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Poisson Factorization Model

e Clinical factors [,

* Genetic factors 7y A_AA_JL_L
Zpg ~ Poisson (¢ppng + 0,1,
Ypg ~ Poisson(¢p 8, + 0,0;)

others ~ Gamma(a, b)

P x L

° captures interesting structure

e f explains away confounders




Some Results

pelvic 0.033652 prostate 0.119886 colon 0.061547
ovarian 0.031157 psa 0.062841 folfox 0.032459
vaginal 0.022970 gleason 0.030116 woman 0.021636
endometria 0.022705 prostatectomy 0.018958 vemurafenib 0.017319
woman 0.019036 adenocarcinoma  0.017361 appreciated 0.014151
recurrent 0.017424 androgen 0.012359 cea 0.013780
absent 0.016078 protocol 0.011871 folfiri 0.013745
ca 0.015917 lupron 0.011870 braf 0.013290
female 0.014931 urinary 0.011405 involving 0.011781
surgically 0.013436 radical 0.011151 bevacizumab A 0.010973
hV4 N N
TP53 0.026025 SPOP 0.015479 APC 0.034585
KRAS 0.023327 FOXA1 0.014104 KRAS 0.032768
ARID1A 0.017346 SPEN 0.012706 TP53 0.025132
PPP2R1A 0.013243 MLL3 0.012247 BRAF 0.023445
PIK3CA 0.011006 AR 0.012224 SMAD4 0.014745
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