Individualized treatment risk stratification using histopathology-based genomics prediction @SYLVESTER MYELOMA

COMPREHENSIVE CANCER CENTER

In multiple myeloma: A multicenter study in 1429 participants onversrvor mamireamsvsiew | INSTITUTE

Arjun Raj Rajanna’, Jorge Arturo Hurtado Martinez?, Michael Durante’, David Coffey’, Dickran Kazandjian®, Brian Walker', Benjamin Diamond’, Bahar Fard', James Hoffman?, Marcella Kaddoura®, Abhishek Pandey’, Emilia Mason’, Stephanie Fernandes’, Michelle
Armogan’, Alexander Pentakalos’, Vishw Patel®, Maria Pascual?, Dan Qu’, Felipe Flores Quiroz?, Jennifer Ahlstrom?, Mason Barnes?, Samuel Bennion?, Laura Priscila Ochoa Loza?, Ana Echenique Alcazar?, Patricia Alejandra Flores Pérez?, Magaly Valeria Escobedo
Cruz?, Eduardo Franco Hernandez?, Andrea Isabel Robles Espinoza?, Karla Franco?, Pamela Hugues?, Danielle Smith?, Nor Soleha Mohd Dali*, Daniel Bilbao?, Yi Zhou?, Jennifer Chapman?, Jay Hydren?, and Ola Landgren’ w

Designated
'Sylvester Myeloma Insititute, Sylvester Comprehensive Cancer Center, Miami, FL, United States; ?HealthTree Foundation, South Jordan, United States; *Upstate Cancer Center, SUNY Upstate Medical University, Syracuse, NY, United States; *Cancer Research Cancer Center

Center, Institute for Medical Research, National Institutes of Health, Ministry of Health, Setia Alam, Selangor, Malaysia

INTRODUCTION

RES U LTS Figure 3: TRCs showed significant survival differences (OS p<0.01,

PFS p<0.05). Non-ASCT patients (TRC1) demonstrated superior OS
benefit (47.5 mo vs 32.2 mo) despite ASCT patients (TRC2) showing
better PFS outcomes (28.9 mo vs 26 mo). High-risk clusters
(TRC4/TRC5) showed poor responses to intensification with rapid
progression.

_ _ . Figure 1: CORAL-histomorph establishes histopathology-based
* Multiple myeloma (MM) genomic profiling by molecular classification bridging tissue architecture with genomic

NGS/FISH is time-consuming and complexity.

resource-intensive, limiting universal access to
molecular-guided treatment decisions.
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AI M S Figure 2: The histopathology image features provide risk stratification
with significant p-values based on double hits and IMWG? criteria
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