Deciphering the Prognostic Landscape of Regulated Cell Death in [s]~
Colorectal Cancer using a Two-Step Machine Learning -
Framework [=]x

Avik Sengupta, Sushree Sangita Kar, Rahul Kumar (&) Yefgsin
CG&T Lab, Dept. of Biotechnology, Indian Institute of Technology Hyderabad, Kandi, Sangareddy, Telangana-502285, India "= Bioinformatics

INTRODUCTION

yHO

ME

PGB0 F0SBS dapd H0R PBTerk
YR Hienfira) W gevmEne

Indian Institute of Technology Hyderabad

RESULTS

1
ﬂOLORECTAL CANCER GLOBAL BURDEN\ / REGULATED CELL DEATH LOOPHOLE \
Novel two-step ML framework
Incidence Mortality
(i Fig. 2: Heatmaps showing the best models from our step 1 and step 2 of the novel ML framework leading to the formation of c-RCDI.
( Step 1: Optimal pathway selection ReP | ASSO ) Ridge Step 2: Logistic regression-based final combined-Regulated Cell
4 for 13 NARCD pathways independently UnivCox | CoxBoost | StepCox prognostic risk model integration Death Index (c-RCDI)
S
. é? | Alternate RCD ‘(.\\(\g . <//%g(o‘b‘?’ (//\6\\6 c;\“ée* SuperPC| GBM | plsRcox o %Q,‘J%@ ,\6’\\6% . G\(\(}G
/\ Pathways < <e® oo o2 \_“e‘a“ «a\(\ <& @6?’ 6%?’ We? -
L L) Ferroptosis | LASSO + RSF| 0.792 | 0.647 | 0.639 | 0.621 0.674 ferroptosis + NETosis + pyroptosis + autosis
o NETosis | LASSO + RSF| 0.804 | 0.631 | 0.605 | 0.624 0.666
parthanatos + ferroptosis + NETosis + autosis — ~~
9 6 0/ 9 3 0/ Non-apoptotic Regulated Cell Death pathways: ICD | LASSO + RSF| 0.792 0.651 0.611 0.609 0.666
\ m 0 m 0 / \ New avenues of therapy / Necroptosis | LASSO + RSF| 0.772 | 0634 | 0.618 | 0.613 0.659 ferroptosis + NETosis + autophagy + autosis . ,
THE PROGNOSTIC GAP THE INNOVATIVE OPPORTUNITY Pyroptosis | RSF| 0.771 | 0.612 | 0.601 | 0.624 0.652 M’ . o , ,
ferroptosis + oxeiptosis + pyroptosis + autosis
NET Cuproptosis | RSF| 0.758 0.6 0.593 | 0.626 0.644 | |
. o aaotas o Oxeiptosis | RSF| 0.776 | 0.633 | 0569 | 0.595 0.643 parthanatos + ferroptosis + pyroptosis + autosis
u
Autosis | LASSO + RSF| 0.743 0.59 0.579 0.656 0.642 ° LCD + ICD + pyroptosis + autosis
Parthanatos | RSF| 0.79 0.604 | 0.595 | 0.571 0.640 , _ , _ N— __J
Fe Pan ferroptosis + NETosis + cuproptosis + autosis
Autophagy | LASSO + RSF| 0.758 | 063 | 0596 | 0573 0.639
. LCD + ferroptosis + pyroptosis + autosis
Entosis | RSF| 074 | 0609 | 0585 | 062 0.639
Synergistic role of NARCD pathways _ _ ) )
* Anoikis | RSF| 0.75 0579 | 0.587 | 0.565 0.620 ferroptosis + cuproptosis + pyroptosis + autosis
Predictive therapy strategies
Inaccurate prediction of CRC prognosis with Exploring the symphony of NARCD pathways: c-RCDI evaluation c-RCDI: an mdepende nt prognost|c factor
traditional clinical factors: CRC Heterogeneity Precision Medicine/Therapy
Fig. 3: Constitution and performance of the c-RCDI prognostic risk model. Fig. 4: Multivariate Cox Regression and Nomogram analysis.
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