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Razumevanje VI u medicini

V1 se odnosi na simulaciju ljudske inteligencije u masinama
programiranim da razmisljaju 1 u¢e kao ljudski mozak

U medicini, VI koristi algoritme I podatke kako bi imitirala

= Kognitivne funkcije, pomazudi u dijagnozi
= Planiranje lecenja

= Brigu o pacijentima
= Razvoj lekova
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Osnovni principi vestacke inteligencije i masinskog ucenja
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Terminologija: Al, ML i DL

Artificial Intelligence (Al)

Razvitak intelegentnih masina
sposobnih da izvrSavaju radnje

A)

P

za koje je tipi¢no potrebna
humana inteligencija TipOVi ML

Al

—» Nadgledano ucenje: ML algoritam uci
na osnovu obelezenih podataka sa poznatim
parovima ulaz-izlaz

NS —3>» Nenadgledano uéenje: ML algoritam uci
s obrasce i strukture na osnovu neobelezenih
podataka i bez predefinisanih izlaza

G Machine Learning (ML) =

Algoritmi koji omogucavaju kompjuterima
da uce i napredujuna osnovu iskustva bez
eksplicitnog programiranja

2 espLeamingl)

Podskup masinskog uc¢enja koji koristi
neuronske mreZe visestrukih slojeva za
automatsko udenje i ekstrakciju

:;Omlgmh obrazaca i karakteristika Sematska prikaz okvira za ve$tacku inteligenciju i masinsko ucenje




Integracija vestacke inteligencije u dijagnosticki imidzing
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Primeri primene Al u radioloskoj praksi

Segmentacija i klasifikacija slike
Napredna dijagnostika sa Al i CAD sistemima

Prognostika na osnovu radiomike i

prediktivnhe analitike

Optimizacija radnog procesa




Prognostika na osnovu radiomike i prediktivhe analitike
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Kendrick J, Francis R, Hassan GM et al. Radiomics for Identification and Prediction in Metastatic Prostate Cancer: A Review of Studies.
Front Oncol. 2021 Nowv.



Optimizacija radnog procesa pomocu vestacke inteligencije
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Primeri primene Al u radiologiji - Neuroradiologija

POST-TREATMENT

G A ONITORING . INITIAL ASSESSMENT AND
MANAGEMENT AND MONITORIN ot DETECTION
' ’

® Outcome Prediction: Predicts : ek ® Stroke Susceptibility: Utilises predictive
post-stroke outcomes such as disability, ‘ e/ models to estimate patient's stroke risk
quality of iife, and likelihood of recurrence : ’ based on health history, lifestyle, and
to inform rehabllitation planning. 14 ‘ genetic factors.

® Follow-up Scheduling: Automates L ® Imaging Biomarkers: Employs machine
scheduling of follow-up imaging and b3 S learning to detect subtle imaging
appointments based oo patient-specific X (1 8 N g blomarkers indicating earty signs of

risk profiles

i strake.

(A} Subtle, isointense, left subdural haemorrhage on head CT
‘ : (B) Al based software highlights the area of haemarrhage, celour coded In red

UMass Memorial Healthcare. Retrieved frem https://www.umassmed.edu/radiology/rad-
™ D b A news/2020/10/ai-mrif

DIAGNOSIS AND DECISION

MAKING

® Stroke Type Differentiation:
Discriminates between ischaemic and
TREATMENT PLANNING AND haemarrhagic stroke using Al-based
EXECUTION imaging analysis
@ Vascular Territory Mapping: Maps
affected vascular territories to infer likely
® Therapeutic Strategy: Suggests optimal treatment strategies{e.q., occlusion sites and guide intervention.
thrombelysis, endovascular thrombectomy) based on Al analysis of
patient and imaging data,

@ Procedure Assistance: Assists inreal-time during procedures(e.qg., Left: non-enhanced CT
navigating catheters in endovascular thrombectomy)using Middle: non-enhanced CT superimposed with Al-detected ischaemic stroke
Al-guidance Right: corresponding diffusion-weighted imaging (OWI)MRI

Qlu, W et al. Retrieved from https://dol.org/10.1148/radlol. 2020191193




Primeri primene Al u radiologiji — Onkoloski imidzing
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DETECTION CHARACTERISATION DISEASE MONITORING/PROGRESSION
o o {

>=4# Risk Assessment:
@ Stratifies patient risk via predictive
analytics.

72 Cancer Screening:
@ Uses algorithms to highlight

suspicious regions on imaging.

Indeterminate Nodules:

@ Differentiates indeterminate
nodules, boosting diagnostic
accuracy.

DY Minimise Overdiagnosis:

AR Reduces false-positives and
overdiagnosis, improving diagnostic
specificity.

(¢YeL. Diagnosis and Tumour
0@ Classification: Uses deep learning
for robust tumour classification.

Segmentation, Extent of

Abnormality: Applies Al for precise

tumour segmentation and
quantification in 2D and 3D.

\

‘ Staging:

= Categorises tumours based on
TNM classification, guiding
treatment options.

Radiomics/Genomics:
(((.))) Integrates imaging,

molecular/genetic, and
histopathological data for cancer
stratification.

M-l

. Treatment Recommendation and

Response:
d Analyses temporal scans to

evaluate treatment responses and
guide recommendations.

Complex Data Integration:

Uses Al to integrate multi-modal
data for a comprehensive view of
disease progression.

Prognostication:

i ®\ Identifies organs at risk and detects
metastases for prognostic
stratification.

5
I

@ Predictive Modelling of Outcomes:
Employs predictive modelling to
® ® ® anticipate patient outcomes,
enabling personalised care.

A

(A)Frontal chest radiograph shows a subtle nodular opacity (arrow) in the right middle lung zone
(B) Al-based software identities the lesion with 81.1% abnormality probability.
(C) Axial CT scan reveals a 1.1-cm solid nodule (arrow) in the right lower lobe, confirmed as adenocarcinoma through biopsy.

Breast cancer detected by Al model four years (left)before it developed (right)
Yala, A et al. Retrieved from https://dol.org/10.1148/radiol 2019182716

Nam, J et al, Retrieved from: https://doi.org/10 1148/radiol 221894




Primeri primene Al u radiologiji - kardiovaskularni im

RISK PROFILING AND MODALITY IMAGE ACQUISITION AND ENHANCEMENT
SELECTION ECG and Image Enhancement: Applies Al
Al-assisted Cardiovascular Risk to optimise ECG waveform quality and
Estimation: Predicts cardiovascular enhance echo and CT images, facilitating
risk using patient-specific data, superior visualisation of cardiac and " v "
. . . . o . (A)CT angiogram of the chest with bilateral pulmonary emboli.
mformlng Imaging mOdaI'ty selection pulmonary structures. (B) Al based software highlights the emboli, colour coded in red.

(e.g., echocardiogram, CT, MRI).

UMass Memorial Healthcare. Retrieved from: https://www.umassmed.edu/radiology/radnews/2020/10/ai-mri/
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AI-DRIVEN ANALYSIS AND

INTERPRETATION DIAGNOSTIC AND PROGNOSTIC DECISION
Advanced Waveform and Image SUPPORT

Analysis: Uses machine learning for ECG Al in Diagnosis and Prognosis: Employs Al to
analysis and automated interpretation of aid in diagnosing cardiovascular conditions,
imaging studies, aiding in detecting including pulmonary embolism and coronary

conditions like arrhythmias, ischaemia, stenosis, and predict patient outcomes to

pulmonary embolism, and coronary guide personalised treatment plans.
stenosis.

MONITORING AND LONGITUDINAL CARE
Alin Treatment Response and Longitudinal
Monitoring: Leverages Al to monitor treatment
response and analyse serial ECGs,
echocardiograms, and CT scans, detecting
trends and predicting future cardiovascular Estimating presence of flow-limiting coronary stenosis

events.

Nicholls, M. Retrieved from: https://healthcare-in-europe.com/en/news/ai-offers-advances-in-cardiovascular-imaging.html|
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Primeri primene Al u radiologiji — Abdominalni imid

Zing

PATIENT PROFILING AND STRATEGY 2 FONTINUITY aF CA.RE_ Treick
Al-Guided Imaging Decision: Analyses e , - = Monltorlr!g Legane E,v BRution: FAunS
patient symptoms and clinical history for S’ changes in follow-up images, gauging

optimal imaging modality selection for $ 4 treatment effectiveness and alerting
abdominal pathologies 425 2 . ¢ . clinicians to new or worsening conditions.
Preventive Screening: Recom.mends ﬁ! o 3? Predictive Healthcare: Anticipates future
routine imaging screenings for high-risk health risks based on imaging trends and

: > ° patient data.
patisnts. Al in Abdominal
Imaging
IMAGING EXECUTION AND ENHANCEMENT CLINICAL INSIGHT AND DECISION SUPPORT
Operator-Guided Acquisition: Provides Clinical Correlation: Correlates imaging '
s real-time guidance during image capture findings with clinical data for comprehensive N
. for quality and consistency. patient overviews.
‘. Image Optimisation: Uses CNNs for image Prognostic Modelling: Predicts disease 5
‘. enhancement and superior visualisation of progression and outcomes, informing s
' abdominal structures. personalised treatment plans. ¥od
AI-ASSISTED INTERPRETATION ®
Anomaly Recognition: |dentifies potential

abnormalities like liver lesions and suggests

probable diagnoses. P (A)Original CT scan: Input image for analysis.
Quantitative Analysis and Segmentation: Performs S (B)Segmentation Heatmap: Generated by a trained CNN, indicating liver probability for each pixel.
detailed measurements and proposes L (C)Manual Segmentation: Gold standard created by radiologists.
& segmentation heatmaps for organs, assigning a P ! (D) 3D Reconstruction: Volumetric representation of the segmented liver region.

R probability value to each pixel. e
Bt P o Fazekas, S et al. Retrieved from: https://doi.org/10.1556/1647.2022.00104




Primer1 primene Al u radiologiji — Ca prostate
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Primeri primene Al u radiologiji —Ca prostate

(a) Lesion Classification (b) Lesion Detection
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Izazovi 1 etiCka razmatranja

* Privatnost i bezbednost podataka:

VI se oslanja na ogromne koli€ine osetljivih podataka pacijenata, 1zazivajuci
zabrinutost zbog krSenja privatnosti 1 zloupotrebe podataka.

* Predrasude i pravednost:
Predrasude prisutne u trening podacima mogu dovesti do diskriminatornih
rezultata, Sto zahteva pazljivu evaluaciju 1 strategije za umanjivanje.

* Regulatorne prepreke:
Brzi tempo razvoja VI izaziva regulatorne okvire, zahtevajuci azuriranja kako bi
se osigurala bezbednost 1 efikasnost pacijenata.

e Nadzor od strane ¢oveka:

Iako VI ima svoje mogucnosti, ljudski nadzor ostaje kljucan za validaciju
generisanih uvida 1 odluka kako bi se osigurala bezbednost 1 poverenje
pacijenata.



Beneficije VI u medicini

PoboljSana dijagnostiCka preciznost:
VI smanjuje dijagnosticke greSke pomazuci lekarima u interpretaciji kompleksnih medicinskih
slika 1 podataka
Personalizovano leCenje:
VI omogucava personalizovane planove leCenja na osnovu individualnih podataka pacijenata, Sto
vodi ka boljim 1shodima 1 smanjenju nezeljenih efekata
PoboljSana efikasnost:
VI automatizuje rutinske zadatke, optimizuje tokove rada i smanjuje administrativne terete,
omogucavajuci zdravstvenim profesionalcima da se vise fokusiraju na brigu o pacijentima.
Smanjenje troskova:

VI-pokretana prediktivna analitika 1 rano otkrivanje doprinose smanjenju troSkova spreCavanjem
skupih komplikacija 1 nepotrebnih procedura.



Buducnost i perspektiva

= Integracija VI u medicinu ¢e nastaviti da evoluira, obecavajuci
dalje napretke u zdravstvenoj zastiti

*  Buducdi pravci ukljucuju:

" Prosirenje primena VI u daljinskom pracenju pacijenata 1 telemedicini.
» Saradnju izmedu sistema VI 1 zdravstvenih radnika radi unapredenja kliniCkog
odlucivanja.

» Nastavak istrazivanja u VI-pokretanoj medicini 1 genomskoj analizi za
personalizovanu zdravstvenu zastitu.
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