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Al REVOLITION IN HEALTHCARE

During the last years Al has increasingly attracted attention in biomedical research

Artificial intelligence
Transforming data into knowledge for better care.
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BIG DATA IN HEALTHCARE

We are witnessing explosion in availability of various data sources/information on nutrition,
growth, health, etc.

It is becoming increasingly difficult to process and utilize these data — but at the same time
health care professionals more and more rely on outcomes of complex multi-omics data analysis
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Al'IN CARDIOMETABOLIC DOMAIN

Metabolic syndrome - metabolites, microbes (Cell met 2017), IBD — microbes, fungi
(Gastro 2017), Multi-ethinc microbiome (Nature Medicine 2018), CAD - targeted
proteomics (European Heart), etc.
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IMPROVING INSULIN SENSITIVITY

Cell Metabolism
Improvement of Insulin Sensitivity after Lean Donor
Feces in Metabolic Syndrome Is Driven by Baseline .
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MULTI-ETHNIC PROFILES / MULTI-OMICS
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Samples are being analyzed on various platforms: sequencing — metagenome, 16s data, various

measurements on relevant clinical parameters, etc.

OUR APPRACH: Identify predictive biomarkers and make a new predictive model for clinicians and patients

(model suggests: best treatment strategy, response to treatment, best diet based on microbiome)
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Patients with suspected CAD (n=196) CCTA-defined coronary plaque morphology
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SUMMARY

Al is becoming essential for biomarker discovery and predictive modeling in cardiometabolic domain

We develop cutting edge Al methodologies for multi-omics analysis: allowing us to gain new, relevant
biomedical insights and support clinicians in decision making
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OUR Al METHODOLOGY
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Models can handle large-scale, heterogeneous, high-dimensional multi-omics data
Standard methodology does not lead to reliable solutions

Predictive models at the individual level



