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INTRODUCTION DATA AND FINDINGS

Head and neck squamous cancer (HNSC) constitutes about 4% of all Single-Cell Data (Puram, 2017) Bulk Data (Grossman, 2016)
cancers in the US. In general, cancer results from DNA changes that cause o 5,902 cells of 10 different cell types o 36,899 genes
uncontrolled cell division. The genes that are “expressed,” or turned on, in a o 23,686 genes o 545 patients
particular cell determine what that cell can do (Mehanna, 2010). © 18 patients o Survival information (status and days)
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We Can See that Cancer Ce”s Change Over time as they become metastatic; Flgure 3- PSQUdOtIme PIOt Of Slngle-ce" Data Flgure 4- GSEA and MSIgDB outputs eI e
similarly, fibroblasts also change over time, suggesting a correlation between Fibroblasts and cancer cells have distinct time (A) GSEA output of enriched genes (top 5 genes shown) for macrophages
fibroblasts and cancer cells. trajectories, while the other cell types remain (B) GSEA output of enriched genes (top 5 genes shown) for fibroblasts
: . : . : relatively static. C) Top 5 MSigDB gene sets that overlap with GSEA enriched genes for macrophages
GSEA identified 95 enriched genes for fibroblasts and 70 enriched genes for y (C) Top .g J P | | J | Phag
macrophages. This means that those genes are more highly expressed in (D) Top 5 MSigDB gene sets that overlap with GSEA enriched genes for fibroblasts
atients who are alive than dead in a statistically significant way. These genes
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comprise a “gene signature,” a set of genes that when taken together, can T ; : ;
. . . . These findings are important because researchers can target those Special thanks to Alborz Bejnood, Ms. Angell and the AAR program for
differentiate between how well a patient survives. . . . . . . .
signature genes with drugs or reprogram those genes to help diagnose and making this project possible.
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