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Artificial Intelligence (Al)-based algorithms, in particular, Deep Neural Networks (DNNSs), have recently
revolutionized image creation. Precise segmentation of lesions may contribute to an efficient diagnostics process
and a more effective selection of targeted therapy. For example, an Al-based algorithm for the segmentation of
pigmented skin lesions has been developed, which enables diagnosis in the earlier stages of the disease, without
invasive medical procedures. With flexibility and scalability, Al can be also considered an efficient tool for cancer

diagnosis, particularly in the early stages of the disease.
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| 1. Introduction

Computer-assisted medicine in general, and cardiac modeling in particular, is by no means an exception from the
successful application of continuous advancements in bioelectricity and biomagnetism . Along with
enhancements in ECG measuring techniques and a constant increase in computational resources, these advances
have provoked the development of many different heart models that can support an automatic and accurate
diagnosis of the heart, beat by beat. Knowledge of the anatomical heart structure is an important part of the
evaluation of cardiac functionality. Thus, cardiac images are one of the significant techniques applied in the
assessment of patient health. At present, the image segmentation procedure is usually performed manually, with
an expert sitting in front of a monitor moving a pointer, and not only does this require time and resources to
accomplish, but it is also subject to error depending on the experience of the expert. In sum, this procedure is time-
consuming, inefficient, very often error-prone, and highly user-dependent [&. Therefore, the development of an
efficient, automatic segmentation procedure is of great importance . However, certain limitations mean that the
automatic segmentation of cardiac images is still an open and difficult task. For example, in the case of 2D
echocardiographic images, a low signal-to-noise ratio, speckles, and low-quality images form some of the
difficulties in determining the contour of the ventricles. Moreover, significant variability in the shape of heart
structures makes it difficult to develop universal automated algorithms. Thus, medical image segmentation has
become a significant area of Al application in medicine. An image can be segmented in several ways, including
semantic segmentation (the assignment of each pixel or voxel of an image to one of the classes) [, instance
segmentation (pixels of an image are assigned to the instances of the object) &, and panoptic segmentation (the

connection of the semantic and instance segmentation) [, The main disadvantage of semantic segmentation is the
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poor definition of the problem (sometimes multiple instances can be abstracted into a single class), which
translates into inadequate recognition of image details. As said, in the case of medical images, segmentation is
often performed manually, making it a time-consuming and error-based process. Many algorithms have been
proposed to support the automatic segmentation of medical images. It is also worth stressing that imaging methods
in cardiology have particular characteristics that can affect their reproducibility and reliability. These include spatial,
temporal, and contrast resolution as well as tissue penetration and artifact susceptibility. The ultimate goal is to
enable fully automatic segmentation of any clinically acquired CT or MRI. Indeed, MRI offers higher resolution in
comparison to ultrasound and spatial resolutions impact the ability to visualize tiny structures in the heart and blood
vessels. In turn, echocardiography can provide higher temporal resolution compared to MRI or CT processes,
which affects the ability to capture dynamic changes in heart function. Thus, different modalities have different
capabilities in distinguishing between different tissue types and contrast agents. MRI often excels in contrast
resolution compared to other diagnostics methods. Therefore, for medical image segmentation (mostly semantic
segmentation), different types of neural networks are applied 4, see also Table 1. The basic concept of Al

application in cardiology is presented in Figure 1.

Figure 1. Conceptual scheme of the application of Al in cardiology.

Table 1. Top list of used Al models in cardiology, including interventional cardiology.

Application Fields (In

Al/IML Model Application Fields (In General) Cardiology) References
classification, pattern recognition, image prediction of atrial fibrillation,
recognition, natural language processing acute myocardial infarctions, 8]
ANNSs (NLP), speech recognition, recommendation and dilated cardiomyopathy 9]
systems, prediction, cybersecurity, object detection of the structural
manipulation, path planning, sensor fusion abnormalities in heart tissues
ordinal or temporal problems (language
translation, speech recognition, NLP image segmentation of the heart and [10]
RNNs captioning), time series prediction, music subtle structural changes [11]
generation, video analysis, patient cardiac MRI segmentation

monitoring, disease progression prediction
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AIIML Model Application Fields (In General)
ordinal or temporal problems (language
translation, speech recognition, NLP, image
LSTMs captioning), time series prediction, music

generation, video analysis, patient
monitoring, disease progression prediction

pattern recognition,
segmentation/classification, object detection,
semantic segmentation, facial recognition,
medical imaging, gesture recognition, video
analysis

CNNs

NLP, speech processing, computer vision,
graph-based tasks, electronic health records,
building conversational Al systems and
chatbots

Transformers

SNNs pattern recognition, cognitive robotics, SNN

hardware, brain—-machine interfaces,

Application Fields (In
Cardiology)

segmentation and
classification of 2D echo
images
segmentation and
classification of 3D Doppler
images
segmentation and
classification of video
graphics images and
detection of the AMI in
echocardiography

cardiac image segmentation
to diagnose CAD
cardiac image segmentation
to diagnose Tetralogy of
Fallot
localization of the coronary
artery atherosclerosis
detection of cardiovascular
abnormalities
detection of arrhythmia
detection of coronary artery
disease
prediction of the survival
status of heart failure patients
prediction of cardiovascular
disease
LV dysfunction screening
prediction of premature
ventricular contraction
detection

coronary artery labeling
prediction of incident heart
failure
arrhythmia classification
cardiac abnormality detection
segmentation of MRI in case
of cardiac infarction
classification of aortic
stenosis severity
LV segmentation
heart murmur detection
myocardial fibrosis
segmentation
ECG classification

ECG classification
detection of arrhythmia
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Application Fields (In

AIIML Model Application Fields (In General) Cardiology) References
neuromorphic computing extraction of ECG features 7]
CVD diagnosis
segmentation of the LA and
atrial scars in LGE CMR
images 58]
image-to-image translation, image synthesis, segmentation of ventricles 59
GANs and generation, data generation for training, base.d on MR seans (0]
data augmentation, creating realistic scenes eft ventr_|clg segmentation in (5l
pediatric MRI scans [62]
generation of synthetic
cardiac MRI images for
congenital heart disease
research
classification of polar maps in
cardiac perfusion imaging
analysis of CT/MRI scans
prediction of ventricular
arrhythmia [63][64]
segmentation of cardiac [65]
fibrosis [64]
graph/node classification, link prediction, diagnosis of cardiac [64]
GNNs graph generation, social/biological network condition: LV motion in [66]
analysis, fraud detection, recommendation cardiac MR cine images [67]
systems automated anatomical [68]
labeling of coronary arteries [69]
prediction of CAD [70]
automation of coronary artery
analysis using CCTA
screening of cardio, thoracic,
and pulmonary conditions in P.: Van
chest radiograph
ONNs optimization of hardware operations, user classification of ischemic [20]
interfaces heart disease
J, L.
GA optimization techniques, risk prediction, gene classification of heart disease [71] Syst.

therapies, medicine development

3. Evans, L.M.; S6zumert, E.; Keenan, B.E.; Wood, C.E.; du Plessis, A. A Review of Image-Based
Simulation Applications in High-Value Manufacturing. Arch. Comput. Methods Eng. 2023, 30,
1495-1552.

L. 2, Artifigial Intelligence-Based Suppertin.CardialQgy, .nq

tion Using S ¢S tation, Sjruct. H it 2024, 23, 383-409.
2. L Apphication of the You-Oniy-Look-Ornce (YOLS] Kigorithm
5. Ye-Bin, M.; Choi, D.; Kwon, Y.; Kim, J.; Oh, T.H. ENInst: Enhancing Weakly-Supervised Low-Shot
Thqﬁ@(‘éﬂ'éyééﬁh@ﬂfﬁt@@L@t@é@ﬂfitﬁ@dﬁﬁﬁiﬁpmhlmsﬁ isdhggge on deep learning for object detection (2]

eI depends on the idea that images pass only once through the neural network, and hence the name. This is

performed by dividing the input image into a grid and predicting for each grid cell the bounding box and the
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signjigantigdmproves (with an average of 99% accuracy) the analysis of echocardiographic images, offering more
accurate and thorough insights into cardiac health, thus marking a substantial advancement in cardiac diagnostics

1[2. Wa]hlang, l.; Kumar Maji, A.; Saha, G.; Chakrabarti, P.; Jasinski, M.; Leonowicz, Z.; Jasinska, E.;
echnology.

Dimauro, G.; Bevilacqua, V.; Pecchia, L. Electronics Article. Electronics 2021, 10, 495.
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segmentation algorithms, which is crucial in the case of cardiac images. YOLO-based image segmentation may
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Ap ioglrams Using Convolutional Neural Network: A Deep Learning Based Approach. CMES
radio o%n: Images.
Comput. Model. Eng. Sci. 2023, 136, 241-255.

12.2.Genetic-AlgorMS - song, H.: Luo, L. An Interpretable CNN for the Segmentation of the

Left Ventricle in Cardiac MRI by Real-Time Visualization. CMES Comput. Model. Eng. Sci. 2023,
Thelggali/_%%ff medical data can also be approached using metaheuristic methods such as Genetic Algorithms

(GAs), Evolutionary Aigorithms (EAS) in particular, and Artificial Immune Systems (AISs) that search the possible
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process). GAs can also be applied to the determination of personalized parameters of the cardiomyocyte
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modeled on the functioning of fragments of the real nervous system (the brain) 29, This computational invention
22. Fradi, M.; Khrgl, L. I\/Iachhcgut, M. Real-Time Arrhé(tl']mja e rﬁ Dlseahse D%tecﬂon System Usbng
contributés to the dévelopment of medical imaging, especially in cardiology, where their es%n, inspired by~the
CNN Architecture Based Various Optlrplzers-NetWQrKs. Multimed. TO%|S A\Prl)l. 2022, 81, .417‘1}—
human brain, enables them to interpret complex patterns within medical data effectively. ANNs consist of layers
co#&oé%%'of several neurons, which apply specific weights and biases to the inputs. These neurons utilize non-
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area. Considering the high global prevalence of cardiovascular diseases, the application of ANNs in cardiac
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Bl RQR YUt RBAT 4iS§38E F ; Zhu, J.: Tang, Q.; Liang, Y. Electronics Article. Electronics 2020, 9,

121.
ANNs can automatically learn hierarchical features from raw image data without the need to manually extract

ZEefahRRNUinibh 4OHe i@ Sedrfefing] Bl fdastHisRtian-Bagaron Re el aRANB hepilddi BM{Cthe
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high accuracy.
29. Zhang, Y.; Liu, S.; He, Z.; Zhang, Y.; Wang, C. A CNN Model for Cardiac Arrhythmias

2 4 lessiialatis Azt NBUrAl WeBMerias Signals. Cardiovasc. Eng. Technol. 2022, 13, 548-557.

30. Khozeimeh, F.; Sharifrazi, D.; Izadi, N.H.; Hassannataj Joloudari, J.; Shoeibi, A.; Alizadehsani, R.;
Tartibi, M.; Hussain, S.; Sani, Z.A.; Khodatars, M.; et al. RF-CNN-F: Random Forest with
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cardiac image segmentation to diagnose coronary artery disease (CAD). CNNs were used to analyze 2D X-ray
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with manual correction of detected errors could significantly reduce the time rec%uired for expert segmentation.
36. Jungiewicz, M.; Jastrzebski, P.; Wawryka, P.; Przystalski, K.; Sabatowski, K.; Bartus, S. Vision
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38. Rao, S.; LI, Y.; Ramakrishnan, R.; Hassaine, A.; Cano%/, D.; Cleland, J.; Lukasiewicz, T.; Salimi-
handle hi h,—gllmensmnﬁl data and to effectively capture the spafial structures within medgal images in cardiology.

‘Khorshidi, G.; Rahimi, K.; Shishir Rao, O. An Explainable Transformer-Based Deep Learning
This Ieadffg)r more_precise and_comprehensive ana,l?/ses of cardiac health. However, in the case of sparse or
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accuracy' is associated with high computational costs. Nor do CNNs take into account spatial relations in images
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(SNNs). Currently, SNNs are not yet as accurate in comparison to traditional neural networks: they have
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povhe 20220 putplinira) iesCarctislergy (TifQ) fadanpefoeiihinarized—INdepredebera®0RR .a highly efficient

alternative for ECG classification, setting a new standard in continuous cardiac health monitoring technologies.
50. Meng, L.; Tan, W.; Ma, J.; Wang, R.; Yin, X.; Zhang, Y. Enhancing Dynamic ECG Heartbea

SN @%%Wg\%lr?gr\éwrtnho}‘e'%%%@d%rﬁtoxgﬁy %ﬁﬂé@&r(%‘?ﬂg&@c{ ttlg tllQ;[er”ngI%\cljélzo %%mlp%?'at%gggss[%ed and real-

Sim€ herfavmanag) PsLd, @ns¥au))cd/. SCNs erestBaiess Bherdu WHichdianstdssi inbDidghesiseTdferapyyare
reseurdeRr bipriesier.chSolesnaing AfterihDis ceer @ onpeorenign el risarhacguidgp geinss. id AQTPAsian, for
exapiis, ®, thelakcuracies achieved by the application of CNNs 3] |n the case of SNNs, the requirement of
increasingl¥ powerful hardware _is also_of high imgortance_. SNNs also have a_significant limitation in practical

52. Feng, Y., Geng, S.; Chu, J.; Fu, Z.; Hong, S. Building and Training a Deep Spiking Neural
applications due to the smaller number of available tools, libraries, and structures in_com arlicg)n to other neural

Network for ECG Classification. Biomed. Signal Process. Control 2022, 77, 103749.
network types. SNNs also provide worse results in terms of accuracy compared to traditional approaches. To fully

Sspanthé. péleatialJof \B1ARE, Mélodmpedeedifiicianidiés (HassHicatonswithlSaidng:dgningl Netwveekailed

netBPKBEHe IYNB! BAAGRS P dehatiehePdds Bded 8236 Pnproved.
551.7Kovééclzqs,ell?.;tﬁ’aemie(${§. Arrr}y meat Dgtﬁ%ion Using Spiking Variable Projection Neural Networks.
“'In Proceedings ét e 5835 8ompu‘a’ng In Cardiology (CinC), Tampere, Finland, 4—-7 September

2022: Volume 49.
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SGergial ABveksarizh Mibwa EVIGAR B ards netpopardetddades Dbao ngpeisitioh awodcSiep eciepdnanstotin
gerBesedaheichnidiseriaimbtaltifhe wrrEtassifivatidaro tieardiaamititiytbhu@atia b EaBethat hib@2.emulates
SPeRIEEL (RSB ARRURT SN (SRR 19 &SR8 A5 RN UANBRRR, RRLRRGBER B ara Pt o
IR roT S B RNioh Of & Ardise KRyt Y B Sl d Bhe] 0583y RieU St raioatarn Elghaated

WiﬂfEé'Ee &ggggagqid’fgvir_}ﬁfﬁl_lg%s]ﬂ flsilgg&qulfe harnessing techniques such as convolutional or fully connected

layers. These layers operate cohesively to progressively metamorphose the initial noise input into an output that

Hedenés ik@dvindEnfiRetioRE RGFiheatiyrvinIRiking Herioredehfee ararsLRAWR cial data
(prée0BsY BIPLiIgBHE SsrPesideshRavicesEXBAGHAN Al&eS FeRatIiRS Wb RREIPINBIIenSHS! is to train
woREreASEH & e¥IRp SO NRH BRLIPBHR ERbeasiad Levice e rctQR ol (D loaate s Wity RRikingata
(261 NeNKRNSeEo RebEe predl e fpanseRaptisndnFoheddediRqvices dmRraseedingral theddds in
pars&iRA MerRatianalicanfelsncera, IydthesismvirepingadnahiRisendisinlationddstieds®Entetinal
funQRPHRSINR AR GESH L DRSIF(BM A AR pRAHEN 8 1S 1R UHMI2R23F microstructural alterations

SHtHLEING hIRod SeFRRIRNRIARLINS PIMRKIEK BCBiaGTeHaiee M YR QYL #5sbReEFeS)E Rodngathy
(HR% @R Sh0le HerosFAPRIZREN OIS RR)(rFR L tAERYRI Y | RERRYBARH ORBATIaREd (BAGSE! Stos'e!
for gustomgedimage ARsHERIBhiItHEChRPITIEIRHREHRIME 36%UBEEssed on 20 February 2024).

S8aKEBAvE shEARGeBeplidiai piRie e an Bahbiing@ghidx £hpRariad MeAliaddiRsBd1Tn8Pghetste highly
realidfidihagel - alifROPInihgldna-RAN GepsatrtiveindrersariabNetyvrrk Bagad dintMirweyanihSeare
instRESEARINALRNST giny dRRalRNsadAtEiahdanaatng Bk st Biemadhdiralthd Mr 28/ 2Rold3c e and

60D HAlRENPStiedRgIeSs: N RIiOREHMATE SRIISEFIRRCAN R A0t RigMa9e NS EHRFtPTRSks. @
sioficailb ek fainSBE A SRR the TERYIERLS HRIRRTAIR! CBRMSS NRthb e BrogPART BigHRsen
pergw:éi’v%_@,f {s§qae anatomical structure without needing multiple imaging modalities. This is particularly
beneficial in scenarios where certain imaging equipment might be unavailable. However, the main disadvantages
O SFEOUIL s BHBNG i MR IR B S RO AIVE Ay FLag IR h DI RIS Lohdhg NG U0 it
anc1o thg eclb%fltpbl/t%ﬁ(t)ﬂg‘eci)%tgelglioarg(i)(%/el\(!%Aﬁg rgI%u(E'lfFCiL(ﬂ{' t'(\)/llenq'er%(r)e%,ow%% ’i%‘%%%%ﬁ'importance in medicine,
exbiligly @ . Rrdiclhdy, J.; Radke, R.; Vidal, M.L.B.; Fischer, A.J.; Bauer, U.M.M.; Sarikouch, S.;
Berger, F.; Beerbaum, P.; Baumgartner, H.; et al. Utility of Deep Learning Networks for the
2.8 Graph NeuralNetworks vagnetic Resonance Images in Congenital Heart Disease. BMC

Med. Imaging 2020, 20, 113. _ _ _ _
If the data format'is approached differently, as in non-Euclidean space in the form of graphs, it can be understood

63. (Ri@yan vbitidas ue. | ofjeid)enthdn DR R IRAPAIBOEvRPRORENeS e Riemedtaldnagensegpriatatiomni
reldiidnMiacknld tigeked 270, "By diR0x8 lexpressed as those between nodes and edges of the graph. These
PRI AENBTT IR R IBATIR. 8 R AE A 22 AL BB 3K Ve EaH i oReS RPN 8. the
Intriedigy 'ERIMERPE At UG IRNSKAIBECR SRR AP I 5 e SRR Fo F VAL AIE HRARIFnA D health
CoNd O ARV Sin L ¥ PR S G HIREHS RS Dt Rl i AL B A Br&SREdRYs B IR IFIsgIng and
moleRHMAGT CHIRIB AP RAREOrSAmRksS BRIaRRE ' SWSRmber 24 S1e field of cardiology, GNNs

have_ been effectively employed in several key areas. _They have been usec_JI in the classification of polar maps in
bt XrtiSioh in{a0nd: £1uARG Yo ARG Yor LB GsikiABEH YrnddHe XahMs WAl MRS o gkt
siglﬁﬁggﬁ?e%(ﬁc\é\(l%u'l%eremblﬁ E@?&f&%@{/d'%grw %@ﬁéfﬁﬁﬁt'%' @RR\/XéKtanﬁgr ejection fraction in

echocardiography. This measurement is vital for evaluating heart health, specifically in assessing the volume of
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CTmNpedatiomaisMpgdelacdf tae kHieartieSpsiyer:ilentirnt-aix et sGipsnaadys2@20res within the scan,

6 O AN, e e NP e o A e B R e a P P RAN R sidual Graph

Convolutional Network llr?o,?\ﬂtr%gr%%grg c{ﬁ\]natomlcal Labellng of Coronar}/r Arteries. ng Pro%eed%%% (ﬂn

NNs provide aé_)owerful too g and interpreting complex data structures, such as those

2020 IEEE/CV nfer n Com r Vision and Pattern R nition (CVPR I
metic%I |(r)n<'9 e roc{gssﬁlgc.:%ng 8 teeoke)F gtre%lgltes o#scgN S 95 tr?etitre adap?acbcl)lﬁy ttc? va(r?ing i p’)u%%?zt(tase "and

stru\/c\{'lj“rbgsaln ’esge_nJE%IJfléQt%r%Qrzl Cr)ﬁedical imaging where patient data can greatly differ. The architecture of GNNs
68 .thiluaigto ot doiess, ahd Ngerisre Sgr spihHstriictuved diagen aldkiny Va plwesrfyl FopLiaarehs Blghkas Snp&bahinkage
provesihqnaleratiaid. dhitatform$Pcedipiin g &lddasadiCepocialiyedrtanciDisad ENNSingtd/tetullgsart in their
abilByambakels @edited & dnhdremiyustéthatogeagoh swithas (e ragbgicahverlvbitn alr Nelsaliblettuartires. 1t is
alsragmostiesiag2RatIANUSNere created for tasks that cannot be effectively solved by other types of networks
e BN P8R el pEPaGe HE V21BN B JiRt E8 AR E STt fa e atisiy RRgatona
Cost FTeT S g I RSt B eta VSR Bh A PR VaRlia T Ash ZoRb Tshar N ofork. 1
Opt@r%%t(ie%nd?rfléhseé?QHtepﬁg’ﬂeItEréIéofgfﬁallnqgtrvr\\/%rti%hal Symposium on Biomedical Imaging (ISBI), Nice,

—16 April 2021; pp. 1897-1901.
Z.d:.rwg?is orn?e srI 021; pp. 1897-190

70. Chakravarty, A.; Sarkar, T.; Ghosh, N.; Sethuraman, R.; Sheet, D. Learning Decision Ensemble
Ong 4iriaea s phRIda AENORL SR RASCRAABIH AR AN e R &SR ABIB GF APPSR ERIIRg Nhiransformers.
Thespleartings BriRe ZbY1 2oMEAARY APAHBSHARSRANeNSHteturRi: (BF FrAE S RaNYitRRY I fnetworks
usedefiIARIR BRORGY S BIGERF TEMBET) MbtftFelieeivenesh duA1es6-9akIuIssolieh i fier 98velqaent of
transformers such as the Detection Transformer (DETR) for tasks related to vision analysis 199 the Swin-

raRGSe G0, FANEEEn Mia R vt A MANN AN R A e Rt Rrals i Sror A (B by il
pEREREHSAGHRNA0 Bhiay hRdt SLBSRISEIONHSAT RisFASS RIAQRosis Ry H e\l 0k

2D ]'régr_e]s'g%ations of the input data (images). In turn, the VIiT converts input to a series of fixed-size non-

T eRgyeind paBhenaal tidatSthein, 6. M. [Bag ;& KovitinD eBegitas R@|sBaliettonitfon dbierdnertpeiothe
imagadoCuanpiessitinl dffMedital, widgdtevsithtREotmstatictioh tterpixgls SupsirdRéxpiokiemziletvditavever,
ViTFm@qm’ye{;@.rgg_t@iijﬂa@ygts.ZQszqw;e_[_tmm, DeiTs also provide high accuracy in the case of small
training datasets, while Swin-Transformers allow the cost of calculations to be reduced. They process an image

73. Wang, C.-Y.; Bochkovskiy, A.; Liao, H.-Y.M. YOLOvV7: Trainable Bag-of-Freebies Sets New State-
divided into overlalt:gplng areas_showing tokens at multiple scales with _a hierarchical structure using a shifted

 of-the-Art for Real-Time Obtject etectors. arXiv 2022, arXiv:2207.02696. _ _ _
window (local self-attention). The transformer principle of operation is based on the self-attention mechanism. This

Ténablusaing, detwbifk B; das@pibRete Anorténaa, of. difiBran pafis Atom atjsuSegrn esitaiiar qfrbatition (.e.,
weiyentiiale imjz6bGeatting aphe Basagion e OuatvagaldoAnbiaveifeansticytnand astdoniages.

Comput. Math. Methods Med. 2021, 2021, 3772129.
The application of transformer networks allows for a dee%er understanding of cardiac function, which aids in

75. Alamelu, V.; Thilagamani, S. Lion Based Butterfly Optimization with Improved YOLO-v4 for Heart

refining diagnostic. methods, and improving treatment srategzies. For example, Jungiewicz et al. focused on
Disease Prediction Using IoMT. Inf. Technol, Control 2022, 51, 692—703. _ _
stenosis detection in coronary arteries, comparing different variants of the Inception Network with the ViT B8l They

TEn BFIENEMalDiz g e Y div; CoytbHAY p@VgBgr &I iies O Vhibhli §htRE Yh o I8 e s &6 8BRTg dvatisa P elodel
perfdrimiafiBeow kB (aasieeibans GenetispidaontknhBasedoP sreppadeaMad®lmiafirausrarsamytishgside
VisioativanBetaftial R0 &N e rHdA0ed heet31a9%and reliability of stenosis detection. They also employed
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TExHambsd, /B teBastues g Midarstvhi\theKdiffe e nddadsaitassifiéaidoffieafiventilas siticedntAdgaritiams. fonheir
findihgarinDiisea seaPvedlic ttumwithidcdenstorAl gettnk fareheallyre Seddotonrdimnsferoce ddiswgisaoéihectures,
the 26541 iMdobam pigrdfiddindinnath tha vadsitipdneéraativonaNdenfersorae are&somputheg SMAIUTG)odel even
surpaaschoiieakistiats. 16tuinedyt 202 MiT can effectively be applied to diagnose coronary angiography. Zhang

78, RizacBISSSR, R TSR AT TRLASIHIE SERIRbME R KSR AL BB, o
Corplefal BIRSPR ACAN A DTN ISRIRT G5 SRS BL S RIGER o SRS g 2nevsss
e T L e RS PRSP R MERI 2RI VS E 55 e opaiggigel encoding
to represent spatial positions of vessel segments within the arterial tree, enhancing classification accuracy. The

7SetRadanRo Lifdiukellel v NMHERH. IBys TAHAREP 1& addR &l e AHHCAldRIgIigeRaR &M primary and
secorIENPVBRFIHMd MANEHBMNVERWN Gombiration. ABAswattd f0olc@0R0sdths2 1dne@@3it achieves

SHIPSHELG AN SR OHFIERTNY) EASUSeRGHA0R. & Ve SERAED EBPPINGiSRTbAIER RANCR ddRiification.
TTNGRRIKIA R d AR dreckiienaloysIRAs: RIS SEUItSaRidIrsh (rp0SpiBehRpasgressel branch labeling

method in the field. The integration of this method into computer-aided diagnosis systems can enhance the

BB o P earchbARRNG et dlshbSR i MEEPHSRURG Hete N BERORSR TR AN

Cardiovascular Disease. Clin. Med. Insights Cardiol. 2020, 14, 1179546820927404.
SRR OB B SINAIGARKY I PREARfSI RS Tt SFIRaVAL AN QicTi cersiaibic reayaamslgnsection yjtracking

wall-motion abnormalities in the left ventricle. The core innovation is the integration of a co-attention mechanism
A Mo S A B R AT RETRY VR R I S assilisatioR AR esistan £ G 99 smoother
ot R RIRCaREN G0 R b MG & S L RO G EBHy SATARY. TREMUANRS o GOV B RIGSSral

rega a%%at%nlt%?n_wl&u%es the motion of the left ventricle, producing smooth and realistic cardiac displacement

gaatiBadhg. Cavand), bufisoimunshinadhiorR!; g¢tods AnaGrsisikqn hddayl apgothirBon\ajetians, Knrkisged new
staBkginientatibacforddoR dyackoronampingielysipbyingsing EndstanierVEINsdaignthvDibepdteztifgECT
perfusidFriltep s affesirMgmtuhesciBME Mg, dn3gieghRoa@ligeanty. for localizing and quantifying myocardial
strain foIIowin%ischemic injury. This study contributes a novel tool for cardiac imaging and opens new possibilities
85. Galea, R.R.; Diosan, L.; Andreica, A.; Popa, L.; Manole, S.; Balint, Z. Region-of-Interest-Based
for early detection and interventions in m%ocard|al injuries. .
Cardiac Image Segmentation with Deep Learning. Appl. Sci. 2021, 11, 1965.
8B URardiorppAoaiobraedNon Jenstannes BuskitiodgigiiEdalg ssgotgnidtjcDastiédiarslyaDignedVicie siglobal
confekt; AoadhelimR,ApaBhelttaresessinth dulkaliim , vcrenE MR etrainsfag I€oninglutios dh i euesd Nigtvior leufdinc
imagpeegiizetOardiovaseulaarnsiegieg Pexiessiteesums fiaenstgtienbgly of FellotalP ealiatr s@agedivhortant
infap@2tol 2 BE3nBE8ed and the segmentation performed (especially for tasks requiring precise localization of
anatomical structures in heart images) to be inaccurate. Like CNN and the YOLO algorithm, this approach requires
87. Stough, J.V.; Raghunath, S7; Zhang, X.; Pfeifer, J.M.; Fornwalt, B.K.; Haggerty, C.M. Left
a large amount of pc\;ood- uahty data, and the involvement of significant compufational resources. Careful
Ventricular and Atrial Segmentation of 2D Echocardiography with Convolutional Neural Networks.
hyperparameter. tuning_and regularization technigues can overcome this_disadvantage, but potentially increase the

In Proceedings of the Medical Imaging 2020: Image Processing, Houston, TX, USA, 10 March
coné%l%;ty of the fraining process.

8. hRuantuen\Neural Netwarksutomatic Segmentation with Detection of Local Segmentation

Failures in Cardiac MRI. Sci. Rep. 2020, 10, 21769.
Recently, some work has also been devoted to the development of quantum neural networks (QNNSs) that are

GShdeln oft-iHe NGk Br gifdhidm 4lREniés; Laaidy BRaIeanal/ Nale Rugd S¥imddaRsipeae iy cdietifions and
redYteditabimpoa R RINe P BEFWIIR DMK MRS &H28e (dvARRREE WO ways related to the
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A R g A IR RE DR AL Mt T N el 5y  challenge hat concemet the
classification of ischemic heart disease. This allowed for a prediction accuracy of over 80 percent. However, the
Soprbach- sttt o ofiftum GeurR e OrelyuiinédN@rt¥er NiagRdNefverk, WinBEGHESREDREREventional
praBiQITERFIeMABWerkSIdatidYRratingsRiskEEaircioR.Ql ldedrdnpiHER draghs @EaRIHey1&n be also

apph@d 4> 3diéeting medicines for patients with high accuracy 20711081 Thus, QNNs may also provide some insight

datorfe FeAys iRy N ORRYEHKER SR Unsupervised Spiking Neural Network for Objective Recognition.
Neurocomputing 2021, 419, 47-58.

J, 3..Evaluation.Metrics in Medical Imade Segmentation sc.s sq

Jechnol. 2021, 30, 20—24. _ . : - .
Arn?[uahlntelllgence as t%e émnce to become a high-precision tool in medicine. However, there are certain

Abchtiiral Yisk3gmeRsPcMisaeteE xpianadiapglifrationSpiking dlieisedlaNe twlocks ddsimgakities - Splkeidgtelkyaithm
perfsondRep. BOALedllai@)3Ind safety. For example, it is known that small, even imperceptible changes in the
téaiw'n% dataset §ar‘Bdrasti(Sa_Il¥< chanpe the res&lts oﬁ(gredéct_i?\r?s ‘”ﬁ"‘i{] _i%\ B1edicine.c§n_ R/?VE vergd%erious

96. Kazeminia, S.; Baur, C.; Kuijper, A.; van Ginneken, B.; Navab, N.; Albarqouni, S.; Mukhopadhyay,
O R RIS 5T MBI A e e Mhaly RIS A " Trité S8 262873008 113 Sy ise an appropriate metric to
assess the correctness and accuracy of different kinds of forecasts inéludiné clinical p.rognoses and for this to be

AhdeieRdehyMuderNezanys EBnAdhanagity befveftrbhifgrigesnndeasdiMilfdeliameaRuracy of
the TARBAREONEHEhallRNIeaderSiatihalicdeaaing dudraiioloayicrey. fiarst Ai-Risdl Hehihdd2dadset

inclﬁé&g‘d@@pavailability issues. However, even if developers do not have sufficient quantity and quality of data,

oBOsRIGREC I CY i AP ISP 5 RPGREPI REMIF UL AR ETHS R P R fiBlg e S diovhselBRus. the
choige lcfheropsine elatisn @@Z@’ Qpﬁeélggffgl]ghe specific task type. The binary classifier Dice coefficient (also

called the Sgrensen-Dice index) and the Index of Union (loU) are most commonly used in medical image

0% iR SR aledieS NIRRT RiMre IR Lrab0G) e furddPR QAP fn B fpent Advances in

Computer-Aided Medical Diagnosis Using Machine Learning Algorithms with Optimization

MorkRNRRIGHGS pHRER ABRRSR iROhbrRunBir84fretR/BR8s of cardiology data segmentation is the collection of

108 B4rbEIRPIavigdaralig Aa &5eRassalssRiler KREPIRSESS Aal2arsort TRBA S NES6eEHE Eilsjdettake
IntopREERISN I 4aanShroibr A ARIRSIS bRIANE B/ GG IRSEERotAaRS d4lh et refiability is
imp(gﬁggsgé%a&p%qeéﬁﬁ[yaq@@ggqi diverse and representative input data whenever possible, which can help

mitigate bias in Al-based algorithms. Another issue related to data is the application of the open data policy
10RO UNE S dun B feeplafly ror 80gntne YmithohE MRIVELES M 4Bl REAINGDERERE
alg R e R B R (RS RS S A B e S W R M R VRl ¥R dardis
in tﬁeel’(]:%ﬁgt':t%ﬂgs oge%gzé,sa(\)ﬁdlﬁgéf) 5n(1)e3dical data is essential for the development of reliable Al systems in
10&rdiptngstuAd-ardonssqBenakhte Satibighmedsshistandaedbiuhe amadtyMntégemband Sntexhpekaelity of
cardelamnddh ueD I I AbpheioCoim ckestiojoDa ts- Bfficasrihintiayel oraasfofriter fortdd R BriaimeTuatitation
aniOfkegdificationA IlEEER@gedthP9 1T o highOBPPHR0B5(L is also necessary to develop guidelines on how to

intelgrate artificial intelligence technolo?ies into cardiologry waorkflows as well as strategies for mana inﬁ risks
103. Beer, K.; Bondarenko, D.; Farrelly, T.; Osborne, T.J.; Salzmann, R.; Scheiermann, D.; Wolf, R.

assaciated with the implementation of Al-based technologies in cardiolo%y. Fin ”§' it should be the respon’sibility of
Training Deep Quantum Neural Networks. Nat. Commun. 2020, 11, 808.
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