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	  Abstract:	  	  

Here	  we	  present	  major	  improvements	  to	  Metastats	  so4ware	  and	  underlying	  staHsHcal	  methods.	  	  

1)  A	  mixed-‐model	  zero-‐inflated	  Gaussian	  distribuHon.	  
2)  A	  novel	  normalizaHon	  method.	  



ApplicaHon	  Background	  



ApplicaHon	  Background	  
DetecHon	  of	  differenHal	  abundance!	  

DefiniHon:	  	  A	  count,	  c_ij	  is	  
the	  number	  of	  reads	  
annotated	  as	  a	  parHcular	  	  
taxa	  i	  for	  the	  jth	  sample	  



Hypothesis	  

In	  pracHcal	  terms,	  the	  FDR	  is	  the	  expected	  
proporHon	  of	  false	  posiHves	  among	  all	  
significant	  hypotheses	  

H0 := µ1 − µ2 = 0

H1 := µ1 �= µ2

PH0(t /∈ Aα) ≤ α

An	  intuiHve	  correcHon	  involves	  decreasing	  the	  
p-‐value	  cutoff	  proporHonal	  to	  the	  number	  of	  
tests	  performed	  (a	  Bonferroni	  correcHon),	  
thereby	  reducing	  the	  number	  of	  false	  posiHves.	  
This	  approach,	  however,	  can	  be	  too	  
conservaHve	  when	  a	  large	  number	  of	  tests	  are	  
performed	  [21].	  
	  
An	  alternaHve	  approach	  aims	  to	  control	  the	  
false	  discovery	  rate	  (FDR),	  which	  is	  defined	  as	  
the	  proporHon	  of	  false	  posiHves	  within	  the	  set	  
of	  predicHons	  [26],	  in	  contrast	  to	  the	  false	  
posiHve	  rate	  defined	  as	  the	  proporHon	  of	  false	  
posiHves	  within	  the	  enHre	  set	  of	  tests.	  In	  this	  
context,	  the	  significance	  of	  a	  test	  is	  measured	  
by	  a	  q-‐value,	  an	  individual	  measure	  of	  the	  FDR	  
for	  each	  test.	  
	  
We	  compute	  the	  q-‐values	  using	  the	  following	  
algorithm,	  based	  on	  Storey	  and	  Tibshirani	  [21].	  
This	  method	  assumes	  that	  the	  p-‐values	  of	  truly	  
null	  tests	  are	  uniformly	  distributed,	  
assumpHon	  that	  holds	  for	  the	  methods	  used	  in	  
Metastats.	  Given	  an	  ordered	  list	  of	  p-‐values,	  p
(1)≤p(2)≤…≤p(m),	  (where	  m	  is	  the	  total	  
number	  of	  features),	  and	  a	  range	  of	  values	  λ	  =	  
0,	  0.01,	  0.02,	  …,	  0.90,	  we	  compute	  

•  Pvalues	  
–  P-‐value	  is	  the	  probability	  that	  one	  observing	  a	  test	  staHsHc	  the	  
same	  or	  more	  extreme	  than	  what	  was	  observed	  (under	  H_0)	  

–  (probability	  of	  rejecHng	  hypothesis	  when	  it’s	  true)	  
–  We	  will	  reject	  our	  null	  hypothesis	  when	  our	  p-‐value	  is	  less	  than	  
our	  significance	  level	  (alpha).	  Ie.	  significant	  
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	  A)	  Null	  hypothesis	  (H0)	  is	  true
	  	  
	  b)	  Null	  hypothesis	  (H0)	  is	  false	  

1)	  Reject	  null	  hypothesis	  
	  1A)	  Type	  I	  error	  

False	  posiHve 	  	  
	  
1b)	  Correct	  outcome	  
True	  PosiHve	  
	  
2	  )	  Fail	  to	  reject	  null	  hypothesis 	  	  
Correct	  outcome	  
True	  NegaHve 	  Type	  II	  error	  
False	  negaHve	  
	  

•  Pvalues	  
–  P-‐value	  is	  the	  probability	  that	  one	  observing	  a	  test	  staHsHc	  the	  
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False	  posiHve 	  	  
	  
1b)	  Correct	  outcome	  
True	  PosiHve	  
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Too	  slow!	  Can’t	  handle	  large	  datasets	  
•  More	  and	  more	  data	  coming	  daily!	  
•  Lots	  of	  for	  loops	  
•  Error	  

Doesn’t	  account	  for	  depth	  of	  coverage	  
	  Many	  “spurious”	  zeros	  

	  
NormalizaHon	  induces	  spurious	  correlaHons	  

	  important	  in	  Hme	  series	  analyses	  

An	  intuiHve	  correcHon	  involves	  decreasing	  the	  
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Loading	  data	  

•  New	  

•  Old	  

	  A)	  Null	  hypothesis	  (H0)	  is	  true
	  	  
	  b)	  Null	  hypothesis	  (H0)	  is	  false	  

1)	  Reject	  null	  hypothesis	  
	  1A)	  Type	  I	  error	  

False	  posiHve 	  	  
	  
1b)	  Correct	  outcome	  
True	  PosiHve	  
	  
2	  )	  Fail	  to	  reject	  null	  hypothesis 	  Correct	  
outcome	  
True	  NegaHve 	  Type	  II	  error	  
False	  negaHve	  







FIG	  B:	  
BLACK	  =	  AGE	  0	  
RED	  =	  AGE	  1	  
GREEN	  =	  AGE	  2	  
	  
FIG	  C:	  
BLACK	  =	  	  
COUNTRY	  0	  
RED	  =	  
	  COUNTRY	  1	  
GREEN	  =	  
COUNTRY	  2	  
BLUE	  =	  
	  COUNTRY	  3	  
	  
FIG	  D:	  
BLACK	  =	  CASE	  
RED	  =	  CONTROL	  





•  RaHo	  NormalizaHon:	  
– What	  are	  the	  issues	  with	  it??	  

– Spurious	  correlaHon	  [1]	  
– False	  negaHves	  [2]	  
– False	  posiHves	  [2]	  

yAj = cAj/(c1j + ...+ cAj + cBj + ...cMj)

NormalizaHon	  



NormalizaHon	  
1.  CumulaHve	  DistribuHon	  NormalizaHon	  

1.  Followed	  by	  the	  old	  method	  for	  tesHng,	  a	  	  

2.  CumulaHve	  Sum	  NormalizaHon	  
1.  Followed	  by	  EM-‐algorithm	  
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1.  Followed	  by	  the	  old	  method	  for	  tesHng,	  a	  	  

2.  CumulaHve	  Sum	  NormalizaHon	  
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NormalizaHon	  

1.  CumulaHve	  DistribuHon	  NormalizaHon	  
1.  Followed	  by	  the	  old	  method	  for	  tesHng,	  a	  	  

2.  CumulaHve	  Sum	  NormalizaHon	  
1.  Followed	  by	  EM-‐algorithm	  
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NormalizaHon	  

1.  CumulaHve	  DistribuHon	  NormalizaHon	  
1.  Followed	  by	  the	  old	  method	  for	  tesHng,	  a	  	  

2.  CumulaHve	  Sum	  NormalizaHon	  
1.  Followed	  by	  EM-‐algorithm	  
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CumulaHve	  DistribuHon	  NormalizaHon	  





ftotal(yij ; θ) = π · f0(yij) + (1− π) · f1(yij)



Approach:	  Zero-‐inflated	  Gaussian	  

•  Counts	  are	  log	  transformed	  as:	  
•  Mixture	  of	  point	  mass,	  	  	  	  	  	  	  ,	  at	  zero	  and	  a	  
count	  distribuHon	  

•  Mixture	  parameter	  	  
•  Values	  
•  Density	  is:	  
	  

yij = log2(cij + 1)

fcount(y;µ,σ
2)∼N(µ,σ2)

πj

f{0}

θ = {Sj ,β0,β1, µi,σ
2
i }

fzig(yij ; θ) = πj(Sj) · f{0}(yij)+
(1− πj(Sj)) · fcount(yij ;µi,σ

2
i )



Zero-‐inflated	  Gaussian	  

•  And	  a	  mean	  specified	  as:	  

Or	  	  

•  Where	  	  	  	  	  	  	  is	  our	  class	  label	  

E(yij |k(j)) = πj · 0 + (1− πj) · (bi0 + bi1 · k(j))

kj

E(yij |k(j)) = πj · 0 + (1− πj) · (bi0 + bi1 · k(j) + ηilog2(s95j))

yij = log2(cij + 1)



fcount(y;µ,σ
2)

πj

f{0}



Algorithm:	  
1.  Preprocess	  Data	  
2.	  	  Take	  iniHal	  guesses	  for	  the	  expected	  value	  of	  the	  latent	  
indicator	  variables.	  
–  ij	  posiHons	  with	  counts	  >	  0,	  the	  value	  is	  0,	  else	  .5	  

For	  i	  in	  1…..M:	  
	  3.	  ExpectaHon	  
	  4.	  Maximize	  
	  5.	  Calculate	  negaHve	  log-‐likelihoods	  for	  each	  feature	  

Repeat	  	  
7.	  Permute	  class	  membership	  (labels)	  
8.	  Calculate	  new	  t-‐staHsHc,	  permute	  and	  calculate	  p-‐values	  



Expecta)on-‐MaximizaHon	  
E-‐step:	  
EsHmates	  responsibiliHes,	  
	  
	  
	  
	  
as:	  

ẑij =
π̂j · I{0}(yij)

π̂j · I{0}(yij) + (1− π̂j) · fcount(yij ; θ̂ij)

zij = Pr(∆ij = 1|θ̂, yij) = E(∆ij |θ̂, yij)



•  Permute	  the	  labels	  	  	  	  	  	  	  	  	  	  
•  Compute	  

•  Divided	  by	  the	  newly	  weighted	  standard	  error.	  
•  Calculate	  	  

	  

Kj

Algorithm	  conHnued	  

pi =
{|tobi | ≥ |ti|b ∈ 1...B}

B

tobi =
b1i

(σ2
i /Σ(1− zij)).5



ValidaHon	  
•  For	  normalizaHon	  methods	  it	  was	  always	  checked	  by	  
hand	  that	  the	  proper	  normalizaHon	  was	  calculated.	  	  

•  Ensured	  that	  data	  is	  loaded	  properly,	  etc.	  

•  Next	  up	  is	  to	  compare	  non-‐zero	  matrix	  results	  with	  
another	  method,	  the	  log	  model	  fit,	  to	  ensure	  exact	  
same	  results.	  

•  Simulate	  data	  for	  known	  quanHHes	  (known	  difference,	  
small	  variance)	  and	  see	  how	  model	  reacts.	  
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Eta	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  No	  eta	  
The image cannot be displayed. Your computer may not have enough memory to open the image, or the image may have been corrupted. Restart your computer, and then open the file again. If the red x still appears, you may have to delete the image and then insert it again. The image cannot be displayed. Your computer may not have enough memory to open the image, or the image may have been corrupted. Restart your computer, and then open the file again. If 

the red x still appears, you may have to delete the image and then insert it again.



Project	  Schedule	  

•  November	  30:	  
–  Preprocessing	  data	  
–  Finish	  normalizaHon	  codes	  
–  Finished	  

•  December	  15:	  
–  ConHnue	  reading	  
–  Finish	  Zig	  model	  
– Midyear	  report	  
–  Finished	  (except	  report)	  



Project	  Schedule	  

•  Done	  up	  to	  now:	  
–  Wrote	  cleanup	  scripts	  
–  Wrote	  cumulaHve	  sum	  normalizaHon	  scripts	  
–  Wrote	  cumulaHve	  distribuHon	  normalizaHon	  script	  
–  Wrote	  EM	  algorithm	  subrouHnes	  
–  Prepared	  scripts	  to	  compare	  various	  methods	  
–  Validated	  by	  hand	  loading	  scripts	  
–  Validated	  normalizaHon	  scripts	  
–  Validated	  EM	  algorithm	  with	  non-‐zero	  matrix	  

–  Produced	  heatmaps	  of	  normalized	  data	  
–  Produced	  smoothed	  scaxerplots	  of	  the	  probabiliHes	  of	  weights	  



Project	  Schedule	  

•  To	  do:	  
–  Finish	  validaHng	  EM	  Algorithm	  
–  Check	  robustness	  of	  normalizaHon	  method	  by	  FDR	  methods	  

•  Permute	  counts	  (within	  features)	  …	  

–  Compare	  calculated	  p-‐values,	  t-‐staHsHcs,	  fold	  changes	  to:	  
•  Old	  metastats,	  log,	  log	  with	  eta	  parameter,	  Zig	  no	  eta	  parameter	  

–  TesHng	  of	  method	  with	  simulated	  data:	  
•  Compare	  to	  Kruskal-‐Wallis,	  old	  method,	  etc	  (ROC	  Curves)	  

–  TesHng	  and	  analysis	  of	  various	  datasets	  including:	  
•  GnotobioHc	  mice	  
•  Gates	  dyssentery	  data	  

–  Parallelize	  (if	  necessary)	  
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