
PREPARATION AND CONDUCT CLINICAL TRIALS FOR 
AN ARTIFICIAL INTELLIGENCE-BASED CLINICAL 

DECISION SUPPORT SYSTEM

Denis Gavrilov, 
Chief Karelia Republic Regional Office, 

Russian Society of Cardiology.

IMDRF/DITTA joint workshop «Artificial Intelligence in Healthcare»



Our working group from…

Karelian Republic
IT Specialists

ML Specialists Cardiologists

We are here now!



Challenges of Applying ML in Healthcare

• quality date sets

• evidence of clinical efficacy and safety of machine learning software
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BREAKING NEWS ABOUT ARTIFICIAL INTELLIGENCE 
IN HEALTHCARE IS BECOMING THE NORM OF OUR LIFE
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MACHINE LEARNING IN CARDIOLOGY: 
ESC CONGRESS 2019 RESULTS
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Topic n %

ECG 6 40

Arrhythmias 2 13

Echocardiography 2 13

Text Speech Recognition 2 13

Predictions CVD, IM 2 13

Methodology ML 1 6



OTHER EXAMPLES ML IN CARDIOLOGY 

7

digital diagnostics
digital predictions



•
"clinical trials" - a developed and planned systematic study,
including with the participation of a person as a subject to assess
the safety and effectiveness of a medical device

•
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Regulatory Documents

• Law and Decree of the Russian Federation

• Recommendations: clinical trials of software based on 
intelligent technologies (radiation diagnostics), 2019

• Software as a Medical Device (SaMD): Clinical Evaluation. 
IMDRF Final Document, 2017.



Clinical Validation Approaches

• prospective

• retrospective using patient data

• in silico - computer simulation experiment 

• notification



HEALTH RISKS from Medical Devices
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• сlass 1 - medical devices with a low degree of risk

• class 2a - medical devices with an average degree of risk

• class 2b - medical devices with a increased degree of risk

• class 3 - medical devices with a high degree of risk

e.g: a model predicting the 
risk of death from CVD 
belongs to class 1

Application Criteria:
o duration of use;
o invasiveness;
o the presence of contact with the human body or 

relationship with him;
o a method for introducing a medical device into the 

human body (through anatomical cavities or 
surgically);

o application for vital organs;
o use of energy sources.



HEALTH RISKS from Medical Devices
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Software as a Medical Device (SaMD): Clinical Evaluation. IMDRF Final Document, 2017



HEALTH RISKS from Medical Devices

Regulatory–Clinical–Technology risk paradigm. Examples of increasingly complex clinical applications 
of technology and their corresponding regulatory contexts are presented in this figure

S.C. Mathews et al. Digital health: a path to validation. Digital Medicine (2019) 2:38 13



TYPES OF CLINICAL DECISION SUPPORT SYSTEMS
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Clinical Validation Approaches Based on Analysis Tasks

diagnostic 
model

prediction 
model

event happened event may happen

- reference data
- assessment at the current diagnostic process

- prospective data
- testing dataset

Testing Data
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“The results showed that ML performs comparable well with the established risk tools in 
identifying a potential candidate for CVD development. In particular, three machine-learning 
classifiers were compared against an estimation tool for CVD risk prediction, as well as against 
actual CVD incidence, giving very high accuracy, sensitivity, and PPV for the classification…”



OUR EXPERIENCE WITH CLINICAL ML MODEL DESIGN

2 ML models

2 datasets

2 clinical
conditions

2 validations 17



MATHEMATICAL CALCULATIONS TO DETERMINE 
THE ML MODELS ACCURACY

Roc-curves for the simulation results obtained for the 
Framingham scale and a ML model  (neural network)

building a classification with 4 situations:
TP - true-positive,
FP - false-positive
TN - true-negative
FN - false-negative

Se=TP/(TP+FN) – sensitivity
Spe=TN/(TN+FP) – specificity

Accuracy=(TP+TN)/(TP+FP+FN+TN)
Roc-curves
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COLLABORATION WITH 2 NATIONAL CARDIOLOGY CENTERS 
FOR CLINICAL STUDIES OF MACHINE LEARNING MODELS

• The centers have departments of clinical research 
and trained specialists.

• There is an understanding of the need for a clinical 
trial Artificial Intelligence-based Clinical Decision 
Support System

• The clinical trial discussion process currently takes 2-
3 months 

• Moscow national cardiology center has a waiting list 
for clinical trials up to half a year

• National cardiology centers have their own data that 
can be used for clinical research. But is it necessary to 
audit this data for suitability for clinical research AI?

Moscow

St. Petersburg



20S.C. Mathews et al. Digital health: a path to validation. Digital Medicine (2019) 2:38
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keep pace with innovation
promote modern patient care 

standard for safety and effectiveness 



CONCLUSIONS

• In Cardiology rapidly developing problem solving by using machine 
learning

• Examples of software implementation using machine learning models 
so far answer “simple” clinical questions

• The clinical context of the risk group and the ability of the model to 
predict the future are important in addressing the issue of clinical 
validation

• The Importance: readiness of research centers and clinical trials and 
duration of MD Model Software
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Thanks for your attention!

23


