resulting signal is segmented into windows of 750 samples. For the MIT-BIH training
subset, the segmented array has size 181325 x 750.

Integer Haar Transform is then applied to the MIT-BIH segments. The CA and
CD matrices for the training subset both have size 181325 x 12. For validation, both
CA and CD matrices have size 44068 x 12. For testing, both feature matrices have
size 43395 x 12. These transformed features are used to construct input sets for the

machine learning and deep learning models.

Three feature configurations are evaluated so that the contribution of wavelet com-
ponents can be compared. In the first configuration, CA and CD are concatenated
and used together. In the second configuration, only CA features are used. In the
third configuration, only CD features are used. This comparison is useful because CA
represents lower-frequency approximation information, whereas CD represents detail

information. The results show how each representation affects model behaviour.

1. Combined CA and CD features are used for training, validation, and testing.
2. Only approximation coefficient features (CA) are used.

3. Only detail coefficient features (CD) are used.
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The same training and testing protocol is applied to all selected models. This en-
sures that the comparison among the decision tree, DNN, and MLDA-RNN is based on
the same data division and feature configurations. The final analysis is then performed

using accuracy, sensitivity, specificity, confusion matrices, and ROC curves.

3.3 Models Used

3.3.1 Deep Neural Network (DNN)

A deep neural network is a multilayer computational model that learns a mapping
between input features and output classes. In this project, the DNN is used as a base-
line deep learning classifier for wavelet-derived ECG features. Unlike a decision tree,
which splits data using explicit threshold rules, a DNN learns nonlinear combinations

of features through trainable weights and activation functions.

The main components of a DNN are described below:

1. Input layer: The input layer receives the feature vector generated from ECG
segments. Depending on the experiment, this vector may contain CA features,

CD features, or a combination of both.

2. Hidden layers: Hidden layers transform the input into progressively more use-
ful internal representations. Each neuron computes a weighted sum of its inputs
and passes it through an activation function. In this work, hidden dense layers
are used to learn relationships among ECG features.

3. Activation function: Activation functions introduce nonlinearity into the net-
work. Without them, the entire network would behave like a linear model. ReLU
is used in hidden layers because it is simple and effective for deep learning mod-
els.

4. Output layer: The output layer produces the final class probability. Since
the task is binary classification, a sigmoid activation is suitable for predicting

whether a segment belongs to the CHF or normal class.

5. Loss function: Binary cross-entropy is used to compare predicted probabilities
with true labels. The training process minimizes this loss.

6. Optimization: The Adam optimizer updates the network parameters during
training. It adapts the learning rate for different parameters and is widely used

for neural network training.
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7. Regularization: Regularization methods such as dropout or weight penalties
can reduce overfitting. This is important because biomedical datasets may con-

tain limited patient-level diversity.

Input Data Output

Layer 1 Layer N

Hidden Layer

Figure 3.2. Deep Neural Network

Deep neural architecture with three hidden layers is shown below:
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Input Layers [Features]

Hidden Layer 1 [neurons]

Hidden Layer 2 [neurons]

Hidden Layer 3 [neurons]

Cutput layer [Predicted output]

Figure 3.3. Deep Neural Network Architecture

In this project, the DNN input size depends on the number of selected features. The
model uses dense hidden layers with 64 and 32 neurons, respectively. ReLLU is used
in the hidden layers, and sigmoid activation is used in the output layer. The model is
trained using Adam optimization, binary cross-entropy loss, 10 epochs, and a batch
size of 32. The DNN helps evaluate how well non-sequential deep learning performs
on the extracted ECG features.

3.3.2 Decision Tree

A decision tree is a supervised learning model that predicts the output class by applying

a sequence of feature-based decisions. Each internal node of the tree checks a condition
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on a feature, each branch corresponds to the outcome of that condition, and each leaf
node represents a predicted class. Decision trees are easy to interpret because the path

from root to leaf can be examined as a set of rules.

For ECG classification, a decision tree can be used to test whether wavelet-derived
features contain enough discriminative information for separating CHF and normal
signals. The model is computationally light and does not require complex training.
However, its rule-based structure may not capture subtle temporal relationships in ECG
signals. It may also overfit if the tree grows too deep.

In this work, the decision tree classifier is implemented using the DecisionTreeClassifier
class from the scikit-learn library. The input to the classifier is generated from the same
Integer Haar Transform pipeline used for the other models. This allows a fair compar-

ison between a classical machine learning baseline and neural network-based models.

3.3.3 Multi-lead Diagnostic Attention-Based Recurrent Neural Network (MLDA -
RNN) [1]

The MLDA-RNN model is selected because ECG data are sequential and multi-lead
in nature. A recurrent network is more appropriate than a purely dense model when
the order of samples carries diagnostic meaning. The model can process a sequence
of ECG values and maintain hidden states that summarize previously observed infor-
mation. This helps in learning rhythm-related and morphology-related changes across

time.

A multi-lead design is useful because each ECG lead records cardiac electrical ac-
tivity from a different viewpoint. Some leads may contain stronger evidence of CHF-
related abnormalities than others. Therefore, the model should not treat all lead infor-
mation as equally informative in every case. The attention mechanism addresses this

by assigning greater importance to more useful parts of the learned representation.

The proposed architecture contains the following conceptual blocks:

Input Block. The input block receives preprocessed ECG segments. Depending on
the experiment, the input may contain approximation coefficients, detail coefficients,
or their combination. The purpose of this block is to arrange the ECG-derived features

in a form that can be processed by the recurrent network.

Quality Aware Block. QualityAware Block. ECG recordings can have noise, base-
line drift, or artifacts. A quality awareness stage helps to provide useful ECG segments
to the model. The probability that the classifier learns non-cardiac noise patterns is re-
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duced.

Recurrent Neural Network Encoding Block. Recurrent Neural Network Encoder
Unit The recurrent encoding block learns the temporal dependencies in the sequence of
ECG. However, basic RNN units can learn sequential data, but they often struggle with
vanishing or exploding gradients when long dependencies are involved. Gated recur-
rent units (GRUs) solve this problem by gating mechanisms, but with fewer parameters
than LSTM units. Thus, GRU is a good choice for ECG datasets with importance on

computational simplicity and generalization.

GRU e anu

X1 X2 T

Figure 3.4. RNN Encoding block [1]

Let the ECG sequence for lead m be denoted as x” = [x]",x5',...,x}']. Here, x"
represents the value or feature at time step ¢ for lead m. The GRU uses an update gate
and a reset gate to decide how much past information should be retained and how much

new information should be added.

The hidden state is updated as follows [1]:

h'=(1-2")oh" | +2"Oh” (3.5)

2" = o(W'" + W™ h" | +b") (3.6)

In these expressions, G( ) is the sigmoid function, z;" is the update gate, h/" , is the
previous hidden state, and h;" is the candidate hidden state. The candidate hidden state

is computed as:
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h”" = tanh (W + W(r" ©h™ ) +b™") (3.7)

Here, r}" is the reset gate, ® indicates element-wise multiplication, and the W and
b terms represent trainable weights and biases. These equations allow the GRU to

control the flow of historical and current information through the sequence.
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GRU cell

Figure 3.5. GRU Cell [1]

After recurrent encoding, the attention mechanism assigns weights to learned fea-
tures so that the model can emphasize diagnostically important information. The final
classification layer then predicts whether the ECG segment belongs to the CHF class

or the normal sinus rhythm class.

3.4 Detailed Proposed Workflow

The workflow proposed here aims to transform raw multi-lead ECG recordings into
reliable CHF predictions. The whole process consists of five main stages, namely data
acquisition, pre-processing, feature extraction, temporal modelling and classification.
Every step adds to the ultimate performance of the system. Any weakness at any stage
can affect the final output, therefore the workflow is designed as a structured pipeline
rather than a single isolated classifier.

3.4.1 Stage 1: Data Acquisition

In the first stage, the ECG records are taken from selected public databases. Nor-

mal class is represented by recordings from subjects with normal sinus rhythm, and
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CHEF class is represented by recordings from patients diagnosed with congestive heart
failure. The signals need to be consistently processed before training as the different
datasets may have different sampling frequencies and recording durations. In this step

the recordings are grouped according to class labels and patients’ identities.

3.4.2 Stage 2: Preprocessing and Normalization

The second step is to improve the quality of ECG signals. Biomedical signals are
often contaminated by noise and baseline drift which will have negative impact on both
feature extraction and neural network learning. Preprocessing removes these unwanted
components. Once the noise reduction normalization is performed to put the signals
on a common scale. This is important because the amplitude of ECG signals can
vary due to electrode placement, patient body characteristics, and recording equipment.
Normalization helps the model focus on relative changes in the waveform rather than
the magnitude of the signal

3.4.3 Stage 3: Integer Haar Wavelet Transform

The third stage employs Integer Haar Wavelet Transform to obtain compact and in-
formative features. The Haar transform decomposes a signal into approximation and
detail components. The approximation coefficients capture the low frequency trend,
while the detail coefficients capture the fast variations. Both of these components can
be meaningful for ECG analysis. The approximation coefficients may relate to the
overall rhythm. The detail coefficients may relate to the sharp QRS complexes and
other abrupt transitions in the waveform. Integer implementation is good because it

reduces computational complexity and avoids floating point heavy operations.

3.4.4 Stage 4: Recurrent Neural Encoding

The fourth stage employs a recurrent neural encoding block for learning temporal de-
pendencies. ECG is a sequential signal. Interpretation of one sample or beat often
depends on the previous and future patterns. We use GRU based recurrent units as
they model temporal dependencies with less parameters than LSTM units. This is one
reason why GRU is suitable for biomedical data sets where the amount of labelled data
may be limited. The recurrent block produces hidden representations that summarize

temporal information for each ECG lead.
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3.4.5 Stage 5: Attention and Classification

The fifth stage uses attention and classification. The attention mechanism enables
the model to attend more on more informative time steps or lead-specific features.
In multi-lead ECG classification, not all leads are equally useful for all patients and
segments. Some leads may show more marked abnormalities related to CHF than
others. The attention mechanism helps the network to assign a larger weight to these
useful features. The last layer is the classification layer which gives the probability of
the segment of ECG to belong to the CHF class.

Table 3.1. Summary of the proposed CHF detection workflow

Stage Purpose Expected output

Data acquisition Collect normal and CHF ECG Labelled patient-wise ECG
recordings dataset

Preprocessing Remove noise and normalize Clean ECG segments
amplitude

Wavelet Extract time-frequency infor- Approximation and detail fea-

transform .
mation tures

RNN encoding  Learn temporal dependencies ~ Hidden sequence representa-

tion

Attention and

i . Focus on informative patterns
classification

and classify

CHF or normal prediction

3.5 Evaluation Metrics

Accuracy is not sufficient to evaluate the performance of the model, especially in the
medical classification. The classifier may be accurate if one class dominates the data
set, but will not detect positive cases that are of clinical importance. Therefore, in this
work we consider multiple evaluation metrics including accuracy, sensitivity, speci-
ficity, confusion matrix, receiver operating characteristic curve. The accuracy is the
total number of correctly classified samples. Sensitivity (or true positive rate) is a
measure of the ability of the model to correctly detect CHF cases. This is clinically
significant as a missed CHF case may lead to a delay in treatment. Specificity is the
ability of the model to correctly recognize normal cases. High specificity is also im-
portant, as too many false alarms may lead to loss of trust in the system and increase
unnecessary clinical workload. So the confusion matrix gives a more detailed overview

of right and wrong predictions. It is made up of true positives, true negatives, false pos-
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itives and false negatives. The ROC curve shows the trade-off between the sensitivity
and the false positive rate at different threshold values. A curve closer to the top-left
corner would be a better model. Together, the metrics offer a more complete picture of

the model than any single number.

Table 3.2. Evaluation metrics used for CHF classification

Metric Formula/Meaning Importance
Accuracy Ratio of correct predictions to  Shows overall classification
total predictions performance
Sensitivity TP/(TP+FN) Measures ability to detect
CHF cases
Specificity TN/(TN+FP) Measures ability to identify

normal subjects

False positive

. FP/(FP+TN) Indicates how often normal
rate

samples are misclassified

Confusion matrix Counts TP, TN, FP, and FN Gives detailed error distribu-

tion
ROC curve Sensitivity versus false posi- Evaluates threshold-
tive rate dependent behaviour

3.6 Implementation Considerations

The proposed model implementation requires careful selection of hyperparameters.
The key parameters are segment length , batch size , number of recurrent units , number
of dense neurons , learning rate , number of epochs and drop out rate . If the model
is too small, it can underfit and fail to learn useful patterns in the ECGs. If it is too
large it may overfit and perform poorly on blind test patients. Thus, the architecture
has to trade off learning capacity against generalization. Another important factor to
consider is class imbalance. If one class has more segments than the other, the model
can be biased towards the majority class. This problem might be dealt with by class
balancing, careful sampling or class-weighting strategies. Also, training curves should
be monitored to detect overfitting. If training accuracy goes up and validation accuracy
goes down, the model is memorizing training data instead of learning general features.
Inference speed is also important for real-time applications. Fast prediction and low
power consumption are the requirements of a wearable or portable monitoring system.
Efficient wavelet processing and a GRU-based recurrent model are used to cut down

the computational load compared with heavier architectures. This makes the proposed
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approach more convenient for practical health monitoring systems.
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CHAPTER 4

EXPERIMENTS AND RESULTS

4.1 Machine Learning Models

In the previous chapters, we have described the techniques and models in a detailed
way. This chapter will contain the results of those experiments. At first, we will
display the results of deep neural networks (DNN) and decision trees in three different
ways.

1. By using only the detailed coefficient (CD) of Haar integer wavelet and generat-
ing the training and testing dataset.

2. By using only the approximate coefficient (CA) of the Haar integer wavelet and
generating the training and testing dataset.

3. By combining detailed coefficient and approximate coefficient of Haar integer
wavelet and generating the training and testing dataset.

Table 4.1. Metrics result of different models by using CD of HIT

Models Accuracy Sensitivity Specificity F1 score AUC

Decision Tree  0.70025 0.6975 0.70225 0.6626405  0.69988
DNN 0.7884 0.739204 0.824289  0.746738 0.7817468

Table 4.2. Metrics result of different models by using CA of HIT

Models Accuracy Sensitivity Specificity F1 score AUC

Decision Tree 0.8696787  0.76854 0.9435339  0.832717  0.856038
DNN 0.891 0.817214  0.94485309 0.863528 0.8810336
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Table 4.3. Metrics result of different models by combining CA and CD of HIT together

Models Accuracy Sensitivity Specificity F1 score AUC

Decision Tree  0.92538  0.8911311  0.950397  0.90975517  0.92076
DNN 0.9586 0.94729 0.9669 0.9508 0.95709
ARNN 0.960668 0.9622998 0.9596849  0.9484646  0.9609923

After observing the results of different models by three different methods — (1) by
considering only CA, (2) by considering only CD, and (3) by combining both CA and
CD — we can observe that all models DNN, Decision tree, and RNN give better results
when CA and CD are combined. However, without combining CA and CD, models are
giving better results with CA as compared to CD. So it is better to take both CA and
CD into consideration; however, there is a problem with taking both CA and CD in that
the algorithm will take more space and more time to compute the output. Compared
to all three models we can see that ARNN outstands every other model by giving an
accuracy of 96.066%.

The most important part of our results as compared to previous work carried out till
now is that our results are produced on blind data. While dividing our datasets into
training and testing parts we have not used any train-test split technique which divides
our dataset randomly; instead, we have divided our dataset based on patients. So in
this way, our model is completely unaware and is not friendly with our dataset. As per
the literature survey we carried out, we can clearly state that the way we are dividing
our dataset into training and testing has not been used till now, and the accuracy we

have obtained with our ARNN model is remarkable on our blind dataset.
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Figure 4.1. ROC Curve of ARNN Model

The above AUC-ROC figure is also called an Area Under the Receiver Operating
Characteristics. ROC is a probability curve and AUC represents the degree or measure
of separability for the model; it generally indicates how much our model is capable of
separating different classes. It is plotted between the sensitivity and (1 — specificity).
The higher the AUC, the better the model is capable of separating between different
classes. The ROC curve of the ARNN model is approximately near to 1, which means
that our model has a very good measure of separability and is very much capable of

separating patients with the disease and without the disease.
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Figure 4.2. Confusion matrix of ARNN Model

A confusion matrix displays the counts of true positives, true negatives, false pos-
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itives, and false negatives to summarise the performance of a classification model. In
the above confusion matrix of the ARNN model, we can see that values of TN (true
negative) and TP (true positive) are so high as compared to FN (False negative) and FP
(False positive), hence our model is doing a very good classification.
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Figure 4.3. Confusion matrix of DT by taking CA
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Figure 4.4. ROC curve of decision tree by taking CA
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Figure 4.5. Confusion matrix of DNN by taking CA

ROC Curve

10 1

08

06 1

04

TFue Positive Rate

0.2 1

0.0 1

0.0 0.2 04 06 08 10
False Positive Rate

Figure 4.6. ROC curve of DNN by taking CA

Confusion matrix and ROC curve of DNN by taking CA are showing much better
results as compared to confusion matrix and ROC curve of DT by taking CA. ARNN
ROC curve and confusion matrix are showing better results as compared to ROC curve
and confusion matrix of both DNN and DT.
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Figure 4.7. ROC curve of DNN by taking CD

From this figure, we can see that there is approximately 80% chance that our DNN
model will be able to distinguish between positive class and negative class. Also, we
can see that the ROC curve of DNN by considering CD is behaving poorly as compared
to the ROC of DNN by taking CA.
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Figure 4.8. Confusion matrix of DNN by taking CD

We can see here that the DNN model by considering only CA was able to identify
more TP and TN as compared to the DNN model by considering only CD.
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Figure 4.9. ROC curve of Decision tree by taking CD

The ROC curve of DT by CA 1is behaving well as compared to DT by CD. The ROC
curve of ARNN is behaving well as compared to the ROC curve of DT by taking CD.
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Figure 4.10. Confusion matrix of DT by taking CD

We can see here that the DT model by considering only CA was able to identify
more TP and TN as compared to the DT model by considering only CD. If we compare
with ARNN then ARNN was able to identify more TP and TN.
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Figure 4.11. ROC curve of DNN by taking CA and CD

For our DNN model, the ROC curve by taking both CA and CD into consideration
is better than the ROC of only CA and ROC of only CD. So DNN will be able to
distinguish clearly between positive and negative classes more when both CA and CD

are taken into consideration.
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Figure 4.12. Confusion matrix of DNN by taking CA and CD

The confusion matrix of DNN by taking both CA and CD is identifying more TP and
TN as compared to the confusion matrix of DNN by taking only CA and by considering
only CD.

By observing all the above ROC curves and confusion matrices, we can say that the
ARNN model is behaving much better than all other models.

From the above table, we can see that the accuracy of some of the previous work is
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Table 4.4. Comparison of proposed work with state of the art method

Parameters [6] [1] [7] [8] Proposed
method
Features used Raw ECG ECG beats HRV HRV ECG signal
beats features, features
wavelet
based
features
Classifier multilayered MLDA- SVM Multiscale MLDA-
RNN RNN Residual RNN
UNet++
EVﬁluation Train-Test Train-Test Train-Test Train-Test Blind data
Scheme split split split split
Database used BIDMC- STAFF 111, MIT-BIH NSR-RR, BIDMC,
CHEF, PTB Arrhythmia, CHF-RR MIT-BIH
PTBDB, and diagnostic = BIDMC and interval NSRD
MIT-BIH MIT-BIH database
NSRDB NSRD
Accuracy 98.57% 97.79% 93.33% 89.83% 96.66%
Sensitivity 99.01% — — — 96.229%
Specificity 97.89% — — — 95.968%
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better than our proposed work, but it is just because the evaluation scheme they have
used is a train-test split method so in that case the model has some idea of our testing
dataset. In our proposed method we are dividing our dataset into training and testing
based on patients. So in this way, our model is completely unaware of the testing
dataset. If compared to previous work, our model is giving very prominent results in
such a case.

4.2 Result Interpretation

The experimental results show that the proposed MLDA-RNN model performs bet-
ter than the conventional machine learning and deep neural network baselines used in
this work. The main reason is that MLDA-RNN is designed for sequential ECG data.
Unlike a decision tree, which makes decisions using fixed feature thresholds, the re-
current model learns how ECG patterns evolve over time. This is important because
CHF-related abnormalities may not be visible in a single isolated sample but may be-

come clear across a sequence of beats.

The attention component also enhances interpretability at the model level. This al-
lows the network to concentrate more on the more useful temporal features. In ECG
analysis, certain intervals may provide more powerful diagnostic information than oth-
ers. For example, the QRS morphology and the irregularity of the rhythm may contain
more information than relatively flat portions of the signal. The attention mechanism
allows to use the signal in a more efficient way by giving different weights to different
parts. One of the most important parts of the result is the evaluation in blind test. The
test data contain subjects that are not seen during training, as patient-wise separation
is employed. This makes the task more complicated, but also more meaningful. A
model that does well on blind data is more likely to be generalizable to new patients.
Therefore, the achieved accuracy of 96.06% suggests that the proposed method has
learned useful disease-related patterns rather than merely memorized patient-specific

characteristics.

4.3 Comparison with Baseline Models

The decision tree model provides a simple interpretable baseline. It is easy to train and
can show which features are important for classification But decision trees are limited
in their capacity to model complicated temporal relations. They partition the feature
space with threshold based rules and do not learn long range dependencies in ECG

signals naturally. Thus, they tend to perform worse on classification problems that
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depend on sequential patterns.The deep neural network baseline improves the decision
tree by learning non-linear combinations of features. Dense layers can learn complex
relationships between the input features, but they still treat the input as a fixed feature
vector. A standard DNN might not capture the sequential nature of ECG recordings
unless temporal features are carefully engineered. This explains the reason why the
DNN is better than the decision tree in some cases while it is still weaker than the

attention-based recurrent approach.

The MLDA-RNN model has a number of advantages. It can process sequential
ECG information, use multi-lead input and focus on informative parts of the signal by
attention. This property makes it more appropriate for CHF detection . The improve-
ment in performance is especially significant because the evaluation is performed on
blind data.

Table 4.5. Qualitative comparison of models used in this work

Model Strength Limitation Suitability for

ECG

Decision Tree

Simple and inter-
pretable

Weak for complex
temporal patterns

Suitable as a base-
line

DNN Learns nonlinear Does not naturally Useful when strong
feature combina- model sequence or- features are avail-
tions der able

MLDA-RNN Learns multi-lead Requires more Highly suitable for
temporal patterns training time and CHF detection
with attention tuning

4.4 Clinical Relevance of the Results

The results of this project are clinically relevant, supporting the feasibility of auto-
mated ECG-based CHF screening. A model that performs well can assist clinicians in
identifying ECG segments that may warrant closer examination. Such a system can be
useful in hospitals, remote monitoring centers and wearable health platforms. It can be
used also as a preliminary screening tool in environments where expert cardiologists
are not immediately available.

But the model should be applied as a decision-support tool, not a substitute for
clinical diagnosis. Diagnosis of CHF requires medical history, symptoms, imaging
and laboratory findings, in addition to ECG. The proposed system can be useful to

generate alerts and assist interpretation but the final decision should be made by med-

37



ical professionals. Future validation on larger and more diverse datasets will further
strengthen the clinical applicability of the model.

4.5 Error Analysis

Misclassification can occur for a number of reasons. False positive results may occur
in some normal subjects with ECG patterns resembling abnormal rhythms. Likewise,
some CHF patients may have segments that appear reasonably normal giving rise to
false negatives. Predictions may also be affected by noise and artifacts, and differences
in recording conditions. It is important to know about these mistakes because medical
systems must be reliable and transparent.

False negatives are missed CHF cases and are particularly important in CHF detec-
tion. Longer ECG windows, additional clinical features, or aggregation at the patient
level may reduce false negatives. On the other hand, false positives may lead to unnec-
essary follow-up but are generally less dangerous than missed disease cases. Therefore
a practical system may select a threshold which yields higher sensitivity at an accept-
able specificity level.

4.6 Limitations of the Present Work

The proposed method yields promising results but has some limitations. First, the
study is based on publicly available datasets and the number of patients may be limited
compared to large hospital-scale datasets. Second, the model is tested for binary classi-
fication between CHF and normal sinus rhythm. The real clinical environments could
be composed of other conditions like arrhythmia, myocardial infarction and conduc-
tion abnormalities. Third, ECG acquisition settings may differ from device to device

which may influence model generalization.

Another con is that deep learning models require fine tuning and can be difficult to
understand completely. While attention improves interpretability, it does not provide
the same level of explanation as a rule-based clinical decision. Future work can include
explanations techniques such as saliency maps, lead-wise attention visualization and

beat-level contribution analysis.

4.7 Practical Deployment Considerations

For deployment in a real healthcare system, the model needs to be integrated with

an ECG acquisition device and a signal quality assessment module. First, the system
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should check if the incoming ECG is usable. If the signal is noisy, the device can
request re-recording or ignore the segment. These clean segments can then be passed
into the feature extraction and classification pipeline. The final output may be a risk

score, rather than a simple yes/no label.

Data privacy is another important deployment issue. ECG data are sensitive medical
records and must be stored and transmitted in a secure way. But if processing is done
in the cloud, encryption and access control are needed. On-device processing can miti-
gate the privacy risk and communication cost for wearable devices. The computational
efficiency of Integer Haar Wavelet Transform and GRU-based modelling supports this
type of deployment.

Further enhancement of proposed system can be done by adding patient level ag-
gregation.

Instead of a decision based on one segment, predictions of several segments can be
combined. This can reduce the effect of noisy or uncertain segments and lead to a more
stable final decision This is useful for long term monitoring where ECG is recorded

continuously over minutes or hours.
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CHAPTER 5

CONCLUSION AND FUTURE WORK

5.1 Conclusion

In this dissertation, a signal-processing features and machine learning model-based
approach for congestive heart failure detection using ECG was proposed. The study
starts with the clinical motivation for automated CHF screening. Then, the prior art
in ECG classification methods is reviewed and the BIDMC and MIT-BIH datasets are
described. The methodology then described preprocessing, patient-wise data separa-
tion, Integer Haar Transform feature extraction, and the models evaluated in this work.
Among the tested models, MLDA-RNN achieved the strongest performance with an
accuracy of 96.06%.

A major contribution of this work is the use of patient-wise testing. Instead of ran-
domly mixing ECG segments, complete patient recordings were assigned to training,
validation, or testing groups. This makes the evaluation more difficult because the
model is tested on unseen subjects rather than on segments from already observed pa-
tients. The obtained result is therefore more meaningful for practical screening than
a simple random split. The performance of the attention-based recurrent model sug-
gests that temporal multi-lead ECG information is valuable for CHF recognition under

a stricter evaluation setting.

5.2 Future Work

As a direction for future work, the following aspects could be explored:

» Extending the model to handle multi-class classification of different severity lev-
els of congestive heart failure.

* Testing the proposed approach on larger and more diverse ECG datasets to im-
prove the generalizability of the model.

* Investigating the deployment of the Integer Haar Wavelet Transform based fea-
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ture extraction on actual low-power wearable hardware platforms.

» Exploring more advanced attention mechanisms and newer RNN architectures

such as transformer-based models for further accuracy improvement.

* Combining ECG-based features with other clinical parameters to achieve a more
holistic diagnosis of CHF.
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