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Abstract. Telemedicine allows to constantly monitor patients without the need
of hospitalization. Such a practice is enabled by IoMT (Internet of Medical Things)
devices, which acquire signals, and by AI (Artificial Intelligence)-based algo-
rithms, able to automatize the analysis carried out on many patients. The large
quantity of data produced every minute by IoMT devices, however, makes the use
of compression fundamental to reduce the bandwith used to transmit those data
and the memory required to acquire them, and lossy compression (specifically,
Compressed Sensing) has shown to be the most effective technique to use for the
task. Previous work introduced AI-based approaches for automatically detecting
hearth-related anomalies based on the electrocardiographic (ECG) signal. How-
ever, most of them assume the presence of the complete raw ECG signal. In this
paper, we extend our previous work in which we introduced RAST, an approach
for detecting ST segment-related anomalies. We present RASTC, an approach
able at identifying the same abnormalities but on a highly compressed ECG sig-
nal. The results of our experiment, carried out on the Physionet European ST-T
Database, shows that RASTC is capable of discriminating Normal ECG from ST-
depression and ST-elevation with classification metrics around 90%, even with
the highest compression ratio experimented, i.e., with an ECG signal compressed
by a factor of 16.

Keywords: Machine Learning · Compressed Sensing · Automatic Detection ·
ECG signal · ST-segment · Anomalies

1 Introduction

Due to the growing popularity of wearable devices applied in the medical field, the
Internet of Medical Things (IoMT) paradigm is experiencing rapid growth from the sci-
entific perspective of Research and Development (R&D). Basically, an IoMT network
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comprises numerous smart medical devices connected to each other over the internet.
Modern telemedicine relies on an IoT-based smart healthcare system [38]. A smart
healthcare system built upon the IoMT paradigm is composed of many stages. First, by
using smart sensors built into wearable (or implanted) devices that are linked by a Wire-
less Body Sensor Network (WBSN), medical data will be gathered from the patient’s
body [29, 42]. Next, the component handling the prediction and analysis step will get
this data through internet transmission. After obtaining the medical data, an analysis
may be carried out using an Artificial Intelligence (AI)-based data transformation and
interpretation approach, [31]. Based on them, the system can decide how to act based
on the urgency of the possibly detected issue, e.g., contacting a physician in case of
critical conditions [32].

Telemedicine is another name for the process of employing IoMT tools to remotely
monitor patients while they’re at home. When a patient receives this type of care, they
are spared from visiting a hospital or doctor’s office every time they have a medical
inquiry or a change in their condition. The greatest advantage of telemedicine, how-
ever, is having continuous monitoring of the health parameters of the caregivers. Recent
telemedicine systems proposed in the literature include ATTICUS [3, 25]. ATTICUS
grew out of the development of a prototype hardware and software system based on
advanced artificial intelligence techniques, capable of constantly monitoring an indi-
vidual and reporting anomalies affecting both his or her health status, detected through
the automatic measurement and analysis of biological parameters, and in his or her
behavior, detected through the monitoring and analysis of the movements the person
makes in the normal course of his or her activities. The system consists of one key el-
ement: a ”smart wearable” device [10]. This consists of a T-shirt made of innovative
fabrics, which integrates a data acquisition system (integrated into the T-shirt fabric)
capable of measuring the person’s vital parameters, such as electrocardiogram tracing,
temperature, respiratory behaviors, etc [3, 25].

Among the many signals that can be considered in IoMT devices (and, particu-
larly, in ATTICUS), the electrocardiographic signal acquired through the Electrocardio-
gram (ECG) is of paramount importance for identifying possible hearth-related issues.
Specifically, within the ATTICUS project, several detectors where designed aimed at
automatically analysing pathological features derived from the ECG. These detectors
allow to automatically identify (i) Atrial Fibrillation (AF) episodes [20, 22, 24], (ii) ar-
rhythmia related conditions [33], and (iii) Congestive Heart Failure [35]. Most of such
detectors assume the presence of a raw ECG signal to run their analyses and provide
predictions. However, the electronic core components in a wearable device (such as
those that capture real-time multi-lead ECG signals) create and transmit large amount
of data, which make the adoption of compression techniques necessary to save mem-
ory and bandwidth. Specifically, lossy compression techniques based on Compressed
Sensing (CS), particularly digital CS techniques, can be adopted to reduce the local
power consumption and to reduce memory size [4]. In this context, it is necessary to
adapt existing AI-based detection approaches to make them work with the compressed
signal [21, 23].

In our previous work [34], we introduced RAST, a detector for ST segment-related
anomalies. RAST, however, relies on the uncompressed ECG signal. In this paper,
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we extend our previous work, and we introduce RASTC, an innovative detector of ST
segment-related anomalies that directly relies on a compressed version of a single lead
digital ECG. The results show that RASTC is capable of achieving results compara-
ble with the state-of-the-art, by obtaining classification metrics above 90% even with
Compression Ratios up to 16.

Specifically, the contributions of this paper can be summarized as follows:

– We introduce RASTC, which is provided in two versions: BINARY-RASTC, based
on identification of only ST abnormality from Normal ECG and TERNARY-RASTC,
based on discrimination between ST-depression, ST-elevation and Normal ECG.
To increase the information component, which is compromised by the compression
process, we present 4 newly defined features. These features are measures derived
from the φ matrix of the Bernoulli compression algorithm application case;

– We present a study aimed at testing whether an approach based on detection of
cardiac pathologies derived from ST-segment analysis can be dropped into a context
of compressed ECG signal analysis. In order to conduct a comprehensive study, two
compression techniques were analyzed: one deterministic (DBBD) and one random
(Bernoulli).

This paper is structured as follows: in Section 2 a report on the incidence of ST-
segmnent anomalies is offered together with a (i) review of the recent state-of-the-art
dedicated to the automatic analysis of ST-segment and (ii) a description of the com-
pressed sensing algorithm. Section 3 describes the workflow of the approach, that in-
cludes details on the preprocessing, compression, calculation of the features and the
classification. Section 4 proposes details on the design of the study and the results.
Finally, Section 5 concludes the paper.

2 Background and related work

In this section an overview on the incidence of ST-segment anomalies on the general
population. This enhances the importance of provindig fast and reliable detection of
anomalies. After this, an updated review of the state-of-the-art related to recent works
dedicated to the detection of ST-segment anomalies.

2.1 ST-related conditions

An electrically neutral region of the complex between ventricular depolarization (QRS
complex) and repolarization (T wave) can be represented by the ST segment on an
electrocardiogram [37]. It can, however, adopt a variety of waveform morphologies that
could point to a benign or clinically severe myocardial infarction or insult. For clinical
management since it might affect treatment, it is essential to comprehend the differential
diagnosis for alterations in the ST segment [5].

As already described in the introduction, morphological variants for the ST-segment
can happen in the form of ST elevation and depression (Figure 1).

ST elevation is frequently caused by three factors. The first situation is when ST
elevation is only a common variety. Early repolarization is a common term used to
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Fig. 1: St depression and elevation phenomena on the left and on the right part of the
figure respectively. The amount of depression or elevation can be measured in terms of
boxes (or mm).

describe this. In these situations, the J-point is often elevated and the ST section has a
normal or quickly ascending slope. Acute ischemia or ventricular dyskinesis damage
currents are the second prevalent cause. The third is brought on by pericarditis-related
damage currents [17].

When the J point is relocated below baseline, ST depression happens. ST depression
is linked to a variety of illnesses. Some of these include heart ischemia, hypokalemia,
and drugs like digitalis. ST depression might also result in T wave alterations [17].

Despite not being common, ST-segment elevation problems, often known as STEMI,
Even in young people, ST-segment elevation acute myocardial infarction (STEMI) is
common. In fact, 6% of STEMI incidents included relatively young persons under the
age of 35 [18].

Here, we report some clinical relevance data about the incidence of ST-related
pathological conditions [14]:

– Acutely blocked coronary arteries are present in 80% of individuals with typical
STEMI;

– acutely occluded coronary arteries were seen in 10% of individuals with ST seg-
ment elevation in the electrocardiographic augmented vector right (aVR) lead.

Also, a recent study was conducted to identify any anomalies in the ECG that would
indicate cerebral vascular disease [16]. Within 24 to 48 hours, a computed tomography
(CT) scan of the brain was obtained, evaluated, and patients were divided into three
groups: those with cerebral infarction, intracranial hemorrhage, and subarachnoid hem-
orrhage (SAH). In patients with cerebral hemorrhage (CH), ST segment alterations were
the most typical anomaly seen. More specifically, following cerebral hemorrhage, ST
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segment alterations were most frequently observed. ST depression is present in 33% of
infarction patients. 50% of individuals with CH had ST elevation [16].

In addition, the COVID-19 outbreak may have increased the incidence of st prob-
lems, particularly st depression problems. Indeed, separation and limiting people’s move-
ment during the COVID-19 pandemic appeared to impair physical activity and dietary
consumption of fresh fruit and vegetables, which may have an impact on long-term car-
diovascular results. On the other hand, melancholy, rage, and ongoing stress brought
on by separation, mobility restrictions, a lack of supplies and knowledge, financial loss,
and a fear of getting sick might have short-term consequences on the cardiovascular
system [27]. Numerous studies have revealed connections between vascular health and
psychological factors [40]. It has been shown that people with depressive disorders have
a higher chance of developing coronary artery disease, increased blood clotting, reduced
fibrinolysis, and cardiac death [6,12,19,36]. The COVID-19 pandemic’s psychological
stress may have contributed to the greater rates of ST-segment depression and aberrant
Q waves. These seem the results over a brief observation period [40].

2.2 Automatic detection of ST-related conditions

Several works have been proposed in the literature for the detection of ST-related anoma-
lies.

Meglaveras et al. [26] proposed an approach for real-time detection of ischemia
episodes using an adaptive Backpropagation Neural Network. In detail, their method is
based on the processing of the whole ST pattern, by evaluating the ST segments of the
first 10 successive heartbeats. Their results show a sensitivity of 88.62% and 72.22%
for detection and duration of ischemia episodes.

Bulusu et al. [7] proposed an approach using the Support Vector Machine (SVM)
algorithm for the automatic recognition of ST-segment anomalies. In detail, it uses mor-
phological features from ECG, including ST-segment information for the diagnosis of
myocardial ischemia and cardiac arrhythmia. Their results report an accuracy of 93.3%
for the European ST-T Database. Also, they achieved an accuracy value of 96.4% for the
classification of cardiac arrhythmia episodes from the MIT-BIH Arrhythmia Database.

Xiao et al. [43] proposed an approach based on image analysis using deep learn-
ing techniques for the detection of ischemic ST change for ECGs. In detail, they build
a Convolutional Neural Network (CNN) using transfer learning and training it on a
dataset, extracted from the Long Term ST database [15], composed of 10 seconds im-
age samples regarding signals having significant ST changes and control samples (no
significant changes). Their results show an average ROC AUC score of 89.6%, while
selecting an optimum cutoff level they achieve an average sensitivity of 84.4%.

Wang et al. [41] proposed a beat-to-beat classification method for ST segment
changes using the Random Forest algorithm. They use, for the classification, the mor-
phological features and Poincaré characteristics of the ST segments. The approach was
trained and tested on the European ST-D Database, achieving an average sensitivity of
85.2% for normal ST segments, 86.9% for ST depression, and 88.8% for ST elevation.

Moreover, Harun-Ar-Rashid [14] proposed a technique for the automatic classifi-
cation of ST segments based on cross-correlation for five ST categories (i.e., concave,
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Convex, Up slope, Down slope, and Horizontal). In detail, after the first denoising pre-
processing phase, it follows a two-step ECG annotation starting with (i) R wave iden-
tification, and (ii) the annotation of S and T waves, along with J point. The last step
is the identification of ST change categories by performing a cross-correlation with
the supervised ST change data, to measure the similarity between the ST segment and
the corresponding ST change category. Their approach achieved an accuracy value of
88.2% for the MIT-BIH ST change database, and 96.2% for the European ST-T change
database.

All the above-mentioned works process an ECG trace as it is acquired, without any
loss of information. To the best of our knowledge, this paper represents the first attempt
to define an approach for the detection of ST-segment-related abnormalities from a
highly compressed ECG.

2.3 The Compressed Sensing Algorithm

Compressed Sensing (CS) is a technique widely adopted in ECG monitoring with
wireless-connected wearable devices [4]. CS allows for reducing the amount of wire-
lessly transmitted data to the host (e.g., smartphone, tablet, server) and requires a low
computational load for the data compression.
In the literature, the CS-based techniques for ECG signals are classified into (i) randomly-
based, and (ii) deterministic-based. In the former case, random distributions (e.g., Bernoulli
and Gaussian) are adopted for data compression, while, in the latter case, a determin-
istic number sequence is utilized. According to the CS theory, the data compression is
modeled as:

y = Φ ·x (1)

where, x is a vector of N ECG samples acquired in a certain time window, at Nyquist
rate, y is the M-size vector of the compressed samples, where M < N and Φ is an M×N
matrix called sensing matrix. In randomly-based techniques the matrix Φ is randomly
built according to a probability distribution, such as Gaussian and Bernoulli. On the
other hand, in the deterministic-based techniques the matrix Φ is built according to
a well-defined sequence of numbers. For example, in [11], the Authors implemented
Toeplitz, Circulant, and Triangular structured sensing matrices, which do not require
the generation of random numbers and therefore are easier to be implemented on wear-
able devices. In [30], a Deterministic Binary Block Diagonal matrix (DBBD) is adopted
as sensing matrix. In this case, each row of Φ consists of a sequence of one and zero
according to the imposed compression ratio (i.e., CR = N/M).
The compressed samples need to be processed to obtain an estimation of the original
vector x. The estimation of x (i.e., the reconstruction step) requires the definition of
a dictionary matrix Ψ selected according to the domain where the signal can be rep-
resented by few K non-zero coefficients. According to Ψ and Φ, the coefficients θ,
representing x in the selected domain, are estimated by solving:

θ̂ = argmin
θ

||θ||1, subject to: y = ΦΨθ (2)

where, || · ||1 indicates the l1 norm operator. x̂ is estimated from θ̂ as follows:

x̂ = Ψ · θ̂ (3)
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Fig. 2: The workflow of RAST [34]

In terms of reconstruction quality, among the randomly-based techniques, the best re-
sults are obtained with the Bernoulli sensing matrix and the two scales Mexican hat-
based dictionary matrix, [8]. However, it was demonstrated the deterministic-based
technique performances outperform the randomly-based, [1]. In [30], the DBBD with
Discrete Cosine Transform (DCT) as a dictionary matrix obtained the best results in
terms of reconstruction quality. However, in the literature, more complex deterministic-
based techniques are proposed to outperform the performance of DBBD with DCT [9].

All the above-mentioned results require solving of Equation 2 by means of Or-
thogonal Matching Pursuit (OMP) algorithm that exhibits a computational complexity
O((N +M)S), where S < N is the number of iterations. Thus, the reconstruction step
limits the use of CS when the application requires the implementation of real-time mon-
itoring and early-warning systems.

3 Automatically Detecting ST-related Conditions from compressed
ECG: workflow of the approach

In this section we describe the workflow of the original RAST [34], an approach for the
automatic detection of ST-related conditions on digital uncompressed ECG signals. In
Figure 2 we report the workflow of RAST. Firstly, RAST takes as input a digital ECG
signal containing at least K successive heartbeats (i.e., at least K R peaks detected).
After the preprocessing of the ECG segment, it follows the extraction of the feature
vector and then the classification of the ECG segment. The parameter K in Figure 2
indicates that in our previous study [34], a study was conducted to determine the best
temporal window in terms of successive heartbeats within two cross-validation schemes
experimented. The result showed that 4 successive heartbeats are enough to obtain good
classification performances in the 80-20 cross validation). The first phase is the process-
ing of the input ECG signal. The Pan-Tomphkins algorithm [28] is applied to detect the
number of R peaks in the input ECG signal. The ECG is buffered until it reaches the
required size of K successive heartbeats. This to allow the extraction of the features
and then the detection of ST-related anomalies. Next, a detrend operation is applied
to the ECG segment to improve the extraction of the features. There are two versions
of RAST: BINARY-RAST (RASTbin), which classifies the ECG segment as Normal
or ST-anomaly, and TERNARY-RAST (RASTter), which supports the detection of ST
depression, ST elevation, and Normal.
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After a brief description of the original RAST, we describe in the following sub-
sections the detailed workflow phases of the study proposed in this paper, which led to
the definition of RASTC.

3.1 Introducing RASTC: Uncompressed vs Compressed Domain

4 The Study

This section provides a full description of the study, including the experimental design,
the context of the study and the final results.

4.1 Study Design

The main goal of our study is to evaluate the effectiveness of both RASTbin and RASTter
in the compressed domain.

In particular, we want to answer the following research questions:

RQ1: Which ECG compression algorithm provides the best classification per-
formances of RAST? With the second research question, we want to compare
two different algorithms for ECG compression, namely DBBD (CADBBD ) [30]
and Bernoulli compression (CABernoulli ) [8], using different compression ratios
(CRs).
RQ2: What are the classification performances of RAST when dealing with
compressed ECG signals? We want to evaluate the applicability of RAST in
a context where we have compressed ECG signals, using the same features
applied for uncompressed ECGs in the previous study [34].

In Figure 3 we report a comparison between uncompressed and compressed ECG
using CADBBD (fig. a) and CABernoulli (fig. b) compression.

Context of the study The context of our study is the Physionet European ST-T Database
[13, 39], a state-of-the-art dataset to support the analysis of ST segment and T-wave
morphology. This database is made up of 90 ambulatory two-hour ECG signals with
annotations from 79 distinct individuals that were collected at a sample rate of 250 Hz
and a resolution of 12 bits. Additionally, the information includes 401 events of T-wave
transition and 367 instances of ST segment change. ranging from 30 seconds to several
minutes in length. Two cardiologists defined such labels after working separately, beat
by beat, and discussing any instances of label discrepancies at the conclusion.

In our study, We considered only 3 categories of annotations, related to ST segment
changes, namely NSR, ST+ and ST-. For the binary variant of RAST, we merged the two
ST annotations obtaining only two types of heartbeats, i.e., NSR and ST. The distribution
of the heartbeats reporting that labels is described in Figure 4 for both RASTbin (left)
and RASTter (right). It is worth saying that we did not use the MIT-BIH ST Change
DB [2] as it does not include ST change annotations.
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(a)

(b)

Fig. 3: Comparison between uncompressed and compressed ECG signal using CADBBD
(fig. a), and CABernoulli (fig. b) at different values of CR
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(a) (b)

Fig. 4: Count of selected heartbeat from the European ST-T Database [39] used for
RASTbin (left) and RASTter (right)
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Fig. 5: The experimental workflow conducted in this study.

Experimental Workflow In Figure 5 we represent the experimental procedure to an-
swer our RQs. In summary, the experimental procedure is the following:

1. An input ECG trace is extracted and buffered according to the minimum number of
R peaks required for the classification (i.e., 4);

2. Follow a preprocessing step where the signal is filtered and prepared for the feature
extraction by dividing the input ECG in 4-beats segments;

3. At this point, we have the features extraction phase. Here, we (i) extract the features
used by RAST on both compressed and uncompressed domains, and (ii) compare
the two compression algorithm previously described (CADBBD and CABernoulli ),
selecting the best compression ratio;

4. The last step is the training of the classifier and the detection of ST-related anoma-
lies on both compressed and uncompressed signals for both RASTbin and RASTter.

For this last step, we use the same validation scheme used in the previous study [34],
and the settings which achieved the best results. In detail, we have (i) a TWHO (Tem-
poral Window for the Heartbeat Observation) of 4, (ii) the SMOTE sampling technique
applied on the training set, and (iii) the Random Forest classifier as machine learning
model. We adopt the same validation scheme, i.e., we perform a 80-20 random split
cross validation, repeated 1000 times to avoid any bias due to convenient split. We ap-



ST-segment anomalies detection from compressed ECG data 11

ply it, in the two RQs, for the uncompressed and the compressed ECG signal using both
CADBBD and CABernoulli compression algorithms using 4 different CRs.

For convenience, We use RASTC to identify the modified version of RAST where
the compression procedure is applied, with its two variants RASTC

bin and RASTC
ter.

Thus, we apply the described procedure to answer both RQs. To answer the first
RQ, we evaluate the classification performance for RASTC by comparing the two com-
pression algorithms (i.e., CADBBD and CABernoulli ) with different CRs. To answer the
second, we compare the overall classification performance between RAST and RASTC

having the best performing combination of compression algorithm and CR. In our study,
we evaluate both binary and ternary variants for RAST and RASTC.

Moreover, we measure the classification performance for both RQs using the fol-
lowing class-level metrics:

– Accuracy: the number of correctly categorized instances divided by the total num-

ber of instances.
T P+T N

T P+T N +FP+FN
– Precision: the number of correctly categorized positive instances divided by the

total number of positive instances.
T P

T P+FP
– Specificity: the number of correctly categorized negative instances divided by the

total number of correctly classified negative instances and incorrectly classified

positive instances.
T N

T N +FP
– Recall: the number of correctly categorized positive instances divided by the total

number of correctly categorized positive instances and incorrectly classified nega-

tive instances.
T P

T P+FN

– F1 Score: the harmonic mean of precision and recall.
2∗T P

(2∗T P)+T N +FP

4.2 Study Results

In this section we report the results of our empirical study.

RQ1: Best ECG compression algorithm To answer RQ1, we compare the overall
classification performance between CADBBD and CABernoulli for both RASTC

bin and
RASTC

ter. CADBBD exhibit an overall better classification performance compared to
CABernoulli . Also, the achieved results for the first are slightly more stable than the lat-
ter, which decreases as CR increases. Those results are the same for both settings of
RASTC, i.e., RASTC

bin , and RASTC
ter. While CADBBD achieves similar results for both

settings, CABernoulli works better overall in RASTC
bin . For RASTC

ter, it achieves good
performance only in terms of specificity and accuracy, which are also higher than the
RASTC

bin setting. This means that Bernoulli’s features are more effective to identify the
absence of ST anomaly, i.e., achieving few false positive results. Thus, it is more use-
ful to distinguish between Normal and ST anomalous ECG segments, than to classify
Normal, ST Depression, or ST Elevation.
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Fig. 6: Bernoulli’s features evaluated for an ECG signal compressed using CABernoulli
with different CRs.
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(a) (b)

Fig. 7: Comparison of the accuracy values for RASTC
bin using CADBBD (fig. a), and

CABernoulli (fig. b) with different CRs

(a) (b)

Fig. 8: Comparison of the accuracy values for RASTC
ter using CADBBD (fig. a), and

CABernoulli (fig. b) with different CRs
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It is observed better in Figure 8, where, for each of the newly introduced Bernoulli’s
features (i.e., the ones evaluated on the φ matrix, we report their value for NSR, ST ele-
vation, and ST depression classes, calculated for different values of compression ratios.
Their effectiveness for the NSR class is far higher compared to the others. Indeed, the
binary discrimination between normal ECG and ST abnormality can be easily obtained
thanks to these new attributes. For this particular case, it is evident that tot1 and se-
quences are the most suited for the binary scenario. For the ternary scenario, these
attributes provide less information. In this case, perc1 and totnot1 seem the most appro-
priate.

We computed the boxplots for the values of the accuracy metric collected following
our validation scheme (1,000 iterations performing 80-20 random splits). In detail, in
Figure 7 we describe the distribution of the accuracy values gathered from the exper-
imental procedure of RASTC

bin using CADBBD (Figure 6 a), and CABernoulli (Figure 6
b). The same is reported in Figure 8. We have a larger number of outliers when apply-
ing CADBBD , while for CABernoulli we obtain more stable results among all the CRs in
terms of accuracy at a price of a lower score overall.

Table 1: Classification metrics for RASTbin in compressed and uncompressed domain.
RASTC

bin indicates the variant using CADBBD .

Approach Accuracy Precision Specificity Recall F1 Score
RASTbin 93.05 93.03 88.78 93.05 93.04

RASTC
bin (CR=2) 92.20 92.40 89.81 92.20 92.27

RASTC
bin (CR=4) 93.23 93.23 89.53 93.23 93.23

RASTC
bin (CR=8) 92.94 92.99 89.76 92.94 92.97

RASTC
bin (CR=16) 91.42 91.48 87.29 91.42 91.44

Table 2: Classification metrics for RASTter in compressed and uncompressed domain.
RASTC

ter indicates the variant using CADBBD .

Approach Accuracy Precision Specificity Recall F1 Score
RASTter 93.07 93.14 91.20 93.07 93.09

RASTC
ter (CR=2) 91.82 92.22 91.87 91.82 91.94

RASTC
ter (CR=4) 92.88 92.99 91.23 92.88 92.92

RASTC
ter (CR=8) 92.74 92.88 91.26 92.74 92.79

RASTC
ter (CR=16) 91.21 91.35 88.92 91.21 91.26
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RQ2: Classification performances of RAST To answer RQ2, we compare the overall
classification performance between uncompressed vs. compressed domains for RAST.
We reported the overall results for RASTbin and RASTC

bin in Table 1, and for RASTter
and RASTC

ter in Table 2. For RASTC we reported the results achieved using the best
compression algorithm resulting from the previous RQ, i.e., CADBBD . In the first table
it can be observed that RASTC

bin offers similar or slightly better performance to the
uncompressed version (RASTbin), particularly with a compression rate of 4. For the
second, RASTter shows higher performance than RASTC

ter for almost all classification
metrics, except for specificity, which is better for RASTC

ter with a CR of 2. As seen for
the binary version, RASTC

ter achieves the best performance overall with a CR of 4 for
the compressed domain.

In summary, the performance of RAST in both uncompressed and compressed do-
mains are comparable, where the latter works at best using a compression ratio of 4.

5 Conclusion and future works

In this paper, we have proposed a new version of RAST, i.e. the approach proposed in
our previous work [34]. The new approach, called RASTC, has the big difference of
working with a compressed ECG compared to a full ECG trace, i.e. without any loss
of information. Performing detection directly on compressed signals allows IoMT de-
vices to preserve battery life and to offer accurate detection with algorithms at a lower
computational cost. To this end, in this paper we experimented with two different signal
compression techniques: DBBD and Bernoulli. As the latter is a random compression
technique, we introduced 4 new features—calculated on the φ matrix—to increase the
information potential in the latter case. Furthermore, we evaluated the compression fac-
tor in the set [2,4,8,16] to observe the performance of RASTC even at very high CRs.
And finally, we evaluated two classification versions: (i) a binary one, where the objec-
tive is simply the discrimination between normal ECG and an ST-abnormality and (ii)
a ternary one where the objective of the classification model is to identify normal ECG,
ST-depression and ST-elevation. The first major result obtained in this study showed
that a deterministic DBBD technique is preferable to a random one. Thus, by applying
a compression with a DBBD algorithm, it is possible to obtain—both in the binary and
ternary case—average results above 90% even with a CR of 16. Consequently, this pa-
per aims to confidently promote efforts dedicated to the detection of clinical features,
such as ST-segment abnormalities, from the analysis of highly compressed ECG sig-
nals.

Future works will be dedicated to the study of more compression techniques, in
order to achieve comparable results with higher compression ratios.
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