A Systems Biology Approach for Biomarker Discovery in Alzheimer’s Disease

&89 HARVARD

&y MEDICAL SCHOOL

BPG"

Michael A. Kiebish?!, Gregory M. Miller!, Sudeshna Das?, Rangaprasad Sarangarajan?!, Punit Shah?, Valerie Bussberg!, Bennett Greenwood?, Paula. P. Narain?, Steven E. Arnold?, Bradley Hyman?, Niven R. Narain?
1BPGbio, Framingham, MA, USA, 2Harvard Medical School, Boston, MA, USA

Using Multi-omics and Bayesian Artificial Intelligence

ABSTRACT I1l. ANALYSIS WORKFLOW V. BIOMARKERS

Table 3. Final biomarkers identified by analysis.
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