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INTRODUCTION e |Individual variability, outliers, and overlapping features BCTYNNEHWE SR T ST AT

between diseases make it difficult to identify robust disease specific patterns. y : _ o v
° MI/IKpO6I/IOM KVLLEYHMKA TeCHO CBSA3aH CO 3,0POBLEM UYeN0BEKa, BblgeneHne yCTONYnNBbIX disease SpeCIfIC 3dKOHOMEPHOCTEN.

e The gut microbiome is associated with human health, yet its e Machine learning enables us to work with high-dimensional data and identify OAHAKO €r0 COCTAB 3HAUNTENLHO PASINUACTCH MESKAY N0 ALMY o MaluMHHOE 06yUeHMe NO3BONAET PAa6OTaTh C BLICOKOPA3MEPHBIMM AaHHbLIMY 1
composition varies substantially between individuals. complex patterns that may be difficult to detect using traditional approaches. e T agme bl U Da3 E)KeyHbl ; ' BbISIBNSATb C/IOXHbIE 3aKOHOMEPHOCTU, KOTOPbIe TPYAHO 06HAPYXUTb
J Microbiome qla}ta are high-dimensional and sparse, while e In this project, we investigate colorectal cancer (CRC) and Crohn’s disease (CD) 3a|<0H0|V|epchw| CBARAHHLIE CpKOHKpI;THbIM'I:/,I 3a%oneBaH’|/|s'-|M|/| TPaAVNLMNOHHBIMU MEeTOAaMW. }
disease-specific patterns are often unknown in advance. using data from multiple independent studies. e HemsseéTHbl ) e B npoekTe Mbl nccneayem konopekTanbHbi pak (CRC) u Gongsub KpoHa (CD),
: NCNoib3yAa AdHHblE HECKOJIBKNX HE3ABUNCMbBIX NCCTIE4O0BAHNI.
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CONCLUSION SAKNTHOYEHWE REFERENCES

e Diseases such as Crohn's disease and colorectal cancer are e Takue 3a60s1eBaHNS, Kak 60ne3Hb KpoHa 1 KonopekTasbHbIN pak, aCCoUnnpOoBaHbI C Prabakaran R & Bromberg Y. Nucleic Acids Res 53(16):gkaf836 (2025). e ChenS, Zhou Y, ChenY, Gu J. Bioinformatics 34(17):i884-
associated with changes in the gut microbiome M3MEHEHNAMU MUKPOBMOMA KULLEYHWKA Zhu C, Miller M, Marpaka S, et al. Nucleic Acids Res 46:€23 (2018). 1890 (2018). . :

e Deep learning improves detection of microbiome shifts, as itisn't ¢ [y6okoe obyyeHvie NOBbILLIAET TOUHOCTL BbISBIGHWS 3TVX U3MEHEHNIA, MOCKO/bKY He Wirbel J, Pyl PT, Kartal E, et al. Nat Med 25:679-689 (2019). . ?Q?orjwhs Su.tFSaZt%(e:;]éeQ[;Jaat“at}(IZ%?_g;rOl Tool for High
limited by our current knowledge of gene/microbial function OrPaHNYEHO HALLVMV TEKYLLIIMW 3HAHUAMM O QYHKLIAX reHOB/MIKPO60B zeller G, Tap J, Voigt AY, et al. Mol Syst Biol 10:766 (2014). s 5 '

i i - Sabanci
' ' ‘ ' : Sankaranarayanan K, Ozga A, Warinner C, et al. Curr Biol 25:3161-3169 (2015). * LI H.arXiv:1303.3997 [g-bio.GN] (2013). - e ,
* These microbiome shifts can also be detected using classical s =T MBMeHeHMg‘ MIKPOBIOMa TaIOKe MOXHO BBIABUTE C MOMOLLLIO Knaccueckoro Lloyd-Price J, Arze C, Ananthakrishnan AN, et al. Nature 569:655-662 (2019). Universites!
machine learning as well MaLlLIMHHOIO OOy4E€HMA
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