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Abstract

Myocardial Infarction (MI) has the highest mortality of all cardiovascular diseases (CVDs). Detection
of MI and information regarding its occurrence-time in particular, would enable timely interventions
that may improve patient outcomes, thereby reducing the global rise in CVD deaths. Electrocardiogram
(ECG) recordings are currently used to screen MI patients. However, manual inspection of ECGs
is time-consuming and prone to subjective bias. Machine learning methods have been adopted for
automated ECG diagnosis, but most approaches require extraction of ECG beats or consider leads
independently of one another. We propose an end-to-end deep learning approach, DeepMI, to classify
MI from normal cases as well as identifying the time-occurrence of MI (defined as acute, recent and
old), using a collection of fusion strategies on 12 ECG leads at data-, feature-, and decision-level. In
order to minimise computational overhead, we employ transfer learning using existing computer vision
networks. Moreover, we use recurrent neural networks to encode the longitudinal information inherent
in ECGs. We validated DeepMI on a dataset collected from 17,381 patients, in which over 323,000
samples were extracted per ECG lead. We were able to classify normal cases as well as acute, recent
and old onset cases of MI, with AUROCSs of 96.7%, 82.9%, 68.6% and 73.8%, respectively. We have
demonstrated a multi-lead fusion approach to detect the presence and occurrence-time of MI. Our
end-to-end framework provides flexibility for different levels of multi-lead ECG fusion and performs
feature extraction via transfer learning.

diologists), both of which are in limited supply
in resource-constrained areas. Cardiologists visu-
ally inspect the conventional 12-lead ECG wave-
forms as images when making diagnosis. How-
ever, such a process is tedious and can be highly
subjective [2]. ECG readings are also sensitive to
mounting position and prone to movement arte-
facts [3], resulting in noisy readings that add to

1. Introduction

!Cardiovascular diseases (CVDs) are the lead-
ing cause of death globally, and 85% of CVD
deaths are due to heart attacks (i.e., Myocardial
Infarction) and strokes[1]. Traditional diagnosis
of heart attack mainly employ interpretation of
ECG recordings, which requires precise acquisi-

tion devices and highly trained clinicians (i.e., car-
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the difficultly of making reliable diagnoses from
them. This problem becomes more visible in low-
resource settings where there are a limited num-
ber of cardiologists, or none at all. Numerous
studies have also shown that it is not always pos-
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sible to detect cardiovascular abnormalities from
a visual inspection of the ECG trace alone, given
the small amplitude and short PQRST durations
involved [4]. In this context, computer aided di-
agnosis methods present a promising solution to
the problem of analysing and identifying CVDs
from ECG readings.

Automatic approaches using computer algo-
rithms have been proposed to extract domain-
specific handcrafted ECG features both in time-
and frequency-domains for heart disease diagno-
sis [5, 6, 7, 8. Manually engineered features
(e.g., identifying complexes in the ECG trace)
could be tractable compared to automatically
learned features; however, they might be suscep-
tible to noise/motion artefacts. Moreover, these
approaches often require extensive pre-processing
steps that are prone to error. Feature engineering
also requires careful consideration and is associ-
ated with a time-consuming and labour-intensive
model development process, which often fails to
take into account variations in patient characteris-
tics, mounting positions and device specifications.
By contrast, end-to-end deep learning methods
can eliminate the need for explicit feature engi-
neering, by learning optimal representations di-
rectly from the raw data for the task at hand. Ad-
ditionally, there are currently no studies that have
investigated the prediction of occurrence-time in
MI (i.e., the age of a MI), information that is cru-
cial for preoperative risk assessment [9], where pa-
tients with acute (i.e., within seven days) and re-
cent (i.e., less than 30 days but longer than seven
days) MIs are considered to be at higher risk of
a perioperative cardiac event, and patients with
old MIs (i.e., more than 30 days) are at higher risk
of perioperative cardiac morbidity. Such systems
become more impactful, in low-resource settings,
where there is no patient data archival practice;
or in emergencies when a patient history might
not be available on the spot.

In this paper, we present an end-to-end deep
learning system for predicting the occurrence time
of MI using 12-lead ECG waveforms (see Fig. 1).
The contributions of this work are as follows:

1. spectral-based data representation for onset
time detection of heart attack, which offers a

more general representation that overcome
issues of variability in sampling rates and
device specifications across ECG manufac-
tures;

2. application of cross-domain transfer learn-
ing between natural images classification
and ECG waveform detection, to extract
spectral features to reduce the dimension of
the spectrograms and minimise redundant
information;

3. utilising joint spectral-temporal modelling
to encode the spatial and temporal informa-
tion from multi-channel ECG waveforms;

4. proposing the use of a variety of fusion ap-
proaches to combine information at differ-
ent levels of data representation (i.e., data-,
feature- and decision-level fusions) aiming
to utilise distinctive characteristics offered
by each ECG lead; and

5. predicting the occurrence time of MI, util-
ising a large scale dataset containing >
15,000 patients and > 323,000 data sam-
ples, to provide timely intervention that can
potentially improve patient outcomes.

The paper is organised as follows: Section 2
surveys the research literature on the topic of au-
tomated ECG analysis for CVD diagnosis, with a
focus on MI detection. Section 3 presents the pro-
posed framework, including different multi-lead
fusion strategies and diagnosis modelling tech-
niques. Section 4 details the experimental setup
including descriptions of the dataset used for val-
idation, the set up of network architectures and
parameters in the proposed approach, in addition
to methods considered for comparison. Section 5
presents results and discusses important findings,
whilst concluding remarks are provided in Sec-
tion 6.

2. Related work

The potential diagnostic value provided by
ECG signals, particularly for the diagnosis of
CVDs such as MI, has long been recognised by re-
searchers [4]. To date, the majority of automated
methods proposed for detecting MI from ECG
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Figure 1: Overview of the proposed framework: multi-lead ECG waveforms are provided as input, and spectrogram
generation is used to encode the frequency-time characteristics. Transfer learning is applied to encode deep features
using existing computer vision networks. Spectral and temporal models were employed for diagnosis modelling.

traces, have focused on identifying abnormali-
ties after beat-by-beat segmentation and manu-
ally extracting statistical and morphology-based
features from the PQRST complexes of the seg-
mented beats. These approaches often entail
error-prone pre-processing steps (such as identi-
fying ECG complexes), which due to the small
amplitudes and short duration of segmented beats
are particularly sensitive to noise and motion arte-
facts. This is followed by a handcrafting of fea-
tures which requires domain expertise and care-
ful consideration and is associated with a time-
consuming and laborious model development pro-
cess [10, 11, 12, 13, 14].

The handcrafted features extracted from the
ECG signals can then be used to make clas-
sification decisions based either on simple rule-
based thresholding [15], or by training supervised
ML models [16], including deep learning mod-
els [17, 18]. Feature engineering requires care-
ful consideration and is associated with a time-
consuming and laborious model development pro-
cess [12]. For example, in the work of [12], a sep-
arate feature selection step is first performed to
identify the 15 most informative discrete wavelet
transform (DWT) features from the set consid-
ered. Moreover, in the numerous studies pub-
lished, highly varied feature sets have been pro-
posed for MI classification. The absence of an es-
tablished consensus on informative features may
indicate the lack of generalisabilty provided by

the handcrafted features proposed to date. Deep
learning methods by contrast, remove the need
for beat segmentation and manual feature en-
gineering through their ability to automatically
learn optimal representations directly from the
raw data.

2.1. Deep learning methods

Given the success of deep learning in a wide
range of application domains, a growing number
of studies have investigated the use of end-to-
end deep networks for ECG based CVD detection
(19, 20, 21, 22, 23, 24, 25, 26, 27, 28]. The most
widely employed and often best performing archi-
tectures have been CNNs, e.g. [20, 23, 27, 28]. A
smaller number of these studies considered RNNs
[26, 29], whilst [25, 29] demonstrated that a cas-
caded CNN-LSTM model architecture achieved
superior performance to either individual model
architectures on their own. This provides sup-
porting evidence to the broad fact that capturing
local and long-term temporal characteristics of
ECG signals through joint modelling, upon which
this study is built on.

More recently, the following are examples
of studies that have employed end-to-end deep
learning approaches for ECG based MI detection
specifically [23, 20, 21, 27, 29, 28]. For the ma-
jority of these works, MI detection was framed
solely as a binary classification problem (non-
MI or MI), whilst in others MI localisation was



the focus through a multi-class problem formu-
lation. The latter concerned identifying differ-
ent MI types characterised by the location of the
blocked artery (e.g. posterior lateral MI), as an
example, 10-classes of MI location are predicted in
the work of [27]. The utility of discriminating be-
tween such MI types is clear, however prediction
of MI by time-onset, as we propose in this work,
has not yet been researched. Characterising MI
diagnosis by estimated occurrence time has clear
practical implications, as this additional informa-
tion would enable proactive care management and
appropriate intervention strategies to be enacted.

2.2. Transfer learning

Whilst deep learning methods have the poten-
tial to achieve state-of-the-art performance, they
often require copious amounts of training data.
This is particularly true when a sophisticated ar-
chitecture is trained from scratch, which contains
many parameters that must be learnt. To over-
come these challenges in data and time-consuming
hyper-parameter setup, transfer learning can be
exploited. Transfer learning aims to leverage
models that are pre-trained, namely models that
have been carefully developed for a different task
and/or on a different dataset. For the task of
CVD detection using ECGs, the works of [22, 30]
showed the effectiveness of cross-domain transfer
learning through their use of Google’s Inception
image recognition model [31]. In these works, raw
ECG signal traces were treated as images to be
analysed by the network, thereby directly emulat-
ing the analysis cardiologists perform. Our work
differs from these, and other similar studies, in
that we first map 1D ECG signals to 2D spec-
trogram representations, before treating the lat-
ter as an image to be analysed by a pre-trained
computer vision network through transfer learn-
ing. We consider the spectrogram representation
as input, rather than the image of the ECG signal
itself, as the former allows spectral time-varying
information present in the signal to be better vi-
sualised. Thereby potentially enabling more clini-
cally relevant information for diagnosis to be cap-
tured and learnt by an ML model. In previous
work by the authors, we have shown the effec-

tiveness of spectrogram image representations of
physiological signals, such as PPG, for ML based
disease diagnosis [32, 33].

2.3. Single vs. multiple ECG leads

Published research in CVD detection from
ECG signals, has primarily restricted itself to us-
ing a single lead [19, 20]. In the studies where
multiple ECG leads were considered, individual
models were generally developed and evaluated
for each lead separately [27]. Fusion strategies at
both the data and result level were investigate ex-
tensively in this work. Whilst the use of 12 leads
ECG may usually be limited outside clinical set-
tings, and single lead analysis is advantageous in
certain contexts (for example remote monitoring
of patients), the work of [34] highlights the preva-
lence and seriousness of in-hospital MI. In these
contexts, patients can be consistently and conve-
niently monitored using the standard and inex-
pensive 12 lead ECG setup, which clinicians use
in their entirety to make diagnoses. Importantly,
research has shown that different ECG traces con-
tain different predictive importance for MI diag-
nosis [23], highlighting the value of considering
multiple lead fusion for CVD prediction in gen-
eral [35, 23, 25, 36].

2.4. Validation datasets

Research methods proposed to date for
automatic CVD detection, have primarily de-
veloped and evaluated their methods on the
open-source PhysioBank Physikalisch-Technische
Bundesanstalt (PTB) ECG dataset [37], or on
proprietary datasets (e.g. [25]). High perfor-
mance achieved on the detection of MI or MI
types in the PTB dataset, may indicate that to
assess the generalisability of developed methods,
validation on new datasets is vital. To date,
studies that have employed alternative datasets
have often been small. For example in [25]
models were trained on ECG records 10 seconds
long from 362 patients with cardiovascular ab-
normalities. By contrast, we have developed our
models using a dataset with over 17,000 patients
and 323,000 ECG sample measurements, which
is an order of magnitude higher than those used



in the literature. Moreover, the dataset used
in this work contain additional labels regarding
the eventual time occurrence of MI, allowing
us to investigate the possibility of predicting
time-onset of heart attack from ECG readings
alone.

3. Proposed framework: DeepMI

In this section, we outline the system aspects
of the proposed framework for identifying MI and
its occurrence time.

3.1. Owverview

Figure 1 shows the overview of our pro-
posed approach. Given a dataset, D, which
contains 17 patients diagnosed for MI, i.e.,
D = {S;}]_,, where S; represents the i patient
represented by 12 ECG leads, S; = {l/}, j €
[I,II,II1I,aVR,aVL,aVFV, Vo, V3, Vy, Vs, Vgl
Each patient is diagnosed and the on-
set time of MI cases is determined clin-
ically. Thus, the ground truth of §; is
g; € {acute,recent,old,normal}. Thus, our
approach focuses on predicting the diagnose
label using an end-to-end trainable framework
designed to operate with limited training data
and in low computational resource settings. To
this end, we, first, extract the frequency-time
characteristics, i.e., spectrogram, of the ECG
waveforms. Then feature encoding is done on
these spectrograms via transfer learning using
pre-trained computer vision networks.  Diag-
nosis modelling is performed with spectral and
longitudinal models, which encodes spatial and
temporal information, respectively. To integrate
information from different ECG leads, we employ
different fusion techniques. Next we describe the
details of each step in the proposed framework.

Given the raw ECG waveforms, a preprocesing
is applied to clean up the data, which includes
filtering of patients with erratic ECG readings
in one or more of the ECG leads. Particularly,
missing readings which could occur due to loose
mounting of the electrodes during ECG acquisi-
tion. To discard some of the noise/motion arte-

facts, often characterized by low and high fre-
quency characteristics, we employed a band-pass
filter (a high pass filter followed by a Gaussian fil-
ter) on all ECG recordings. Other pre-processing
steps include the subsequent sampling of ECG
windows per lead, i.e., ! = [w’ ]7_,, where w/,
represents the n'* window segmented from the j*
lead of the *" patient and v is the total number

of windows from a patient lead, lg )

3.2. Spectrogram generation

Rather than using the raw ECG time-series
to encode features for the MI diagnosis, the pro-
posed framework employs a frequency-time (spec-
trogram) representation that captures the time-
varying characteristics of the waveforms, and it
is also robust across variations in device specifi-
cations such as sampling rate [38]. The spectro-
gram generation is computed from each wzn by
applying a Fourier transform, that results in a
2D frequency-time representation an The sub-
script ¢ is dropped henceforth to improve read-
ability. We also normalise spectrograms by their
maximum value, followed by a logarithmic scale
to smooth the representation as

. Fi
F’ =log (—" * 255) : (1)
max(F;)

The smoothed FT{ is then stored as image using
the JPEG image format so that it resembles nat-
ural images for the transfer learning step. While
other colormaps could also be used, we employed
the ’viridis’ colormap to convert the spectrogram
array to an image after normalization in Eq. (1).
The JPEG format is selected due to its efficiency
but other formats could also be used.

3.3. Feature encoding

The spectrogram generation provides an
image-like representation that suits convolution-
based deep learning encoding. However, de-
signing a dedicated deep network and encoding
features by training it from scratch poses an
enormous training data requirement, computa-
tional resources to train and a prolonged hyper-
parameter tuning process. As a result, we opt to
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Figure 2: Examples of ECG waveforms (top row) and their corresponding spectrograms (bottom row) from an aVR
lead for a patient randomly selected from each class. Note: only 2-seconds duration of each waveform is shown to allow

detailed visualisation of the patterns.

utilise existing computer vision networks, such as
GoogLeNet [31] and MnasNet [39], to encode fea-
tures via a transfer learning approach. Thus, a
hidden layer of these existing CNNs could be ex-
tracted from each normalised spectrogram input,
E,, resulting a high-dimensional feature vector,
d,, € R”. The use of such cross-domain learn-
ing exploits powerful existing architectures and
relaxes the training data requirement.

3.4. Multi-lead fusion

The proposed framework offers a variety of fu-
sion techniques to utilise the discriminant char-
acteristics offered by the conventional 12 ECG
leads [23]. To this end, data, feature and decision
fusions are experimented with, details of which
are provided below.

3.4.1. Data fusion

The spectrograms from different ECG leads
are fused together at data level in the form of
stacked spectrograms. Given the set of nor-
malised spectrograms of the leads, {Fﬂb} for j €
[[,II,I11,aVR,aVL,aVFV, Vo V3, Vy V5 Vgl,
the data fusion is applied as in Equation (2),
which mimics the visualisation of the ECG leads
by cardiologists in clinical practice [32]. This
results in a stacked spectrogram, ®,, as the
output of the data fusion.

nid aVR V1 V4

El, EVECEY, Fy

_ 17 aVL V2 V5
O, = | pII pavL  pvZoopvsl o (2)

(1T oV F V3 V6

Ve TS A N T

In case of data fusion, transfer learning is applied
to encode a single deep feature vector, d,, from
the stacked spectrogram, ®,,.

3.4.2. Feature Fusion

Another information fusion strategy from
the multiple ECG leads could be imple-
mented at the feature level. Namely, af-
ter deep features are extracted from the
spectrogram of each lead, i.e., dZL for j €
[[,II,I1],aVR,aVL,aVFVy, Vo, V3, Vy, V5 Vsl,
where each d is extracted from the correspond-
ing . We have experimented with two feature
fusion approaches: concatenation and accumula-
tion. Concatenation refers to the stacking of the
feature vectors to a single vector, i.e. the input
to the modelling step becomes d,, = C(d’)), where
C(-) represents the concatenation operation and,
as a result, d, € RM*7, where N, represents the
number of leads (i.e., V; = 12) and 7 represents
the dimension of each d’. On the other hand,
accumulation-based feature fusion, A(-), results
ind, € R™, with equal dimension as the indi-
vidual feature vectors due to the accumulation
operation being defined as:

Nl j
=1 dn

l

(3)

3.4.3. Decision Fusion

Decision fusion aims to exploit the distinctive-
ness in each lead by training a specific diagnosis
model for each lead, after which the final output



is obtained from the fusion of predictions from
these lead-specific models. Given 12-lead ECGs,
the diagnosis prediction specific to each lead re-
sults in p/ € RN where Ny is the number of
diagnosis classes. To obtain the final prediction
output from these different lead models, we pro-
pose two different decision fusion techniques: ac-
cumulation and majority vote. Decision accumu-
lation is applied similarly to feature fusion as in
Equation (3) and the average of lead-specific pre-
diction p? is computed. Majority vote, on the
other hand, selects the most frequently predicted
diagnosis class, across the different model leads,
as the final predicted diagnosis.

3.5. Diagnosis modelling

After deep features are obtained in the trans-
fer learning module, three diagnosis modelling
techniques are developed in the proposed frame-
work: spectral and longitudinal and joint spectral-
longitudinal. These techniques are described more
detail below.

3.5.1. Spectral modelling

This modelling approach only uses the spec-
tral information, encoded as deep features, for di-
agnosis modelling. To do so, a dense layer is ap-
plied that takes the deep feature vector as input;
which means d, during data fusion, d, during
concatenated feature fusion, an during accumu-
lated feature fusion and d’ during decision fusion.
The output of the dense layer is r,, € R", where
k is the dimension of the dense layer. The dense
layer helps to refine the spectral features and re-
duce the feature dimension (since k < 7) as

I‘n — U(Wrddn + bT)y (4>

where o is a non-linear activation function, W,4 €
R**7 is the weight matrix linking the deep feature
vector and the dense layer, and b is the bias vec-
tor. Note that during feature concatenation, 7
becomes N; = 12 longer. The prediction vector
for the MI diagnosis, p,,, is obtained by applying
a softmax function on the dense layer output, r,,
as

€W5Trn
S 5)
pn eVVsrrn + 1’ ( )

where W, € RY** is the weight matrix linking
the dense layer and diagnosis classes and N, is
the number of class labels. The diagnosis class
corresponding to the index of the highest element
in the prediction vector, p,,, becomes the final
prediction output by the proposed framework.

3.5.2. Longitudinal modelling

The spectral modelling above only encodes the
spectral information in each sample window, w,,,
segmented from a long ECG waveform. How-
ever, subsequent samples possess temporal depen-
dency as v samples were segmented from each
ECG lead. We propose a recurrent neural net-
work to exploit these long-term temporal dynam-
ics. Long short-term memory (LSTM) networks
are designed to encode temporal dependency, and
they handle the vanishing and exploding gradient
problems better than the vanilla recurrent neural
networks (RNNs) via their input, output and for-
get gates that act as switches to control memory
information about the past.

Given the previous cell information, c,,_1, the
output gate, o, the forget gate, f,,, the candidate
cell information, c,, and input gate, i,; the cur-
rent LSTM hidden state, h,, can be computed
as

h, = 0,06(f,®cp_y+i,®¢C,), (6)

where © is an element-wise multiplication and ¢
is a tanh activation function. The dimension of
i,, h,, c,_1, c,, 0, and ¢, is R”, which is the
number of neurons in the LSTM layer. Note that
when only the longitudinal model is used, its in-
put is the high dimensional deep features. Finally,
a softmax function similarly to Equation (5) is ap-
plied on h,, to obtain the MI diagnosis prediction,
p,,, using the longitudinal model.

3.5.8. Spectral-longitudinal modelling

Separate use of the spectral and longitudinal
modelling approaches have the following limita-
tions. The spectral model fails to encode the
long-term temporal dependency existing between
subsequent samples segmented from long duration
ECG waveforms. On the other hand, the longitu-
dinal model takes as input the high dimensional



deep features (7 during data, feature accumula-
tion and decision fusion, 127 during feature con-
catenation) obtained from the transfer learning
step, which might result in overfitting due to the
curse of dimensionality, especially when feature
concatenation is used. We therefore propose a
joint spectral-longitudinal model to address these
limitations and utilise the advantages offered by
both models, i.e. refinement of deep features and
dimensionality reduction by the dense layer of the
spectral model and the temporal encoding using
LSTM in the longitudinal model. Thus, the out-
put of the dense layer in the spectral model, r,,,
is used as input to the longitudinal model. As a
result, the hidden state, h,,, in the longitudinal
model encodes the temporal dependency among
subsequent r,,. Finally, the softmax layer is used
to predict the MI diagnosis, p,,, similarly to Equa-
tion (5).

4. Experimental Setup

In this section, we describe details of the
dataset used for development and validation of
onset time prediction, the set up associated with
the different stages of the proposed framework.
Namely, spectrogram generation, transfer learn-
ing, spectral and longitudinal model architectures
and their corresponding hyper-parameters. We
also describe the variety of methods used for com-
parative purposes.

4.1. Dataset

The ECGs from 17,381 patients (11,853 MI
and 5,528 Normal cases) were collected in the
Provincial Key Laboratory of Coronary Heart
Disease, Guangdong Cardiovascular Institute
(GCI), which is located in Guangdong province,
China. The study has obtained ethics committee
approval and informed patient consent. Each 12-
lead ECG waveforms was anonymised, sampled at
500 Hz and was 10 s long. The ECG signals for
each patient contain the standard 12 leads, which
are [, II, III, V1, V2, V3, V4, V5,V6, aVF, aVL,
and aVR. Cardiologists annotated the MI cases
furthermore into three sub-groups: Acute, Recent

and Old based on hospital records like patient his-
tory, in combination with ECGs. The final GCI
dataset resulted 1,489 Acute (MI occurred within
7 days), 5,377 Recent (MI occurred in less than
30 days but longer than 7 days) and 4,613 Old
(MI occurred beyond 30 days) MI cases.

4.2. Parameter Setup

We set the duration of a sample, w,, to 1
s in order to achieve a balance between longer
duration (which might have some degree of re-
dundancy and also reduce the number of training
samples) and shorter duration (which might lack
enough information to do inference). We applied
an overlapping percentage of 50%, between sub-
sequent samples, which results a total of 323,133
samples from each lead, of which: 28,291 are
Acute, 102,163 are Recent, 87,647 are Old, and
the remaining 105,032 are Normal samples. In
the spectrogram generation step, we applied a
Fourier transform, with a chunk of 0.1 s and an
overlapping percentage of 90%, which results in a
spectrogram representation with 91 x 26 resolu-
tion when stored as an image in JPEG format.

Among existing computer vision networks, we
experimented with GoogLeNet’s Inception-v3 [31]
and MnasNet [39] networks that are trained on
natural images from ImageNet [40]. GoogLeNet
is known to be quite robust due to its novel in-
ception module and the fact that it has been val-
idated across multiple domains. MnasNet, on
the other hand, is considered a mobile comput-
ing friendly architecture, designed with limited
resource settings in mind. Thus, we extract deep
features from the penultimate layers of these net-
works using the spectrograms as input, result-
ing 7 = 2,048 and 7 = 1,056 dimensional deep
feature vectors from the Inception-V3 and Mnas-
Net networks, respectively. In order to maximise
learning of MI-specific features on the top of the
transfer learning from existing networks, we in-
serted a new fully-connected dense layer with a
dimension of k = 16 neurons with a ReLu ac-
tivation, which will be trained entirely on our
dataset. We have aimed for an LSTM network
which is simple and consists of a single layer of
size v = 16. The number of time steps in the



Table 1: The descriptions of methods employed and compared against each other in this study. Different fusion tech-
niques, such as Data, Feature and Decision were experimented. Data fusion involves stacking of the spectrograms from
different leads; feature fusion refers to the aggregation of features extracted from multiple leads. Decision fusion refers
to the aggregation of decisions from different ECG leads. Two types of modelling were also employed: Spectral and
Longitudinal that encode spatial and temporal information, respectively.

Method Description
Data-Dense Data fusion and spectral modelling using dense layers
Data-LSTM Data fusion and longitudinal modelling using LSTM

Data-Dense-LSTM

Data fusion and spectral modelling using dense layers and longitudinal modelling using LSTM

Accumulation-Feature-Dense
Accumulation-Feature-LSTM
Accumulation-Feature-Dense-LSTM

Accumulation-based feature fusion and spectral modelling using dense layers
Accumulation-based feature fusion and longitudinal modelling using LSTM
Accumulation-based feature fusion and spectral modelling using dense layers and longitudinal modelling using LSTM

Concatenation-Feature-Dense
Concatenation-Feature-LSTM
Concatenation-Feature-Dense-LSTM

Concatenation-based feature fusion and spectral modelling using dense layers
Concatenation-based feature fusion and longitudinal modelling using LSTM
Concatenation-based feature fusion and spectral modelling using dense layers and longitudinal modelling using LSTM

Vote-Decision-Dense
Vote-Decision-LSTM
Vote-Decision-Dense-LSTM

Spectral modelling using dense layers and majority vote-based decision fusion
Longitudinal modelling using LSTM and majority vote-based decision fusion
Spectral modelling using dense layers, longitudinal modelling using LSTM, and majority vote-based decision fusion

Accumulation-Decision-Dense
Accumulation-Decision-LSTM

Spectral modelling using dense layers and accumulation-based decision fusion
Longitudinal modelling using LSTM and accumulation-based decision fusion

Accumulation-Decision-Dense-LSTM

Spectral modelling using dense layers, longitudinal modelling using LSTM, and accumulation-based decision fusion

LSTM is set to v = 19 samples. Finally, the soft-
max layer consists a fully connected layer of size
N. = 4, which is equal to the number of diagnosis
classes. During training a sparse-softmaz-cross-
entropy loss function is used with Adam optimiser
and a learning rate of 0.01.

Both the GGH and PTB datasets used for
the validation of the proposed framework exhibit
imbalance of samples among classes. Though
the number of MI cases is significantly higher
than normal cases in GGH, the imbalance be-
comes smaller in the 4-class classification task
OF MI onset detection since the MI cases fur-
ther decomposed into Acute, Recent and Old
classes. Considering the imbalance issue, we
adopt the following strategies in our validation:
a) we employ patient-level and five-fold stratified
cross-validation, where the patient-level sampling
makes sure samples extracted from one patient’s
ECG sequence cannot be evaluated against other
samples from the same sequence, and the strat-
ification enables fair representation of classes in
each fold (a different validation strategy is also
experimented and compared with the proposed
five-fold stratified cross-validation in the Supple-
mental Material); b) every batch is designed to
contain proportional number of samples from each
class; ¢) sparse-softmax-cross-entropy is applied
as our loss function that weighs the loss accord-
ingly; d) Area under receiver operating charac-

teristic (AUROC) is applied as the main metric
to compute the classification performance, as this
metric better handles the potential class imbal-
ances. AUROC for each class is obtained using
a one-vs-all strategy, and overall AUROC is com-
puted from the average of AUROCsS of all the four
classes across the five cross-validations. Similarly,
we also employed accuracy, precision, sensitivity,
specificity and F-score to evaluate MI detection
performance. The confusion matrices are also
provided to obtain more insights on the potential
misclassification errors among the classes.

The proposed framework consists of a vari-
ety of fusion techniques (data, feature and de-
cision) and modelling approaches (spectral, lon-
gitudinal and spectral-longitudinal). These were
experimented with for every possible combination
of fusion and modelling approaches. A summary
of these methods is provided in in Table 1.

5. Results and Discussion

In this section, we present the results obtained
for the classification of MI cases from normal cases
as well as the prediction of the onset time of MI
(i.e. acute, recent and old), which was generally
treated as a four-class classification problem. We
also performed the comparison of the proposed
framework with existing features and classifiers.



Table 2: Performance of the proposed framework vali-
dated to detect MI cases from Normal Patients in the GGH
dataset. Acc.: Accuracy, Pre.: Precision, Sen: Sensitivity,
Spe.: Specificity , F: Fj-score

Performance metrics (%)

Methods Acc. Pre. Sen. Spe. F | AUROC
Spectral 70.3 86.7 66.8 778 755 80.6
Longitudinal 732 839 753 68.6 794 79.8
Spectral-longitudinal | 72.5 89.8 67.6 83.3 77.1 85.2

5.1. MI Detection

We first evaluated the performance of our pro-
posed approach to detect MI cases from Nor-
mal cases using MnasNet features on the GGH
dataset. To this end, Spectral, Longitudinal and
Joint Spectral-Longitudinal models were evalu-
ated on the stacked spectrogram (data-fusion)
of multiple ECG leads. The results are shown
in Table 2, where an AUROC value of 85.2%
is achieved using the Joint Spectral-Longitudinal
model, higher than the independent performance
of the Spectral and Longitudinal models.

5.2. Onset Time Detection of MI

Table 3 shows the AUROC (%) values per each
diagnosis class across different fusion approaches:
data, feature and decision. Overall, feature
fusion was shown to outperform the other fusion
approaches as the majority of the classes achieved
their highest performance through feature fusion
approaches. Using GooglLeNet features (top half
of Table 3 the following highest AUROC values
are reported for the classes: Acute (82.9% using
Concatenation-Feature-Dense-LSTM ), — Normal
(96.9% using  Concatenation-Feature-LSTM )
and Old (87.4% using Concatenation-Feature-
Dense-LSTM). Using MnasNet features (bottom
half of Table 3), all the four diagnosis classes
achieved their highest AUROC values using fea-
ture fusion approaches, i.e., Acute (81.5% using
Concatenation-Feature-LSTM ), Recent (73.1%
using Concatenation-Feature-LSTM)), Normal
(98.2%  using  Concatenation-Feature-Dense-
LSTM) and Old (75.1% using Concatenation-
Feature-Dense-LSTM). Results suggest that
Normal cases are, as expected, easier to detect
compared to MI cases. On the other hand, MI
cases are shown to be challenging to classify,
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particularly Recent cases as they are prone to
being misclassified between the two extremes:
Recent and Old. The results reported with
MnasNet features in the bottom part of Table 3
are particularly encouraging, as competitive
performance is achieved with GoogleNet fea-
tures. The MnasNet framework is relatively
simple compared to GoogLeNet, with the lower
dimensionality of MnasNet features (7 = 1,056)
proving to be an effective representation, par-
ticularly as input for the longitudinal models
which otherwise were prone to overfitting using
the 7 = 2,048-dimensional GoogleNet features.
This is shown by the fact that the two MI
cases achieved the best performance with the
Concatenation-Feature-LSTM  method  using
MnasNet features.

Generally, the superior performance obtained
using feature fusion approaches reflects the unique
discriminative characteristics of each ECG lead,
which need to be exploited during modelling
rather than merging early before modelling using
data fusion or lately using decision fusion after
modelling. Comparison between two feature fu-
sion techniques: accumulation and concatenation,
reveals both are effective but concatenation is su-
perior as the information corresponding to the
distinctiveness of each lead is fed into the model
while accumulation might lose this information.
Although it is the simplest and least resource de-
manding, data fusion is shown to be the worst
performing fusion technique, partly due to the loss
of discriminative characteristics of different leads
too early in the pipeline. Another critical rea-
son for inferior performance of data fusion is the
information loss associated with the mandatory
input resizing step of the existing frameworks,
e.g., Inception-V3 resizes input spectrograms to
299 x 299.

The overall results shown in Table 3 pro-
vide further insights into the effectiveness of
the proposed joint spectral-longitudinal mod-
elling approach across the majority of the fu-
sion techniques. The average AUROC perfor-
mance show that joint spectral-longitudinal mod-
elling achieved the highest in Feature Accumu-
lation (77.4%), Feature Concatenation (80.5%),



Table 3: Performance of data, feature and decision fusion
approaches in the proposed framework for the detection
and classification of MI cases using spectral (Dense), longi-
tudinal (LSTM) and spectral-longitudinal (Dense-LSTM)
models, using: GoogLeNet (top table)and MnasNet fea-
tures (bottom table).A: Acute, R:Recent, N:Normal, O:
Old

GoogLeNet features

AUROC per class (%) Global (%)
Method A R N O | AUROC Accuracy
Data-Dense 70.0 622 838 63.5 69.9 69.9
Data-LSTM 757 66.1 927  69.2 75.9 734
Data-Dense-LSTM 781 539 859 679 71.4 70.3
Accumulation-Feature-Dense 764 644 864 641 72.8 71.3
Accumulation-Feature-LSTM 731 695 921 69.2 76.0 734
Accumulation-Feature-Dense-LSTM ~ 77.8  65.7 93.9 722 774 75.6
Concatenation-Feature-Dense 80.8 66.6 95.0 87.4 778 75.0
Concatenation-Feature-LSTM 62.0 641 96.9 688 73.0 68.7
Concatenation-Feature-Dense-LSTM ~ 82.9 68.6 96.7 738 80.5 77.1
Accumulation-Decision-Dense 740 652 853 64.0 72.1 71.0
Accumulation-Decision-LSTM 68.8 70.6 89.9 659 73.8 71.9
Accumulation-Decision-Dense-LSTM  74. 8 67.2 93.2 71.9 76.8 75.8
MnasNet features
AUROC per class (%) Global (%)
Method A R N O | AUROC Accuracy
Data-Dense 68.1 59.8 789 61.6 67.1 68.9
Data-LSTM 713 679 90.8 68.4 74.6 73.3
Data-Dense-LSTM 73.7 548 776 59.8 66.4 67.2
Accumulation-Feature-Dense 73.8 626 855 64.3 71.5 70.9
Accumulation-Feature-LSTM 721 680 91.0 68.5 74.9 73.8
Accumulation-Feature-Dense-LSTM 755  66.3 929 718 76.6 73.7
Concatenation-Feature-Dense 789 650 943 69.3 76.9 74.6
Concatenation-Feature-LSTM 81.5 73.1 97.7 74T 81.8 78.3
Concatenation-Feature-Dense-LSTM ~ 77.7  68.1 98.2 75.1 79.8 77.8
Accumulation-Decision-Dense 714 638 814 633 70.0 69.4
Accumulation-Decision-LSTM 70.3 686 90.8 67.1 74.2 4.7
Accumulation-Decision-Dense-LSTM ~ 73.1  66.9 91.9 70.2 75.5 72.9

Decision Accumulation (76.8%) using GoogLeNet
features. Similarly, superior performance by the
spectral-longitudinal model is achieved using Fea-
ture Accumulation and Decision Accumulation
using MnasNet features. Separately, longitudinal
models achieved the highest in data fusion tech-
nique (75.9% using GoogLeNet and 74.6% using
MnasNet features), where the feature dimension
is not too long to lead to the curse of dimension-
ality and model overfitting. We also provided the
accuracy metric in the last column, and the re-
sults showed similar behaviour as the AUROC,
i.e., concatenation-based feature fusion superior
performance, compared to the other fusion tech-
niques. During the validation using MnasNet fea-
tures, the LSTM-based longitudinal models tend
to perform competitively with Dense-LSTM mod-
els, due to the smaller dimensionality of MnasNet
features (1056) compared to GoogLeNet (2048),
and hence less overfitting.

Among the decision fusion approaches, both
majority vote and decision accumulation showed
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competitive performance.  However, the for-
mer showed slight superiority over decision ac-
cumulation as shown in Fig. 3 (more in the
Appendix), for the proposed joint spectral-
longitudinal model. This is partly due to the loss
of fine details resulting from the averaging per-
formed in accumulation fusion techniques. Fur-
thermore, the confusion matrices reveal misclas-
sification errors observed in the classification of
MI cases. It is clearly visible that the Normal
class has been distinctively classified without sig-
nificant misclassification with other MI cases. On
the other hand, more misclassification errors oc-
cur among MI types, i.e. acute, recent and old.
In summary, though data-fusion seems ineffective
in leveraging the distinctiveness of the leads, care
must still be taken when considering feature con-
catenation or decision fusion strategies. Namely,
constraints imposed by training resource consid-
erations due to the curse of dimensionality that
might arise for feature concatenation, or the need
of independent modelling for each lead in decision
fusion.

Our DeepMI framework not only demon-
strates its feasibility in identifying an infarction
from ECG readings alone, that is free from any
clinical input, but it also indicates the predicted
onset time of an infarction. Previous studies have
shown that the occurrence time of an MI affects
both the reinfarction rate, as well as mortality in
surgery [41, 42]. In particular, the risk of devel-
oping an adverse cardiac event has been reported
to decrease from 32.8% to 18.7% when surgery
occurs within 30 days of MI, compared to surg-
eries occurring 31-60 days post-MI [42]. Utilis-
ing DeepMI could therefore provide the age of an
MI from patient ECG readings only, without re-
quiring previous patient histories or more involved
laboratory test results. Our proposed framework
could therefore be utilised to assist clinicians in
remote settings, by providing additional informa-
tion to assess patient risk.

5.3. Comparison with existing works and valida-
tion using a public database

Among existing works, we selected hand-
crafted features from ECG waveforms validated
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Figure 3: Comparison of decision fusion approaches on (a)
GoogLeNet and (b) MnasNet features. The first column
contains Majority vote results and the second column De-
cision accumulation

with common classifiers and dedicated deep neu-
ral networks [43]. The handcrafted features were
obtained from autoregressive parameter estima-
tion using Burg’s method, which was developed
for spectral estimation [44], and it estimates the
autoregressive coefficients optimised for the input
signal, by minimizing loss in forward and back-
ward prediction errors. Such representation was
shown to outperform the fast-Fourier transform
method in encoding dynamics of time-series sig-
nals, including ECG waveforms [45]. Common
classifiers were used to validate on the autore-
gressive representation, which include Random
Forest, Logistic Regression, K-nearest Neighbors,
Gradient Boosted Trees and Multi-layer Percep-
tron. In addition to the handcrafted feature rep-
resentation, simple deep networks, such as convo-
lutional neural networks (CNNs) and Recurrent
Neural Networks (RNNs) were implemented on
the raw ECG waveforms. The CNN architecture
adopted a four-layer architecture, and subsequent

b N H
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1-D convolution was applied. The RNN architec-
ture was made of a single-layer LSTM component,
with a 1024 hidden units (using LSTM cells).
Similar train-test validation was employed as of
[43], i.e., 10-fold cross validation, and the AU-
ROC performance of both the existing works and
the proposed (Dense, LSTM and Dense-LSTM)
framework with the data-fusion approach were
shown in Table 4.

To further validate our proposed spectral-
longitudinal model on a publicly available
dataset, we used PhysioBank Physikalisch-
Technische Bundesanstalt (PTB) [37]: The PTB
ECG dataset comprises 15-lead ECG records of
patients diagnosed with multiple heart diseases,
sampled at 1000 Hz [46, 47]. In our evaluation,
we only used 12-lead ECG data related to 148
(MI) and 52 (Healthy) subjects, with a total of
200 subjects. As the duration of ECG data may
vary across subjects, we used only the first 10-
second segment of each patient.

The results showed that handcrafted features
performed inferior to our approach while Gra-
dient Boosted Tree achieved higher performance
compared to other non-deep learning based clas-
sifiers. The deep networks, i.e., CNNs and RNNss,
that were trained from scratch with the raw ECG
waveforms shown to underperform in their MI de-
tection power, partly due to the limited amount
of data available for training. This validates our
approach which aims to utilize existing networks
via transfer learning rather than designing a new
network for each problem and train it extensively
with a given dataset.

6. Conclusion

Myocardial infarction (MI) is globally the
leading of cause of death among cardiovascular
diseases. Due to the delay and resource expen-
diture associated with diagnosis from laboratory
based blood sample tests, it is common clinical
practice to inspect the electrocardiogram (ECG)
records of patients instead. However, such an ap-
proach is still time consuming and subject to in-
terpretation bias. In most developing countries,
the number of cardiologists to interpret the ECG



Table 4: AUROC (%), results from the publicly available
PTB database [37], using existing works that employed
hand-crafted features with traditional classifiers, and raw
ECG waveforms with dedicated CNN and RNN [43] frame-
works. A comparison is conducted with data-fusion strat-
egy of our proposed framework to detect MI cases from
Normal cases.

PTB Dataset

Method Classifier AUROC
Random Forest 68%
Gradient Boosted Tree 70%
Handcrafted Multi-layer Perceptron 61%
Existing Logistic Regression 66%
K-nearest Neighbor 64%
0,
Raw ECG time-series Egg\[ igéz
Spectral Dense 88%
Proposed Longitudinal LSTM 90%
Spectral-Longitudinal Dense-LSTM 94%

records is far lower than demand requires. In this
context, data-driven approaches can assist the di-
agnosis process by providing decision support to
the domain experts on site. Particularly, under-
standing the onset time of MI is crucially impor-
tant in providing effective and early intervention,
thereby improving patient outcomes. To this end,
we have proposed an end-to-end trainable deep
learning framework that takes raw ECG records
and detects MI cases from normal (or non-MI
cases), whilst also inferring the occurrence time
of the heart attack as being either acute (within
7 days), recent (less than 30 days but longer than
7 days) and old (beyond 30 days). To do so, we
employ a transfer learning technique that aims
to exploit existing convolutional neural networks
by representing the raw ECG time series with an
image-like spectrogram representation.

The advantages offered by the proposed frame-
work include: 1) the ability to detect heart attack
(and its occurence time ) with relatively simpler
framework that employs transfer learning capabil-
ities to avoid designing a dedicated network and
train from scratch; 2) thereby reducing the devel-
opment process and requirement of large train-
ing data; 3) moreover, the spectrogram represen-
tation of raw ECG waveforms encodes spectral-
temporal dynamics that are valuable to detect
MI in addition to achieving robustness across de-
vice specifications and small variations due to
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noise, motion artefacts and mounting positions; 4)
specifically, the use of spectral-longitudinal model
enables to encode short- and long-term dynamics
available in multi-lead ECG waveforms 4) unlike
other existing frameworks, the proposed frame-
work is advantageous in its fusion strategies that
aim to utilise multiple ECG leads; 5) the proposed
framework is more impactful in low resource set-
tings with limited data and lack of precise acqui-
sition devices and domain experts; 6) the robust-
ness of the proposed framework is validated via
experimentation under different settings (e.g., dif-
ferent existing networks, comparison with multi-
ple baselines and existing frameworks, and data
representations (raw time series, ECG ). The dis-
advantages of the proposed approach involves: 1)
it is still a supervised learning framework that re-
quires the labelling of the patient sample by the
domain experts; 2) particularly, the data-fusion
approach in accordance with the proposed frame-
work may suffer from information loss due to the
resizing pre-processing step available in the exist-
ing frameworks; 3) though transfer learning im-
proves prediction performance with minimal ef-
fort and manageable training data requirement,
the interpretability of automated features learned
could be relatively hard compared to learning fea-
tures from a dedicated network without transfer
learning. Clearly the advantages offered by this
work outweights the limitations and a prediction
performance of as high as 81.8% (AUROC) is ob-
tained when we validated the proposed framework
on a cohort of > 17,000 Chinese patients. Though
the onset-time detection performance could some-
times be less optimal, e.g., for Recent MI cases,
the proposed platform could still provide useful
insights, such as perioperative risks, particularly
in low-resource settings where there is very mini-
mal cardiologists-to-patients and/or rich patient
history is not common/available. Future work
aims to expand the validation of the proposed
framework to multiple recent networks, such as
ResNeSt [48] and to utilize attention-based mech-
anisms in the longitudinal modelling stage. Fur-
thermore, more layers other than the output lay-
ers in existing frameworks could be fine-tuned
with the use of our large GGH dataset in order



to further improve the onset-time prediction per-
formance.
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