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Introduction

The future of health and healthcare is of concern to many, with
the worldwide increase in both chronic diseases, like heart disease
but also infectious diseases such as Covid-19. Cardiovascular disease
for instance, is the principal cause of morbidity and mortality global-
ly [1]. One of the lessons of the recent pandemic is that the world is
increasingly connected and with a growing demand for healthcare, it
is imperative that medical advances in healthcare are rapidly scalable
and actionable, to facilitate clinicians in their decision-making pro-
cesses. This is where artificial intelligence (Al) could help [2]. Cardi-
ology is at the forefront of this Al revolution in medicine [1], enabling
better preventative cardiology, improved diagnostic imaging, more
readily available arrythmia monitoring, new protocols in heart fail-
ure and more sophisticated interventional cardiology. It is one of the
few medical specialities where Al has been examined systematically
[3]. At the heart of this new dawn is “big data” and digitising health-
care records is imperative. Indeed, in the UK, the NHS has set the am-
bitious target to digitise the entire healthcare field and have digital
health and social care records for most of the population by 2025 [4].
There are many benefits to this, such as seamless transfer of medical

information between various professionals to improve patient care,
reducing over-investigation and treatment (as previous tests are now
readily available to view) and therefore reducing costs to the system.

Using Al in healthcare could also eliminate human error and lead
to diagnoses that are more accurate. Indeed, in the future, it has even
been mooted by researchers at Oxford and Yale [5] that Al could re-
place surgeons in thirty years! There are however some negatives to
using Al. Some argue that as Al has been trained on data developed
by humans, it could actually enhance existing human biases [6]. It is
incredibly good at processing vast amounts of data in short amounts
of time and thus identifying patterns, but does it ignore the outliers?
Therefore, its generalisability to new populations may cause poor
outcomes and unwise decision making [7]. It may even make the
entire healthcare system more complex for clinicians and patients
to navigate and far from reducing healthcare costs, it could increase
them. Will this therefore widen health inequalities across the globe?
Finally, the public (and some clinicians) may not fully understand Al
and there are valid concerns over its ethics and privacy, with a fear
that large commercial organisations could “steal” sensitive patient
data and use it inappropriately [7].
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In this essay, [ will endeavour to answer these questions and dis-
cover ways in which Al is used in cardiology today and could be used
in the next ten years. I will also discuss some of the ethical drawbacks
and propose a common Al regulatory framework to address these
concerns. Big data gives big solutions but to avoid too many unin-
tended consequences, we also need overarching regulation and qual-
ity control. This does not necessarily have to be “big brother Govern-
ments” but frameworks that are both robust enough to reassure the
public and light-touch enough for the sector to innovate. But first, let
me first define my terms.

What is AI?

Al is a computer science, where” ...a machine has an ability to gen-
eralise learning in order to efficiently achieve complex tasks autono-
mously” [8]. The Oxford Dictionary has a more philosophical defini-

tion, stating Al “...as the capacity of computers or other machines to
exhibit or simulate intelligent behaviour” [9]. One could argue that
Al could be used by computers to copy the behaviour of humans,
with potentially far-reaching consequences. Alan Turing, the English
mathematician and World War Two codebreaker, is regarded by many
as the “father of Al” following his landmark article in 1950 entitled
“Computing Machinery and Intelligence” [10], (Figure 1), where he
posed his famous question “Can machines think?” He recommended
definitions for “machine” and “think” and proposed the “Turing Test”:
if a human is interacting with another human and a machine cannot
distinguish between the two, then the machine is “intelligent.” This is

the gold-standard method to identify intelligence in an artificial sys-
tem. Turing himself believing that by the year 2000, computers would
pass this test. This has still not happened, and many experts believe
we will have to wait many more years before Al can truly replicate
human behaviour.

Note: Source: manhattanrarebooks.com (x).
Figure 1: Alan Turing’s article “Computing Machinery and Intelligence.
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Machine Learning

Another Al pioneer (McCarthy, 1956) used the expressions “ma-
chine learning” (ML) and “deep learning” (DL) [11]. ML is a subdivi-
sion of Al using sophisticated computing and statistical algorithms to
enable computers to analyse datasets in a timely and efficient manner.
It has three types:

1. Supervised learning, based on analysing previously human
labelled datasets to develop models to predict future events,

2. Unsupervised learning, where the datasets have not been
categorised before and the models seek to discover hidden
relationships and

3. Reinforcement learning which is a reward-based system of
positive or negative reinforcement within the system envi-
ronment. With repeated positive reinforcement, the Al mod-
el can improve its performance [12].

Deep Learning

DL however uses neural networks, like in the human brain to ex-
tract more meaningful patterns from complex datasets. It is a subfield
of ML. This could be particularly useful in other medical specialities
where pattern recognition is paramount, like dermatology. DL can
also be used for classification, clustering of data, reduction of data,
language processing, computer vision and predictions.

There are many types of neural network, such as

a.  Feed Forward Neural Networks (FFNN): the simplest type,
where data travels in just one direction. Can be single layered or
multi-layered and used in simple classification and facial recogni-
tion.

b.  Multilayer Perception (MLP): data travels in various layers
of artificial neurones. Used in more complex classification and
speech recognition.

c.  Recurrent Neural Network (RNN): the output of one layer
becomes the input of the next layer. This forms a feedback loop
and has internal memory. It is used in text to speech processing.

d. Radial Basis Function Network (RBFN): the input is in the
centre and the output combines outputs from the radial basis
function. It is used in predictive analysis.

e.  Modular Neural Network (MNN): there are multiple differ-
ent networks working independently and undertaking different
tasks to achieve the output. This can manage substantial amounts
of data.

f. Convolutional Neural Networks (CNNs): the most popular
in DL as it can build networks which respond to visual inputs like
the visual cortex in humans [13].

Drawbacks of AI Models

As they need “big data,” small datasets can pose problems, mean-
ing that techniques such as data augmentation need to be applied to
“train” the model more efficiently [14]. This can cause further prob-
lems as more assumptions are used in the models and occasionally
irrelevant data patterns memorised. Outliers (data at the extremes)
may carry too much or too little weight in the final model and as all
human beings are different, how can we have a “one size fits all” algo-
rithm? Additionally, with big data sets more things will become statis-
tically significant though in a real-world analysis not everything that
one counts needs to be counted. So certain outputs need less empha-
sis than others. Finally, as more data is used, variation and bias also
increase, which could compromise the ultimate outputs in Al

What is Cardiology?

Cardiology is a branch of medicine which specialises in diagnosis
and treatment of diseases and conditions in the heart. It was initially
established as a medical field in 1628 [15] by William Harvey who
was able to demonstrate the circulation of blood. Although not initial-
ly using the term “cardiology,” Harvey researched the anatomy and
physiology of the heart itself and overall interest in this field blos-
somed, helped by the invention of the stethoscope by Laennec [15],
electrocardiography (ECGs) in 1903 by Einthoven (Figure 2) and car-
diac catheterisation by Forssman (1929) which enabled direct visual-
isation of the four chambers of the heart and direct measurement of
its pressures. The invention of echocardiography in 1950 [16] which
enabled the heart to be visualised using ultrasound waves was a fur-
ther step change in Mankind’s understanding of this organ, enabling
cardiologists to detect congenital heart disease (birth defects affect-
ing the functionality of the heart), heart failure (where the heart mus-
cle does not pump the blood at the right pressures) and many other
conditions [16].
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Figure 2: An image of an ECG taken on Einthoven’s original ECG scanner.

AT and Cardiology the application of Al to cardiology is becoming increasingly popu-

lar. From predictive risk scores to arrythmia detection, heart failure
With an estimated 620 million people globally living with some

form of heart or circulatory disease [17] and with an ageing popula-
tion, that number is due to rise. To try to mitigate against the disease
burden of these conditions and improve prognosis and prevention,

treatment to imaging and interventional cardiology, Al is increasingly
making its presence felt both today and will do in the next decade,
leading to a change in basic assumptions in cardiology: the Al para-
digm shift (Figure 3).

Biggest Killers Worldwide (GBD 2019 Estimates)

MEN WOMEN TOTAL
1 Coronary heart disease 5.0 million | Corenary heart disease 4.2 million | Coronary heart disease 9.1 million
2 Stroke 3.3 million | Stroke 3.2 million | Stroke 6.6 million
3 | COPD h 1.9 million | COPD | 1.4 million | COPD 3.3 million
L . Lung cancer 1.4 million | Lower respiratory infections 1.2 million | Lower respiratory infections 2.5 million |
5 Lower respiratory infections 1.3 million | Alzheimer's/dementia 1.0 millien | Lung cancer 2.0 million

Figure 3: A graph showing the biggest killers worldwide (as of 2019). It shows that heart and circulatory diseases were the world’s biggest killers,
with coronary heart disease and stroke being the two biggest killers worldwide.
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Al and Preventative Cardiology

Using ML to provide a data-driven approach, patients can be risk
stratified to see who is at an elevated risk of complications following
myocardial infarction (Shetty, et al. [18]). These algorithms use sever-
al variables but avoid prior assumptions. They incorporate a pletho-
ra of risk factors, including some non-traditional and unknown ones.
(D’Ascenzo, et al. [19]). Indeed, a recently proposed MERC model as
improved 30-day mortality prediction after an ST elevation myocar-
dial infarction (STEMI) and is thought to be of value in low- and mid-
dle-income countries. In such resource-limited countries like India,
if patients at high risk of mortality can be identified, then they might
benefit from intensive treatment after their heart attacks. This study
(NORIN-STEMI) enrolled 3,635 patients, so had a large sample size.
The ML model had a predictive ability with a sensitivity of 85% and
an accuracy of 75% [18]. These are important statistics which could
guide future management. In the next decade, as ML algorithms be-
come increasingly sophisticated, accuracy of these models should in-
crease, and more work can be done in other populations around the
world. This could reduce health inequalities in some of our poorest
countries and regions.ML methods and MLNN have also been applied
to risk stratification in patients with newly diagnosed atrial fibrilla-

Figure 4: An ECG scan of someone with atrial fibrillation.

tion (AF). In this condition, the heart beats irregularly due to the ran-
dom contraction of the atria.

This is because the signal to start the heartbeat does not originate
in the sino-atrial node (SAN or pacemaker), as it should, but some-
where else in the atrium, causing the small area to contract, or fibril-
late, erratically. This does not allow the heart muscle to relax optimal-
ly between contractions and thus reduces efficiency. Consequently,
the heart cannot pump as much blood as it should and could go into
heart failure (Figures 4). In the UK alone, it is estimated that there are
1.4 million people with AF [20] and is often associated with stroke,
heart failure and premature mortality. Therefore, stratifying risk in
AF is crucial as one of the mainstays of treatment is antithrombot-
ic therapy which help prevent blood clots which can cause strokes.
However, these drugs carry risks and can cause bleeding, hence accu-
rate risk prediction tools are imperative to enable informed decision
making between the clinician and the patient. The traditional risk
scoring methods are CHA2DS2-VASc (which measures future possi-
bility of an ischaemic stroke or “brain attack”) and HAS-BLED (which
predicts a patient’s bleeding risk.) A recent retrospective cohort study
of patients with AF compared a new ML method to traditional ones
for predicting outcomes in AF [21].
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They looked at 9,670 patients (so a sizeable number) and fol-
lowed them up for up-to one year (a reasonable period of time).
They showed that GBM, the best performing ML algorithm showed
a modest performance for stroke compared to CHA2DS2-VASc (Area
under Curve {AUC} = 0.685 vs 0.652) but a significant improvement

in predicting major bleeding to HAS-BLED (AUC = 0.709 vs 0.522) and
death in comparison to CHA2DS2-VASc (AUC = 0.765 vs. 0.606).With
more sophisticated ML in development, Al could potentially trans-
form these risk scoring methods in the next decade (Figure 5).

HEART FAILURE

Right Left
ventricle ventricle
Enlarged
Septum ventricle

Normal heart

Heart failure

Figure 5: An image showing the difference between a normal heart and one in heart failure.

Al and Arrhythmia Detection

The ECG is the core of cardiology, it is quite literally its “beating
heart” ML models fare better than humans in identifying various ab-
normalities on ECGs. This is particularly true for AF and long QT syn-
drome [22,23]. Viskin, et al. [22] showed that even world-renowned
experts and arrhythmia specialists could not accurately calculate
a long QT interval and identify it on an ECG. Their study used 902
physicians, so a decent sample [22]. Meanwhile, Attia, et al. [23] have
demonstrated that neural networks applied to a traditional ECG can
improve ECG interpretation, although their sample size was small,
only 42 [23]. Al has also been shown to be useful in other arrhythmias
[24]. This could help in the future and empower non cardiologists like
primary care physicians to diagnose and manage more patients in
the community. Other models have detected AF with good sensitivity
(79%) and specificity (79.5%) [25]. A further study by the Mayo clinic
[26] used an Al enhanced ECG network to read the ECGs of around
one million people with no AF (the control group) followed by ECGs
of people with episodic AF. The Al network was never shown the ECGs
of people with persistent AF, only episodic AF, and the control group.
The Al network detected AF with a high degree of accuracy 79.4%,
AUC 0.87. At evaluation 31 days after the first ECG, the network’s ac-
curacy increased further to 83.3% with AUC 0.90.

This study with a huge sample size showed the benefits of Al in
AF detection and is a potential game changer. There were some cave-
ats however as the experimental and control groups were not identi-

cal and there were differences in their physical characteristics such
as age, height, and weight. These might have influenced the results
which may not be replicable. Additionally, the network was diagnos-
ing only episodic and not persistent AF so translating these results
to all types of AF may not be valid, AF however can be difficult to
detect with traditional methods of pulse palpation, ECG, or 24-hour
Holter monitoring (where the ECG is attached to the patient for a day.)
However mobile devices, known as “wearables,” such as smart bands,
smartwatches and smartphones are playing an increasingly signifi-
cantrole in its detection. The KardiaBand from AliveCor uses a smart-
phone application based on ML to recognise AF [26]. A randomised
control trial (RCT) of 1001 ambulatory patients aged 65 years and
above (and were high risk of stroke) were considerably more likely to
have AF detected on this device rather than traditional routine moni-
toring, over a twelve-month period [26]. Additionally, the Apple Heart
Study [27] showed that using smartphones was effective in identify-
ing patients who had asymptomatic AF. This large study had 420,000
participants and 0.5% of patients had an irregular pulse, which was
confirmed on ECG testing in 34%.

These patients were then treated appropriately, and strokes and
other complications potentially avoided. The University of California
[28] conducted a similar study looking at passive detection of AF from
a smartwatch. They had 9750 participants and validated their find-
ings againsta 12 lead ECG. Over 139 million heart rate measurements
were recorded, and the neural network had a sensitivity of 98% and
specificity of 90.2%. This study was also revolutionary and empha-
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sised the importance of these non-invasive, safe, relatively cheap,
and available devices (Figure 6). In the UK alone, it is estimated that
there are 1.4 million people with AF [20] and is often associated with
stroke, heart failure and premature mortality. Therefore, stratifying
risk in AF is crucial as one of the mainstays of treatment is antithrom-
botic therapy which help prevent blood clots which can cause strokes.
However, these drugs carry risks and can cause bleeding, hence accu-
rate risk prediction tools are imperative to enable informed decision

e

making between the clinician and the patient. The traditional risk
scoring methods are CHA2DS2-VASc (which measures future possi-
bility of an ischaemic stroke or “brain attack”) and HAS-BLED (which
predicts a patient’s bleeding risk.) A recent retrospective cohort study
of patients with AF compared a new ML method to traditional ones
for predicting outcomes in AF [21]. They looked at 9,670 patients (so
a sizeable number) and followed them up for up-to one year (a rea-
sonable period of time).

Figure 6: An example of an apple watch with an accessory called the Kardia Band which can perform ECG scans.

They showed that GBM, the best performing ML algorithm showed
a modest performance for stroke compared to CHA2DS2-VASc (Area
under Curve {AUC} = 0.685 vs 0.652) but a significant improvement
in predicting major bleeding to HAS-BLED (AUC = 0.709 vs 0.522)
and death in comparison to CHA2DS2-VASc (AUC = 0.765 vs. 0.606).
With more sophisticated ML in development, Al could potentially
transform these risk scoring methods in the next decade. However,
one could argue that the sensitivity and specificity of these experi-
ments prove that these devices are still not accurate enough as we are
dealing with people’s lives. Thus, inaccuracies should be minimised.
Nevertheless, with further refinements over the next decade, this Al
network could be transformative. As the popularity of these devices
increase, the costs could also come down. Currently, the most popular
smartwatch that offers ECG functionality is the Apple watch series 8

[29] which sells on the Apples website for £419. This might limit the
market of such watches to a very small user group as many people
may not be able to justify spending this much on a watch. There are
currently over ten commercial wearable devices which have received
FDA approval in the USA, which will revolutionise treatment if this
condition in the future (Figure 7). Others have used an Al model to
detect reduced ejection fraction (a parameter of heart failure) with
excellent sensitivity (86.3%) and specificity (85.7%) [30]. This com-
prehensive study looked at 52,870 patients and the model revealed an
excellent AUC of 0.93, prompting the authors to conclude that adding
Al to the ECG is a “..ubiquitous, low-cost test” and can be a powerful
screening tool. [ would anticipate that these algorithms will be more
readily used in the next decade.
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Figure 7: List of all wearables which have received FDA approval (as of 2022).

Al and Heart Failure (HF)

HF is a common disease, affecting 1-2% of the adult population
in developed countries [31]. A significant proportion (more than
10%) are older than 70. ML has been used for the early detection,
classification, and anticipation of adverse events like 30-day in HF
[32,33]. showed that ML algorithms have a superior predictive abil-
ity of future HF events than current ones and incorporating them in
the electronic medical record is advantageous. These Al based Clinical
Decision Support Systems have a high accuracy for HF and this may be
important in poorer countries [33]. Moreover, Al-based stethoscopes
which can also record ECGs have reported good diagnostic accuracy
for detecting HF with a reduced ejection fraction [34]. This prospec-
tive observational study was one of the first of its kind and recruited
1050 patients. The authors felt that there was potential for this inex-
pensive and non-invasive point of care screening and certainly could
be the future of HF diagnosis in the next decade. Other studies have

highlighted the value of Al algorithms to better identify those patients
at high risk of readmission [35]. Although the numbers were small
(1653 patients), there was a 17.8% reduction in readmission after
one month in those patients who identified on the ML model. Finally,
Al models have also been used to identify which patients would be
suitable for certain types of treatment in HF, such as cardiac resyn-
chronisation therapy. This is a major treatment in HE, but these pa-
tients need specific ECG characteristics to be eligible. ML models have
been developed with scoring systems which reliably predict which
patients will respond to this treatment and which will not [36]. With
more data and more sophisticated modelling this application of Al in
HF could be extremely significant in the next decade.

Al and Diagnostic Imaging

Al is already playing a vital role in diagnostic imaging in cardi-
ology. It helps in patient selection for the right treatments and helps
in diagnosis. DL has assisted in analysis of echocardiograms, cardiac

Copyright@ : Malav Bhimpuria | Biomed ] Sci & Tech Res | BJSTR.MS.ID.009180.

50611


https://dx.doi.org/10.26717/BJSTR.2024.58.009180

Volume 58- Issue 4

DOI: 10.26717/BJSTR.2024.58.009180

computed tomograms (CT) and in cardiac magnetic resonance imag-
ing (MRI). Sermesant, et al. [37] lauded the application of CNN which
has enabled human level performance to be achieved in analysing im-
ages. There are however some computational challenges in this and
concerns over the generalisability and explain ability of the results.
One groundbreaking publication [38] demonstrated a fully automat-
ed echocardiogram interpretation via ML. 14,035 echocardiograms
and 70,000 images were used to train the CNN and the results showed
comparable or superior accuracy to humans. This may be important
in developing countries where skilled technicians are at a premium

(Figure 8). A CNN model has also been developed to measure coro-
nary artery calcium scores which can detect heart disease. [39] This
has shown good correlation between ML derived values and those
that have been invasively measured. ML has been used in measuring
left and right ventricular function and cardiovascular disease risk
prediction in other imaging modalities too. In the future, I can only
see this area of cardiology expanding and as clinicians trust the algo-
rithms more, they will use fewer and fewer invasive tests which are
more uncomfortable and potentially more dangerous for the patients.

Figure 8: An image of an echocardiogram.

Al and Interventional Cardiology

Al has a growing place in interventional cardiology also. A recent
trial: CEREBRIA-1 compared ML to expert human opinion to deter-
mine what were the best revascularisation strategies to restore blood
flow to diseased coronary arteries [40]. The ML algorithms were no
worse than expert consensus opinion in deciding what was the best
treatment strategy for the patient. Other studies have echoed these
findings. Once again, over the next ten years, these ML algorithms
should become more common place, and will be a clinical aid to deci-
sion making in tricky situations. This could free up clinician time and
provide a robust reason for any treatment decisions undertaken.

Al and Heart Murmurs

Murmurs are due to turbulent blood flow across heart valves. They
can be innocent or pathological. An Al based algorithm has recently
been developed [41] using 3180 heart sound recordings to detect and

classify these murmurs. The algorithm showed a sensitivity of 93%
and a specificity of 81% with an accuracy of 88%. This trial was the
first to objectively evaluate an Al based algorithm to detect murmurs.
It had a good sample size and surprisingly good accuracy. In the next
decade it could be a useful tool in screening for heart disease.

Virtual Wards

Currently in their infancy in the UK, Al could be used to identify
cardiac emergencies remotely such as worsening HF or heart attacks.
Wolgast et al,, (2016) used DL to measure ECG signals and transmit
via Bluetooth to a smartphone. This raised the alarm if a heart attack
was identified. Others have used wearable sensors and an ML model
to detect HF exacerbations in the community [42]: the vary basis of
remote monitoring in these “virtual wards.” They will become an in-
creasing feature of the healthcare landscape in many countries in the
future as they are less resource intensive, and patients often prefer
them to hospital admission [42] (Figure 9).
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Figure 9: An image showing in simple terms how a virtual ward could work.

Ethical Dilemmas

From these myriad examples, encompassing preventative cardi-
ology, to smartwatches, from atrial fibrillation to heart failure diag-
nosis, management, and risk stratification, from imaging to interven-
tional cardiology and finally to murmur detection, it can be seen that
Al in cardiology is a huge and burgeoning field. There are however
some ethical considerations which should be addressed. Since the
dawn of civilisation, humankind has been fascinated and fearful of the
new and unfamiliar in equal measure. Any proponent of Al needs to
acknowledge this. The studies in Al, though numerous and increasing,
can have methodological flaws, some of which have been highlighted
like small sample sizes which could lead to bias. There can also be
selection bias in the population studied which can include sampling
and observer bias. The gold standard for research is meta-analysis of
randomised controlled trials, but there are few of them in this field.
Many studies are retrospective in design which can be problematic
in terms of validity and reproducibility. The population itself that is
being studied is dynamic, not static, and there maybe problems with
under-representation of minority ethnic groups and discrimination
against this population. This could exacerbate existing health inequal-
ities. The data chosen to train the algorithms in Al could be investiga-
tor specific and reflect their own prejudices and biases and this needs
to be accounted for when interpreting the research findings. There
are broader ethical dilemmas too, concerning the huge amount of
data needed to “train” these machines and validate these algorithms.

This data is often stored in large repositories and only the compa-
nies with the biggest resources can afford to access it. This can lead to
reduced opportunities for others and a potential democratic deficit,

where the future is ruled by “big tech” and “big pharma.” This may
worsen health inequalities between richer and poorer nations. Addi-
tionally, many people would feel uncomfortable with their personal
data being used by large, for-profit organisations where it could be
mis-used or even stolen. These are all genuine concerns which need
to be addressed. One should also understand how outliers are treated
by the ML algorithm, we are all, by our natures, inherently different
and being “abnormal” is just a part of being “normal.” Therefore, the
clinician who interprets the information needs to be cognisant of that
fact. There will be in many cases a skills and knowledge gap between
the humans and Al, which need to be addressed in medical schools
where computational sciences and algorithmics could be embedded
into the curriculum. The public also should be educated into the ad-
vantages and drawbacks of Al in cardiology in particular and medi-
cine in general.

Future Framework

Al in cardiology can clearly be a game-changer in the next ten
years and its applications are dazzling. As Al is constantly learning
and improving, this positive feedback loop will make it more accu-
rate and useful in the future. It will help in digital biomarkers for risk
prediction and early, targeted interventions in certain diseases. This
is precision medicine at its best. However unregulated can have disas-
trous consequences and the fear remains amongst many of human-
kind being overtaken by machines. I would therefore like to propose
a common overarching framework for the regulation and quality con-
trol of Al in general. This would be implemented by an international
body whose sole remit would be to ensure that Al works for the bene-
fit of humanity in a controlled way. Al has a lot of potential for the next
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decade and the innovations are only just beginning. An unfettered,
unregulated Al environment serves nobody and therefore this body
would be the “global Al policeman.” It will ensure that Al is allowed to
innovate, but on our terms. There will be regulation but not enough to
stifle innovation. This body would then hopefully reassure the public
and professionals alike and address their fears and concerns but also
fully grasp the opportunities.

Conclusion

We live in an ever-changing world where time is precious, and
resources limited. Health and healthcare have come increasingly un-
der strain, especially since the Covid-19 pandemic. Knowledgeable
patients expect the best treatment and clinicians need to access the
latest in evidence-based medicine while tailoring the treatment to
the individual patient.Al can and will play an integral role in this in
the field of cardiology in the next ten years. From detecting abnormal
heart rhythms through traditional ECGs augmented by machine learn-
ing, to using innovative technologies such as wearable smartwatches,
or accurate predictive risk tools to prevent readmission from heart
failure Al is slowly becoming integrated into the cardiologist’s daily
routine. By rapidly processing echocardiograms or assessing coro-
nary artery disease risk scores, determining the best strategies for
coronary artery revascularisation to detecting heart murmurs, Al has
in many instances proven itself to be no worse than expert cardiolo-
gists. These applications of Al will only improve in the next decade
due to the positive feedback algorithms. There may even be avenues
that we have barely explored where Al could play a key role, such as
virtual wards. Ethical dilemmas and fears remain however that Al will
replace humans and there are some significant concerns over the data
published to date. There are also valid anxieties over the widening of
health inequalities between richer and poorer nations. Therefore, a
common overarching framework is proposed for regulation and qual-
ity control of Al in general.

This framework will enable Al to thrive but in a regulated envi-
ronment. It will address the “democratic deficit” in the current global
Al space where “big tech” and “big data” is king. On a final note, Al can
certainly improve work efficiency in many areas, detect patterns and
predict future events. However, one should bear in mind that Al is just
one of a suite of tools used to improve clinical judgement and noth-
ing can replace the role of the physician, who integrates a multitude
of variables, some scientific, others less so, into the decision-making
process to deliver evidence-based and person-centred care. The old
adage “the doctor will see you now” will still ring true today, tomor-
row and in ten years’ time.
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