
Mesterséges intelligencia 
a képalkotásban

Lehetőségek és veszélyek 
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• Miért én vagyok az előadó?

• Mit  nevezek mesterséges intelligenciának?

• Dotcomlufi vagy valóság?

• Jogi-etikai-szabályozási dilemmák

• „Sehallselát Dömötör buta volt, mint hat ökör” 

avagy AI-ember interakció

• Tipikus AI hibák

Tartalom
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https://www.stoodnt.com/blog/ann-neural-networks-deep-learning-machine-learning-

artificial-intelligence-differences/
Posted on March 29, 2018 By Tanmoy Ray

ARTIFICIAL INTELLIGENCE: DEFINITION?

+ convolutional
neural

networks

https://www.stoodnt.com/blog/ann-neural-networks-deep-learning-machine-learning-artificial-intelligence-differences/
https://www.stoodnt.com/blog/author/tanmoy-ray/
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IS IT REVOLUTIONARY? REQUIREMENTS?
8



IS REVOLUTIONARY? REQUIREMENTS?
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Digitalization Big database

Standard protocol
Standard annotation

Hardware

„Off the shelf”

algorithms



SUPERVISED LEARNING OF NEURAL
NETWORKS: CLASSIFICATION
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Features: raw vs. „hand made”



PERFORMANCE / INTERPRETABILITY
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http://datascienceninja.com/2019/07/01/the-balance-accuracy-vs-interpretability/ Sharayu Rane on July 1, 2019
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http://datascienceninja.com/2019/07/01/the-balance-accuracy-vs-interpretability/
http://datascienceninja.com/author/user/
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1956 Dartmouth Conference: birth of the

definiton/notion of AI

1974-2011 3x „AI winter” period with hype in between

1998 Yann LeCun (Facebook) Convolutional Neural

Network (hand-written postal code reading)

AlexNet (2012) Geoffrey Hinton(Google): ImageNet

contest winner(15.4 vs 26.2% error rate)

GoogLeNet (2015)

Microsoft ResNet (2015) 3.6% error rate (better than

human)

VERY BRIEF History OF Artificial
Intelligence

Deep learning+
convolutional neural

networks

Non-deep learning

https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
http://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Szegedy_Going_Deeper_With_2015_CVPR_paper.pdf
https://arxiv.org/pdf/1512.03385v1.pdf


AI TARGETS
13

Big Data Analysis, exploration of statistical

correlations beyond human capacity

Big data problems

• Risk of misdiagnosis ↓

• Precision ↑

• Speed ↑

• Exam planning, triage, report

acceleration, second opinion,

screening

HR problems/reliability



CE: REGULATORY PROCESS
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CE CERTIFICATION: CLASSES
15

•Software intended to provide information which is used to take decisions with diagnosis or
therapeutic purposes is classified as class IIa, except if such decisions have an impact that
may cause:
•death or an irreversible deterioration of a person's state of health, in which case it is 
in class III; or
•a serious deterioration of a person's state of health or a surgical intervention, in which
case it is classified as class IIb.

•Software intended to monitor physiological processes is classified as class IIa,
•except if it is intended for monitoring of vital physiological parameters, where the nature
of variations of those parameters is such that it could result in immediate danger to the
patient, in which case it is classified as class IIb.

•All other software is classified as class I.
•MDD vs MDR: European Medical Device Directives (soon to be replaced by the Medical Device 

Regulation)



CE CERTIFICATION: CLASSES
16

https://towardsdatascience.com/how-to-get-clinical-ai-tech-approved-by-regulators-fa16dfa1983b



FDA APPROVAL SUBMISSION TYPES
17

510(K) SUBMISSION
Each person who wants to market in the U.S., a Class I, II, and III device intended for human use, for which a Premarket Approval (PMA) is not 

required, must submit a 510(k) submission to FDA 

to demonstrate that the device to be marketed is at least as safe and effective (substantially equivalent) to a legally marketed device that is 

not subject to PMA. Submitters must support their substantial equivalency claims. 

PMA
Premarket approval (PMA) is the FDA process of scientific and regulatory review to evaluate the safety and effectiveness of Class III medical 

devices, and the most stringent of the device marketing applications. Class III devices are those that support or sustain human life, are of 

substantial importance in preventing impairment of human health, or which present a potential, unreasonable risk of illness or injury. General

and special controls alone are insufficient to assure the safety and effectiveness of Class III devices. PMA applications will include technical 

sections, usually divided into non-clinical laboratory studies and clinical investigations. PMA approval typically requires a facility inspection.

DE NOVO
The de novo pathway for device marketing rights was added to address novel devices of low to moderate risk that do not have a valid 

predicate device. Upon successful review of a de novo submission, FDA creates a classification for the device, a regulation if necessary, and 

identifies any special controls required for future premarket submissions of substantially equivalent devices. PRE-SUBMISSIONS (PRE-SUBS)
Pre-submissions are made to the FDA in order to request FDA feedback. Pre-subs are used for various reasons including meeting requests, to 

study risk determination, for submission issues, and for FDA feedback to specific questions related to a pending submission or protocol. The main 

purpose of the Pre-Sub Program (previously known as the Pre-IDE Program) is to provide the opportunity for a sponsor to obtain FDA feedback 

prior to an intended submission of an IDE or marketing application. The Pre-Sub Program can also provide a mechanism for the Agency to 

provide advice to sponsors who are developing protocols for clinical studies for which an IDE would not be required, such as studies of non-

significant risk (NSR) devices or for clinical studies conducted outside of the U.S. to support future U.S. marketing applications. Consequently, the 

Pre-Sub program can provide an efficient path from device concept to market while facilitating the agency’s goal of fostering the development of 

new medical devices.

TPLC adaptive algorithms require a total product lifecycle (TPLC) regulatory approach vs. „locked algorithm”



TPLC FDA
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FDA CLEARED ALGORITHMS
19

• S Benjamens, P Dhunnoo & B. 

Meskó

npj Digital Medicine volume 3, 

Article number: 118 (2020)

https://www.nature.com/npjdigitalmed
https://www.nature.com/npjdigitalmed


Cranial AI
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STROKE

Köszönet: Martos János 2018 

e-ASPECTS

FDA clearance:

non- contrast CT ICH 

detection

Sensitivity: 93.6% (95% CI: 

86.6%-97.6%)

specificity: 92.3% (95% 

CI: 85.4%-96.6%)."
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SEGMENTATION/VOLUMETRY
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SEGMENTATION /VOLUMETRY



PREDICTING BRAIN AGE: EARLY
DIAGNOSTICS OF ALZHEIMER?

Cole et al. Neuroimage. 2017 
Cole et al., 2018, Mol Psych

https://www.ncbi.nlm.nih.gov/pubmed/28765056


Chest/Mammo
XRAY/ CT AI



CHEST XRAY ANALYSIS
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FRACTURE DETECTION- EXTREMITIES
XRAY

27

External validation of a commercially available deep 
learning algorithm for fracture detection in children
Diagnostic and Interventional Imaging
Volume 103, Issue 3, March 2022, Pages 151-159
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LUNG NODULE CLASSIFICATION
Veye Chest
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RADIOTHERAPY: ORGAN/LESION 
SEGMENTATION/DELINEATION
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RADIOTHERAPY: ORGAN/LESION 
SEGMENTATION/DELINEATION

Siemens AI-Rad

Organs at risk Segmentation for radiotherapy

- Main benefit: faster contouring time

- Target Tumor volumes are not automatically segmented yet

MRI only radiotherapy planning - pseudo CT

- Spectronic Medical - CT simulation based on MR

- Metrics: dose difference, position error based on 

“bone-alignment”



BONE AGE ASSESSMENT

Greulich & Pyle ±4.3 months mean absolute deviation

adult height estimation according to Bailey and Pineau ±2.5 cm
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CAD OUTPERFORMING
MAMMOGRAPHERS?

Performance of CAD software vs. radiologists by false-
positive rates

Radiologists

CAD software 
(at 100% 

sensitivity 
threshold for 

cancer 
detection)

Potential 
reduction in 

breast 
biopsies from 

use of CAD 
software

Academic
radiology

department
80% 35% 57%

Alyssa Watanabe of the University of Southern California (USC) Keck School of Medicine, ECR 
2017

Mia
CE

McKinney, S. M. et al. Nature 577, 89–94

(2020).



AI in CARDIOLOGY
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CARDIAC IMAGING: PLANNING, 4D FLOW, CA++ SCORE

4D Flow (FDA approved)4D Flow (FDA approved)

Calcium score, FDA cleared

OneCLick (FDA 

approved)
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2D SSFP and 3D Cine LV/RV 

segmentation(FDA)

CARDIAC SEGMENTATION/ CONTOUR DETECTION: EF 
/STRAIN/VOLUMETRY ASSESSMENT

CT contour (FDA cleared)

CT strain (Research) 

Echo: AI contour, EF, FDA 

cleared

Bay Labs/Caption Health

Echo: AI contour, EF, strain

FDA cleared

HeartFlow FFRCT Analysis



ECG: AFIB DETECTION, ARRYTHMIA/ 
DEATH PREDICITON

36

Raghunath et al, Nature Medicine 2020

Predicting 1-year all-cause mortality: 0.830 (AUC)

https://arxiv.org/search/q-bio?searchtype=author&query=Raghunath%2C+S


Ethical issues, 
regulations



CE CERTIFICATION: CLASSES
38

https://towardsdatascience.com/how-to-get-clinical-ai-tech-approved-by-regulators-fa16dfa1983b



NARROW AI: LIMITATIONS
39

Na, K, Cr

Class IIa: diagnostic support



AI-HUMAN INTERACTION
40



GENERAL AI: RESPONSIBILITY?
41

Who signs the report?

Class IIb: autonomous



AI mistakes



TYPICAL AI MISTAKES
43

Zech et al. PLOS Medicine 2018
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ML can surpass human level performance in certain, 

narrowly defined areas (narrow AI)

• Diagnostic/imaging reports accelerated, precision

improved (segmentation, ECG)

• Correlation/regression information exploration (prediction, 

age assessment)

• Requirements: big database, standardized protocols, 

unified annotation

Ethical issues:

• low cost vs. narrow solution

• Responsibility?

CONCLUSION



Thank you for your attention!
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