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The	  discreet	  charm	  of	  CSAMA	  listeners	  

So	  far	  four	  audience	  members	  have	  tapped	  me	  on	  the	  shoulder	  to	  help	  me	  	  
understand	  fly	  chromosome	  structure	  …	  glad	  to	  have	  your	  support!	  



3	  x	  15’	  

•  eQTL:	  sensi2vity	  analysis,	  removal	  of	  
extraneous	  varia2on	  

•  dsQTL:	  gene2cs	  of	  chroma2n	  accessibility	  –	  
unraveling	  eQTL	  mechanism?	  

•  CCLE:	  reproducing	  an	  applica2on	  of	  elas2cnet	  
(combining	  lasso	  and	  ridge	  regression)	  to	  
tumor	  chemosensi2vity	  





Opportuni2es	  for	  greedy	  tuning	  of	  	  
cis-‐eQTL	  search	  









Upshots	  

•  eQTLs	  are,	  in	  principle,	  iden2fiable	  by	  simple	  
linear	  modeling	  of	  rela2onship	  between	  
average	  expression	  and	  SNP	  genotype	  

•  There	  is	  specificity	  to	  2ssues,	  …	  
•  Works	  of	  Stegle,	  Storey,	  Leek	  et	  al.	  indicate	  
that	  removal	  of	  PCs	  and	  allied	  factors	  from	  
expression	  array	  archives	  is	  important	  for	  
improving	  sensi2vity	  of	  eQTL	  detec2on	  



dsQTL	  iden2fica2on	  







Different	  approaches	  to	  dsQTL	  data	  
representa2on	  

•  Chicago/GEO	  
–  Filtered	  and	  normalized	  DHS	  assay	  results	  in	  70	  bed	  
files,	  indexed	  to	  hg18:	  1.4GB	  gzipped	  on	  GEO,	  
metadata	  not	  directly	  bound	  

–  Imputed	  genotype	  data	  harbored	  separately	  as	  name,	  
loc,	  alleles,	  expected	  B	  allele	  count	  per	  indiv/SNP:	  
chr1	  =	  .3GB	  gzipped,	  5	  text	  bytes/SNP	  

•  Bioconductor	  (dsQTLtools,	  not	  posted	  yet)	  
–  .8GB	  compressed	  SummarizedExperiment for	  
DHS	  plus	  .08GB	  for	  4	  million	  imputed	  genotypes	  



SummarizedExperiment	  instance	  
> DHStop5_hg19 
class: SummarizedExperiment  
dim: 1465442 70  
exptData(2): MIAME annotation 
assays(1): scores 
rownames(1465442): dhs_chr1_10402 dhs_chr1_10502 ... 

dhs_chr22_51228236 dhs_chr22_51234736 
rowData metadata column names(0): 
colnames(70): NA18486 NA18498 ... NA19239 NA19257 
colData names(9): naid one ... male isFounder 

> assays(DHStop5_hg19)$scores[1:5,1:3] 
                  NA18486    NA18498    NA18499 
dhs_chr1_10402 -0.8932210 -0.3633581 -0.4540041 
dhs_chr1_10502 -0.1523477 -0.1704101 -1.0598971 
dhs_chr1_13239  0.4360728 -0.1159094  1.2505193 
dhs_chr1_13939 -0.5259945 -0.8212344  0.1145535 
dhs_chr1_16039 -0.9991160  0.2092481  0.3199874 



> s1 = dsqNearGene(“SLFN5”)  
> s1 
dsqLook instance for SLFN5 w/ radius 1000. 
best DHS site: dhs_chr17_33571489. 
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Annota2onHub	  for	  DnaseI	  peaks	  



Current	  metadata	  



Upshots	  

•  Representa2on	  of	  DnaseI	  HS	  can	  take	  various	  
forms	  at	  various	  scales,	  tracks	  are	  nice	  but	  
archive	  is	  complicated	  

•  DS-‐seq	  archive	  very	  substan2al	  even	  as	  
filtered,	  but	  a	  SummarizedExperiment	  
container	  can	  manage	  it	  

•  Searching	  for	  dsQTL	  with	  substan2al	  
parallelism	  and	  small	  RAM	  footprint:	  Mar2n	  
and	  Val’s	  Streamer,	  scanVCF	  



Some	  machine	  learning	  with	  CCLE	  













Comments	  

•  Qualita2ve	  effects	  of	  tuning	  the	  elas2c	  net	  vs.	  
lasso	  …	  organize	  with	  CV	  …	  performance	  of	  a	  
single	  fit	  not	  so	  great	  

•  Please	  consider	  models	  beyond	  “main	  effects”	  
–	  randomForests	  is	  a	  black-‐box	  approach	  that	  
accommodates	  one	  approach	  to	  variable	  
interac2on	  

•  What	  about	  batch	  effects?	  	  Has	  the	  published	  
expression	  data	  been	  properly	  adjusted?	  





Quiz	  

•  How	  should	  we	  organize	  data	  from	  integra2ve	  
experiments	  (expression,	  CNV,	  genotype,	  drug	  
sensi2vity)?	  

•  Ordering	  genes	  measured	  across	  tumor	  types	  
with	  respect	  to	  associa2on	  between	  expression	  
and	  drug	  sensi2vity:	  what	  methods	  are	  
preferred?	  	  Can	  we	  dis2nguish	  sensi2ve	  from	  
insensi2ve	  tumor	  types?	  

•  How	  to	  test	  whether	  a	  given	  muta2on	  
dis2nguishes	  sensi2vi2es	  within	  a	  tumor	  class?	  


