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•  What	  about	  func8onal	  annota8on?	  
•  Proteins	  

•  What	  are	  networks	  and	  why	  are	  they	  important	  in	  biology?	  
•  Biological	  Pathways	  

•  Why	  do	  we	  care	  about	  gene8c	  variants	  in	  the	  context	  of	  
networks	  and	  pathways?	  

•  What	  are	  tools	  and	  approaches	  for	  exploring	  these?	  

Outline	  



Why	  Important	  
•  Protein	  func8on	  predic8on	  
•  These	  methods	  are	  important	  for	  iden8fying	  more	  
informa8on	  about	  protein	  coding	  regions	  

•  This	  informa8on	  can	  be	  leveraged	  for	  understanding	  more	  
about	  the	  effect	  of	  individual	  SNVs	  on	  proteins	  
•  Databases	  and	  tools	  that	  combine	  protein	  informa8on	  with	  the	  
poten8al	  impact	  of	  gene8c	  varia8on	  on	  proteins	  



Homology	  Based	  Tools	  
•  Iden8fy	  what	  a	  protein	  will	  do	  from	  a	  poten8al	  protein	  
sequence	  

•  Sequence	  similarity	  commonly	  done	  with	  soHware	  like	  BLAST	  
•  Aligning	  a	  pair	  of	  sequences	  

•  P-‐fam	  can	  be	  used	  	  
•  Database	  of	  conserved	  protein	  domain	  families	  to	  annotate	  and	  
classify	  proteins	  

•  Mul8ple	  sequence	  alignments	  and	  protein	  3-‐D	  structures	  can	  
be	  combined	  for	  analyses	  



Non-‐Homology	  Based	  Tools	  
•  We	  know	  many	  more	  protein	  sequences	  than	  protein	  three-‐
dimensional	  structures	  
•  Sequencing	  data	  iden8fying	  coding	  regions	  at	  a	  fast	  rate	  
•  40%	  of	  known	  human	  genes	  don’t	  have	  func8onal	  classifica8on	  
by	  sequence	  similarity	  

•  CHALLENGE	  
•  The	  homology	  based	  approach	  is	  not	  always	  possible	  

•  Many	  proteins	  contain	  enough	  informa8on	  in	  their	  amino	  acid	  
sequence	  to	  determine	  their	  three-‐dimensional	  structure	  
•  Non-‐homology	  based	  tools	  



Non-‐Homology	  Based	  Tools	  
•  Evolu8onary	  Couplings	  
•  Evfold.org	  	  
•  Hundreds	  of	  sequences	  are	  needed	  to	  derive	  
plausible	  causa8ve	  evolu8onary	  couplings	  
•  Primary	  limita8on	  

Protein	  structure	  predic8on	  from	  sequence	  varia8on	  
Nature	  Biotechnology	  30,	  1072–1080	  (2012)	  



Novel	  Missense	  Variants	  
•  I	  have	  SNPs	  or	  SNVS	  	  

•  Perhaps	  sequencing	  data	  or	  whole-‐exome,	  or	  genotype	  array	  
data	  

•  Non-‐synonymous	  protein	  coding	  SNVs	  may	  have	  the	  greatest	  
impact	  on	  phenotypic	  varia8on	  
•  Excess	  of	  rare	  alleles	  among	  those	  predicted	  to	  be	  func8onal	  for	  
proteins	  

•  So	  for	  my	  SNPs	  or	  SNVs	  
•  	  How	  can	  I	  iden8fy	  if	  they	  will	  have	  an	  impact	  on	  a	  protein?	  



Novel	  Missense	  Variants	  
	  
•  Why	  would	  I	  do	  try	  these?	  

•  Protein	  informa8on	  can	  be	  used	  to	  priori8ze	  study	  of	  specific	  SNPs/
SNVs	  

•  Can	  help	  iden8fy	  key	  SNPs	  or	  SNVs	  for	  further	  study	  aHer	  iden8fying	  
them	  in	  associa8on	  tes8ng	  
•  How	  to	  sort	  through	  hundreds	  of	  results	  

•  Iden8fica8on	  of	  genes	  that	  can	  then	  be	  migrated	  to	  gene	  based	  
tes8ng	  

•  Easier	  transla8on	  to	  molecular/cellular	  assay	  



There	  are	  many	  tools….	  



PolyPhen	  
•  Polymorphism	  Phenotyping	  (PolyPhen)	  
•  Predicts	  possible	  impact	  of	  an	  amino	  acid	  subs8tu8on	  on	  the	  
structure	  and	  func8on	  of	  a	  human	  protein	  

•  h`p://gene8cs.bwh.harvard.edu/pph2/	  



PolyPhen	  
•  Probabalis8c	  classifier	  
•  Predic8on	  is	  based	  on	  a	  number	  of	  sequence,	  phylogene8c,	  
and	  structural	  features	  characterizing	  the	  subs8tu8on	  	  
•  Maps	  coding	  SNPs	  to	  gene	  transcripts	  
•  Extracts	  protein	  sequence	  annota8ons	  and	  structural	  a`ributes	  
•  Builds	  conserva8on	  profiles	  
•  Then	  es8mates	  the	  probability	  of	  the	  missense	  muta8on	  being	  
damaging	  based	  on	  a	  combina8on	  of	  all	  these	  proper8es	  



PolyPhen	  
•  Can	  use	  the	  web	  interface	  

•  Provide	  protein	  iden8fier	  (UniProtKB	  assession	  number	  of	  entry	  
name)	  

•  Enter	  posi8on	  of	  the	  subs8tu8on	  in	  the	  protein	  sequence	  into	  the	  
posi8on	  text	  box	  

•  Indicate	  reference	  amino	  acid	  residue,	  and	  the	  subs8tu8on	  
residue	  

•  Can	  also	  analyze	  large	  datasets	  of	  single	  nucleo8de	  changes	  using	  
batch	  mode	  

•  Get	  a	  web	  page	  with	  download	  op8ons	  aHer	  the	  batch	  runs	  
•  Also	  command	  line	  capability	  



PolyPhen	  
•  Web	  interface	  

•  Heatmap	  color	  bar	  with	  the	  black	  indicator	  illustra8ng	  the	  
strength	  of	  the	  puta8ve	  damaging	  effect	  for	  the	  variant	  

Predicting Effect
of Missense

Mutations Using
PolyPhen-2
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Figure 7.20.2 Detailed results of the PolyPhen-2 analysis for single variant query. This format is used for
all PolyPhen-2 query reports except the Batch Query. The top Query section includes UniProtKB/Swiss-Prot
description of query protein, if it was recognized as a known database entry. The large “heatmap” color
bar with the black indicator mark dominates the display, illustrating the strength of the putative damaging
effect for the variant, assessed using the default HumDiv-trained predictor. Clicking on the [+] control boxes
expands the Prediction/Confidence panel for the HumDiv-trained predictor, as well as additional panels with
protein multiple sequence alignment and 3D-structure viewers. For the color version of this figure, go to
http://www.currentprotocols.com/protocol/hg0720.

8. By default, only the prediction based on the HumDiv model is shown; click on the
[+] control box next to the HumVar label to display the HumVar-based prediction
and scores.

For explanation of the differences between the HumDiv and HumVar classification models,
see Background Information, Prediction Algorithm.

9. Click on the [+] control box next to “Multiple sequence alignment” to display the
multiple sequence alignment panel; see Figure 7.20.3.

This panel displays a multiple sequence alignment for 75 amino acid residues surrounding
your variant’s position in the query sequence. Click the link at the bottom of the panel
to open an interactive alignment viewer (Jalview, http://www.jalview.org/) (Waterhouse
et al., 2009) to scroll through the complete alignment.

10. Click on the [+] control box next to 3-D Visualization to display the interac-
tive 3-D protein structure viewer applet (Jmol, http://jmol.sourceforge.net/); see
Figure 7.20.3.

Most of the 3-D protein structure viewer controls are self-explanatory; visit the Jmol Web
site for a complete user guide.

Example 2: Query a variant within user-submitted protein sequence
11. Leave the “Protein or SNP identifier” text box empty.



PolyPhen	  
•  Web	  interface	  

•  Mul8ple	  sequence	  alignment	  and	  black	  box	  around	  variant	  
•  3D	  protein	  structure	  with	  variant	  loca8on	  marked	  in	  red	  

•  Interac8ve	  

Searching for
Mutations
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Figure 7.20.3 Detailed results of the PolyPhen-2 analysis for a single variant query with the multiple sequence
alignment and 3-D-structure protein viewer panels expanded the multiple sequence alignment panel displays a fixed
75-residue wide window surrounding the variant’s position (the column indicated by black frame), with the alignment
colored using the ClustalX (Thompson et al., 1997) scheme for all columns above 50% conservation threshold. Clicking
on the link at the bottom of the alignment panel opens the Jalview (Waterhouse et al., 2009) alignment viewer applet with
the complete multiple alignment loaded. Displayed below is a 3-D-structure viewer applet (Jmol; http://www.jmol.org/)
with the protein structure loaded and zoomed into the mutation residue using the Zoom into mutation button. The
structure viewer window is fully interactive, and the protein structure can be rotated, moved, or zoomed in and out.

12. In the “Protein sequence in FASTA format” text box, type or copy and paste your
protein sequence in FASTA format, including the FASTA definition line with the
protein identifiers:

>gi|5032133|ref|NP 005792.1| eukaryotic trans...
MSAIQNLHSFDPFADASKGDDLLPAGTEDYIHIRIQQRNGRKTLTTVQGIA
DDYDKKKLVKAFKKKFACNGTVIEHPEYGEVIQLQGDQRKNICQFLVEIGL
AKDDQLKVHGF

It is important to include the FASTA definition line (as the first line starting with the “>”
symbol); failure to do so will result in a fatal query processing error. However, you can
use the simplest form of the definition line for your sequences:



VEP	  
•  Variant	  Effect	  Predictor	  (VEP)	  
•  Determines	  effect	  of	  SNPs,	  inser8ons,	  dele8ons,	  CNVs,	  or	  
structural	  variants	  on	  
•  Genes,	  transcripts,	  protein	  sequences,	  and	  regulatory	  regions	  

•  Input	  coordinates	  of	  variants	  and	  nucleo8de	  changes	  to	  find	  
•  Genes	  affected	  by	  the	  variants	  
•  Loca8on	  of	  the	  variants	  

•  Upstream	  of	  the	  transcript	  
•  In	  a	  coding	  sequence	  
•  In	  non-‐coding	  RNA	  
•  In	  regulatory	  regions	  
•  Exons,	  introns	  
•  PolyPhen	  predic8ons	  

•  Consequence	  of	  your	  variants	  
•  Stop	  gained,	  missense,	  stop	  lost,	  frame	  shiH	  

Some8mes	  Analysis	  
Sources	  and	  Databases	  
are	  Like	  This:	  



VEP	  
•  Find	  co-‐located	  known	  variants	  

•  Report	  known	  variants	  from	  the	  Ensembl	  Varia8on	  database	  
•  Report	  of	  minor	  allele	  frequency	  data	  from	  the	  1000	  Genomes	  
data	  and	  NHLBI-‐ESP	  



VEP	  
•  Web	  interface	  that	  suits	  small	  
volumes	  of	  data	  

•  User-‐friendly	  command	  line	  for	  
Unix,	  Linux	  



SIFT	  
•  Sor8ng	  Intolerant	  from	  Tolerant	  	  (SIFT)	  
•  h`p://siH.jcvi.org/	  
•  SIFT	  predic8on	  is	  based	  on	  the	  degree	  of	  conserva8on	  of	  
amino	  acid	  residues	  in	  sequence	  alignments	  derived	  from	  
closely	  related	  sequences,	  collected	  through	  PSI-‐BLAST	  



SnpEff	  
•  SNPEff:	  Gene8c	  variant	  annota8on	  and	  effect	  predic8on	  
toolbox	  
•  Annotates	  and	  predicts	  the	  effects	  of	  variants	  on	  genes	  (such	  as	  
amino	  acid	  changes)	  

•  SnpEff	  is	  really	  fast:	  calculated	  predic8ons	  for	  all	  the	  SNPs	  in	  the	  
1000	  Genomes	  project	  in	  less	  than	  15	  minutes	  

•  h`p://snpeff.sourceforge.net/	  
•  Also	  has	  SnpSiH	  

•  Once	  you	  annotated	  your	  files	  using	  SnpEff,	  you	  can	  use	  SnpSiH	  
to	  help	  you	  filter	  large	  genomic	  datasets	  in	  various	  ways	  



SnpEff	  
•  SNPEff:	  Gene8c	  variant	  annota8on	  and	  effect	  predic8on	  
toolbox	  
•  Speed—the	  ability	  to	  make	  thousands	  of	  predic8ons	  per	  second	  
•  Flexibility—the	  ability	  to	  add	  custom	  genomes	  and	  annota8on	  
•  Can	  integrate	  with	  Galaxy,	  an	  open	  access	  and	  web-‐based	  
plajorm	  for	  computa8onal	  bioinforma8c	  research	  

•  Compa8bility	  with	  mul8ple	  species	  and	  mul8ple	  codon	  usage	  
tables	  (including	  mitochondrial	  genomes)	  

•  Integra8on	  with	  the	  Genome	  Analysis	  Toolkit	  (GATK)	  
•  Ability	  to	  perform	  non-‐coding	  annota8ons	  
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conservation is not maintained beyond the Drosophila genus 
(this class is likely a novel gene that arose in the Drosophila 
genus); and Category 4, including seven genes, with the novel 
C-terminal regions conserved among other Drosophila spe-
cies but not beyond the Drosophila genus. In this category, the 
N-terminus is conserved beyond the Drosophila genus (this class 
probably has a C-terminal domain with a modulatory role in the 
Drosophila genus but not beyond the genus).

An example of an essential protein-coding gene in Category 
4, where the novel C-terminus is not conserved outside the 
Drosophila genus, is oceliless (oc), also known as orthodenticle 
(otd) (Fig. 3). The oc/otd gene has two in-frame stop-gained 
SNPs in w1118; iso-2; iso-3. The oc/otd gene is a Hox-family 

amino acids might not affect the essential function of the pro-
tein but they might exert modulatory effects. If the additional 
C-terminal amino acids are conserved in multiple Drosophila 
species, then their loss might adversely affect the function of the 
protein. Therefore, in Table 7, we further classify the stop-gained 
and stop-lost SNPs into four categories: Category 1, includ-
ing 23 genes, with both the N-terminal and novel C-terminal 
regions conserved among Drosophila species and other organ-
isms; Category 2, including only one gene, with the entire gene 
sequence not conserved even among other Drosophila species; 
Category 3, with two genes, with the novel C-termini not con-
served among other Drosophila species. In this category, the 
N-termini are conserved among Drosophila species, but this 

Table 4. Information provided by SnpEff in variant call format (VCF)

Sub-field Notes

Effect Effect of this variant. See details below

Codon_Change Codon change: old_codon/new_codon

Amino_Acid_change Amino acid change: old_AA/new_AA

Warnings Any warnings or errors

Gene_name Gene name

Gene_BioType BioType, as reported by ENSEMBL

Coding [CODING | NON_CODING]. If information reported by ENSEMBL (e.g., has ‘protein_id’ information in GTF file)

Trancript Transcript ID (usually ENSEMBL)

Exon Exon ID (usually ENSEMBL)

Warnings Any warnings or errors (not shown if empty)

The information is added to the INFO fields using an tag ‘EFF’. The format for each effect is “Effect (Effect_Impact | Codon_Change | Amino_Acid_
change | Gene_Name | Gene_BioType | Coding | Transcript | Exon [ | ERRORS | WARNINGS ])”.

Figure 1. Classi!cation of SNPs in w1118; iso-2; iso-3. The number of NSPs in each class is shown above the bar. The quality score was arbitrarily set at 70 
and above for this graph.



SnpEff	  
•  SNPEff:	  Gene8c	  variant	  annota8on	  and	  effect	  predic8on	  
toolbox	  
•  More	  genome	  versions	  
•  Open	  source	  for	  any	  user	  
•  Supports	  VCF	  files	  

 2012 Landes Bioscience.
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SnpEff	  
•  SNPEff:	  Gene8c	  variant	  annota8on	  and	  effect	  predic8on	  
toolbox	  
•  Similar	  in	  many	  ways	  to	  ANNOVAR	  and	  VAAST	  

•  h`p://www.openbioinforma8cs.org/annovar/	  
•  h`p://www.yandell-‐lab.org/soHware/vaast.html	  



VAT	  
•  h`p://varian`ools.sourceforge.net/Associa8on/HomePage	  
•  Variant	  Associa8on	  Tools	  
•  Large	  collec8on	  of	  u8li8es	  devoted	  to	  data	  explora8on,	  
quality	  control	  and	  associa8on	  analysis	  of	  rare/common	  single	  
nucleo8de	  variants	  and	  indels	  



STRING	  
•  h`p://string-‐db.org/	  
•  A	  database	  of	  known	  and	  predicted	  protein	  interac8ons	  
•  The	  interac8ons	  include	  direct	  (physical)	  and	  indirect	  
(func8onal)	  associa8ons	  

•  Can	  search	  by	  protein	  name,	  or	  protein	  sequence	  



MAKER	  
•  MAKER	  	  

•  h`p://www.yandell-‐lab.org/soHware/maker.html	  
•  Purpose	  is	  to	  allow	  smaller	  eukaryo8c	  and	  prokaryo8c	  genome	  
projects	  to	  independently	  annotate	  their	  genomes	  and	  to	  
create	  genome	  databases	  

•  Iden8fies	  repeats,	  aligns	  con8gs	  and	  proteins	  to	  a	  genome,	  
produces	  gene	  predic8ons	  and	  automa8cally	  synthesizes	  these	  
data	  into	  gene	  annota8ons	  having	  evidence-‐based	  quality	  
values	  



Which	  One	  Do	  I	  Choose?	  
•  It	  is	  a	  challenge	  

•  Variety	  of	  similar	  and	  also	  different	  informa8on	  
•  Different	  approaches	  for	  es8ma8ng	  effect	  on	  proteins	  
•  It	  does	  become	  a	  ma`er	  of	  opinion	  and	  specific	  needs	  of	  a	  given	  
project	  

•  The	  good	  news	  is	  that	  work	  is	  in	  progress	  to	  unify	  mul8ple	  
sources	  so	  you	  can	  gather	  informa8on	  from	  mul8ple	  sources	  

•  Don’t	  forget	  growing	  repositories	  of	  other	  kinds	  of	  func4onal	  
data:	  

•  ENCODE/GENCODE	  
•  Haploreg	  
•  RegulomeDB	  
•  SCAN	  database	  



Which	  One	  Do	  I	  Choose?	  

Growing	  sources	  of	  
comparisons	  of	  methods,	  
before	  using	  these,	  explore	  
what	  current	  comparisons	  
have	  been	  made	  



Networks	  
•  Biological	  data	  is	  inherently	  connected	  

•  Networks:	  connec8ng	  subunits	  by	  informa8on	  	  
•  Dynamic	  networks	  exist	  between	  gene8c	  architecture,	  signaling	  
pathways,	  intermediate	  phenotypes,	  and	  outcome	  traits	  	  

•  Already	  discussed	  the	  complicated	  interac8ons	  at	  the	  
transcrip8on	  level	  

•  At	  the	  transla8onal	  level	  there	  are	  complex	  interac8ons	  
•  Proteins	  interact	  with	  each	  other	  
•  Signaling	  cascades	  
•  Temporal	  responses	  to	  s8muli	  



•  Molecules	  interac8ng	  that	  result	  in	  changes	  within	  a	  cell	  
•  Metabolic	  pathways	  

•  Substrates	  being	  modified,	  usually	  by	  enzymes,	  to	  form	  another	  product	  
•  Breakdown	  of	  fuel	  into	  ATP	  

•  Gene	  regula8on	  pathways	  
•  Turning	  genes	  on	  and	  off	  

•  Signal	  transduc8on	  pathways	  
•  Cell	  exterior	  signals	  to	  interior	  of	  cells	  
•  Binding	  of	  growth	  factors	  to	  cell	  surface	  receptors	  

•  Cascades	  of	  behaviors	  that	  follow	  
•  Inflammatory	  response	  

•  Cellular	  responses	  
•  Hormones	  and	  the	  endocrine	  signaling	  system	  

•  Important	  to	  remember	  feedback	  here	  
•  Most	  pathways	  don’t	  just	  end	  at	  some	  point	  but	  are	  connected	  to	  
something	  else	  

•  What	  are	  some	  ways	  to	  explore	  these	  networks/pathways	  if	  I	  
have	  a	  gene	  or	  genes	  of	  interest?	  

Biological	  Pathways	  



•  Example	  sources	  of	  pathway	  informa8on	  
•  KEGG:	  Kyoto	  Encyclopedia	  of	  Genes	  and	  Gene	  Interac8ons	  

•  h`p://www.genome.jp/kegg/	  

•  KEGG	  consists	  of	  the	  seventeen	  main	  databases,	  broadly	  categorized	  
into	  	  
•  Systems	  informa8on	  
•  Genomic	  informa8on	  
•  Chemical	  informa8on	  
•  Health	  informa8on	  

Biological	  Pathways	  



•  Example	  sources	  of	  pathway	  informa8on	  
•  KEGG:	  Kyoto	  Encyclopedia	  of	  Genes	  and	  Gene	  Interac8ons	  

•  h`p://www.genome.jp/kegg/	  

•  Visualiza8on	  of	  connec8ons	  between	  data	  
•  The	  global	  metabolic	  gene	  network	  covers	  about	  1100	  genes	  involved	  in	  

approximately	  15	  000	  unique	  pairwise	  interac8ons	  
•  Biological	  pathway	  molecular	  interac8ons	  and	  reac8ons,	  but	  also	  other	  

other	  biological	  rela8onships	  
•  One	  at	  a	  8me	  gene	  search	  
•  The	  pathways	  in	  KEGG	  are	  manually	  drawn	  and	  derived	  from	  textbooks,	  

literature	  and	  expert	  knowledge	  

Biological	  Pathways	  



•  MetaCyc:	  h`p://metacyc.org/	  
•  MetaCyc	  is	  a	  curated	  database	  of	  experimentally	  elucidated	  
metabolic	  pathways	  from	  all	  domains	  of	  life	  
•  	  MetaCyc	  contains	  2260	  pathways	  from	  2600	  different	  organisms	  
•  Superpathways	  of	  combined	  informa8on	  

Biological	  Pathways	  



•  Example	  sources	  of	  pathway	  informa8on	  
•  Reactome	  

•  h`p://www.reactome.org/	  

•  Li`le	  more	  user	  friendly	  than	  KEGG	  (can	  search	  mul8ple	  genes)	  
•  Free,	  open-‐source,	  curated	  and	  peer	  reviewed	  pathway	  database	  
•  Pathways	  and	  reac8ons	  (pathway	  steps)	  in	  human	  biology	  
•  3700	  proteins	  (including	  proteins	  from	  non-‐human	  species	  that	  
interact	  with	  human	  proteins)	  involved	  in	  approximately	  83	  000	  
unique	  pairwise	  interac8ons	  	  

•  Easy	  to	  search	  on	  list	  of	  genes	  

Biological	  Pathways	  



•  Example	  sources	  of	  pathway	  informa8on	  
•  Pathway	  Commons	  
•  h`p://www.pathwaycommons.org/about/	  
•  Can	  provide	  gene	  list	  to	  see	  connec8ons	  

Biological	  Pathways	  



•  Example	  sources	  of	  pathway	  informa8on	  
•  Wikipathways	  
•  h`p://en.wikipedia.org/wiki/WikiPathways	  
•  Ar8cles	  each	  devoted	  to	  a	  different	  biological	  pathway	  

•  Peer	  review	  the	  responsibility	  of	  the	  user	  commi`ee	  

Biological	  Pathways	  



•  Example	  sources	  of	  pathway	  informa8on	  
•  Gene	  Ontology	  
•  h`p://geneontology.org	  
•  A	  collabora8ve	  effort	  to	  address	  the	  need	  for	  consistent	  descrip8ons	  
of	  gene	  products	  across	  databases	  
•  Three	  structured,	  controlled	  vocabularies	  (ontologies)	  describing	  gene	  

products	  in	  terms	  of	  	  
•  Associated	  biological	  processes	  
•  Cellular	  components	  
•  Molecular	  func8ons	  	  
•  All	  in	  a	  species-‐independent	  manner	  

•  These	  concepts	  have	  been	  used	  to	  "annotate"	  gene	  func8ons	  based	  
on	  experiments	  reported	  in	  over	  100,000	  peer-‐reviewed	  scien8fic	  
papers	  

•  Another	  way	  to	  think	  about	  how	  your	  gene	  of	  interest	  relates	  to	  
other	  genes	  via	  biological	  processes	  

Biological	  Pathways	  



•  Why	  do	  I	  care	  about	  network/pathway	  context	  for	  my	  SNPs	  or	  
SNVs?	  
•  If	  you	  have	  found	  a	  series	  of	  SNPs	  associated	  with	  an	  outcome,	  
such	  as	  mul8ple	  sclerosis	  

•  You	  can	  iden8fy	  genes	  those	  SNPs	  are	  in,	  near,	  or	  have	  a	  rela8onship	  
to	  

•  Do	  you	  see	  all	  of	  these	  genes	  have	  protein	  products	  that	  interact	  in	  a	  
biologically	  func8onal	  way?	  

Networks/Pathways	  

Red/Yellow	  
Significantly	  Associated	  



Networks/Pathways	  

Analysing	  biological	  pathways	  in	  genome-‐wide	  associa8on	  studies	  
Nature	  Reviews	  Gene8cs	  11,	  843-‐854	  (December	  2010)	  

	  

Crohn’s	  Disease	  
GWAS	  SNPs	  



•  Why	  do	  I	  care	  about	  network/pathway	  context	  for	  my	  SNPs	  or	  
SNVs?	  
•  What	  if	  I	  have	  a	  series	  of	  gene8c	  variants	  and	  	  

•  They	  are	  so	  low	  frequency	  I	  can’t	  evaluate	  them	  one	  at	  a	  8me?	  
•  Across	  cases/controls	  individually	  there	  is	  not	  a	  consistent	  pa`ern	  

•  No	  single	  gene8c	  variant	  seems	  to	  be	  a	  “smoking	  gun”	  

•  Similarly:	  what	  if	  this	  disease	  seems	  to	  have	  different	  muta8onal	  
contribu8ons	  across	  mul8ple	  people?	  	  
•  Different	  muta8ons	  leading	  to	  the	  same	  type	  of	  cancer	  

Networks/Pathways	  



•  Why	  do	  I	  care	  about	  network/pathway	  context	  for	  my	  SNPs	  or	  
SNVs?	  
•  Evalua8ng	  gene8c	  varia8on	  across	  a	  network/pathway	  can	  
provide	  a	  clear	  pa`ern	  

•  Significant	  associa8on	  for	  binned	  gene8c	  variants	  at	  low	  frequency	  
•  Signals	  that	  are	  consistent	  for	  cases	  or	  controls	  when	  evalua8ng	  
gene8c	  varia8on	  across	  a	  specific	  pathway	  
•  Reduc8on	  of	  heterogeneity	  

•  Different	  muta8ons	  but	  they	  all	  affect	  small	  number	  of	  specific	  
pathways	  
•  Drug	  targets	  (“block	  the	  door	  to	  the	  building”)	  

Networks/Pathways	  



•  For	  GWAS	  data	  
•  Basically	  divided	  into	  two	  
methods	  
•  Providing	  SNP	  p-‐values	  
•  Providing	  SNP	  genotypes	  
•  	  There	  are	  many	  methods	  

•  So	  going	  over	  a	  few	  characteris8cs	  
and	  rules	  of	  thumb	  

•  Have	  to	  carefully	  evaluate	  each	  
method	  individually	  before	  use	  

Analysing	  biological	  pathways	  in	  genome-‐wide	  associa8on	  studies	  
Nature	  Reviews	  Gene8cs	  11,	  843-‐854	  (December	  2010)	  

	  

Pathway	  Based	  Approaches	  



•  For	  GWAS	  data	  
•  Basically	  divided	  into	  two	  methods	  

•  Providing	  SNP	  p-‐values	  
•  Determine	  whether	  a	  group	  of	  p-‐values	  for	  SNPs	  or	  genes	  is	  
enriched	  for	  associa8on	  signals	  

•  Choose	  a	  p-‐value	  cutoff	  for	  iden8fying	  significant	  SNPs	  for	  further	  
analysis	  

•  Look	  out	  for	  gene-‐size,	  pathway-‐size	  biases	  
•  Lots	  of	  base	  pairs,	  more	  chances	  for	  your	  SNPs	  to	  be	  both	  
significantly	  associated	  in	  GWAS	  and	  co-‐located	  

•  Look	  out	  for	  LD	  

Pathway	  Based	  Approaches	  

Analysing	  biological	  pathways	  in	  genome-‐wide	  associa8on	  studies	  
Nature	  Reviews	  Gene8cs	  11,	  843-‐854	  (December	  2010)	  

	  



•  Pathway	  Analysis	  by	  Randomiza8on	  Incorpora8ng	  Structure	  
(PARIS)	  	  

•  For	  GWAS	  data	  
•  Independent	  of	  study	  design	  and	  don’t	  have	  to	  have	  the	  
original	  dataset	  

•  Provide	  p-‐values	  and	  choose	  your	  source	  of	  pathway	  
informa8on	  

	  	  

Gene8c	  analysis	  of	  biological	  pathway	  data	  through	  genomic	  randomiza8on	  
Human	  Gene8cs	  	  
May	  2011,	  Volume	  129,	  Issue	  5,	  pp	  563-‐571	  	  
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•  Pathway	  Analysis	  by	  Randomiza8on	  Incorpora8ng	  Structure	  
(PARIS)	  	  

•  First	  determines	  structure	  of	  the	  pathway	  being	  tested	  by	  
taking	  LD	  into	  account	  
•  LD	  features	  overlapping	  pathway	  members	  

•  Coun8ng	  the	  number	  of	  significant	  p-‐value	  associa8ons	  in	  a	  
pathway	  

•  PARIS	  creates	  randomized	  feature	  collec8ons	  from	  the	  
remainder	  of	  the	  genome	  that	  mimic	  the	  size	  and	  number	  of	  
features	  of	  the	  actual	  pathway	  being	  tested	  

Gene8c	  analysis	  of	  biological	  pathway	  data	  through	  genomic	  randomiza8on	  
Human	  Gene8cs	  	  
May	  2011,	  Volume	  129,	  Issue	  5,	  pp	  563-‐571	  	  
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•  Pathway	  Analysis	  by	  Randomiza8on	  Incorpora8ng	  Structure	  
(PARIS)	  	  

PARIS	  

204 collections of randomly culled features with the same
feature structure as the 204 actual KEGG pathways. This

provides an estimate of the false positive rate. This analysis

was repeated 100 times. For 204 KEGG pathways we
expect to see on average *10 significant at p \ 0.05. We

saw, on average, 11.9 pathways associated per repetition at

p \ 0.05. Thus, our method sees 5.9% pathways as sig-
nificant by chance.

We assessed the impact of PARIS on gene size, pathway
size and LD block structure on PARIS. We reasoned that if

these variables were confounding the results it would be

evident in the final empiric p values assigned to each
pathway. To test the effect of gene size, pathway size and

LD block structure, we compared PARIS results to a

simple method in which we deemed a particular gene in a
pathway statistically significant if two or more SNPs tested

Fig. 2 Flowchart describing overall methodology of significance
assignment to a pathway. As an example, we analyze ‘‘Pathway A’’,
consisting of 80 total features (30 from bin 1 and 50 from bin 5). We
consider a feature significant if any SNP found within has a p \ 0.05,
and perform 1,000 permutation tests to assign significance to Pathway
A. In our example Pathway A, we count 30 significant features. We
randomly select from bins 1 (n = 30 features) and 5 (n = 50 features)
to mimic the structure of Pathway A, creating ‘‘Random A’’. Features

are selected without replacement. We then count the number of
significant features in Random A, replacing all features to their
respective bins for the next iteration. We then create 999 more
Random A pathways, tallying the number of times there are more
significant features (p \ 0.05) in Random A than in Pathway A. This
happens seven times in our hypothetical example giving us a p value
for Pathway A of 0.007

Table 4 Detailed analysis of KEGG hsa:00072 (synthesis and degradation of ketone bodies)

Gene name Ensemble ID Feature
count
(Total)

Simple
featurea

count

Simple
featurea

count
p \ 0.05

Complex
featureb

Count

Complex
featureb

count
p \ 0.05

Gene
p value

Other pathways (path:hsa)

HMGCS2 ENSG00000134240 12 5 0 7 0 1 00280,00650,00900,01100,03320

HL ENSG00000117305 1 0 0 1 1 \0.001 00280,00650,01100

OXCT2 ENSG00000198754 5 2 0 3 0 1 00280,00650

ACAT1 ENSG00000075239 3 0 0 3 1 0.114 00071,00280,00310,00380,00620,
00640,00650,00900,01100

BDH1 ENSG00000161267 14 7 0 7 4 0.005 00650,01100

BDH2 ENSG00000164039 5 1 1 4 2 \0.001 00650,01100

OXCT1 ENSG00000083720 5 2 1 3 2 0.001 00280,00650

HMGCS1 ENSG00000112972 2 1 0 1 0 1 00280,00650,00900,01100

ACAT2 ENSG00000120437 9 6 0 3 1 0.211 00071,00280,00310,00380,00620,
00640,00650,00900,01100

a A single SNP in an area of LE
b An LD block containing two or more typed SNPs
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•  Pathway	  Analysis	  by	  Randomiza8on	  Incorpora8ng	  Structure	  
(PARIS)	  	  

•  For	  pathways	  of	  interest	  
•  Is	  it	  significant	  because	  of	  one	  gene	  with	  many	  significant	  
features?	  

•  Or	  many	  genes	  contribu8ng	  to	  the	  signal?	  
•  Assessment	  of	  contribu8on	  of	  each	  gene	  to	  the	  overall	  pathway	  
signal	  

•  Permuta8on	  test	  based	  on	  features	  present	  in	  the	  single	  gene	  to	  also	  
assign	  a	  p-‐value	  to	  each	  gene	  in	  the	  pathway	  

•  Iden8cal	  to	  a	  PARIS	  pathway	  in	  which	  the	  pathway	  contains	  one	  
gene	  

PARIS	  
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•  Pathway	  Analysis	  by	  
Randomiza8on	  Incorpora8ng	  
Structure	  (PARIS)	  	  

•  First	  example	  use	  
•  Used	  KEGG	  pathways	  
•  Au8sm	  GWAS	  dataset	  

•  Revealed	  pathways	  with	  a	  
significant	  enrichment	  of	  
posi8ve	  associa8on	  results	  

PARIS	  

overlapping features or the close proximity of these genes

in which residual LD between the genes could be causing a
spurious significant signal. The first scenario is unlikely as

PARIS only counts features once per pathway, regardless

of the number of genes it overlaps. The latter is a possi-
bility, and was also noticed in the work of Hong et al.

(2009), in that genes in close proximity retain a higher than

basal amount of residual LD which could lead to false
positives.

Another significant pathway, hsa00072—synthesis and

degradation of ketone bodies (Fig. 3; Table 4), helps to
illustrate the potential for biological interpretation. This

pathway was chosen for presentation due to its small size,

but further exploration identifies several genes involved in
acetoacetate metabolism as driving the signal of the overall

pathway. These genes have not been associated with autism

individually, however together they could affect aceto-
acetate levels, which can potentially lead to an elevation of

GABA (c-aminobutyric acid) content in synaptosomes

(Greene et al. 2003). Multiple studies support a role for the
GABA neurotransmitter system in autism susceptibility

and with epilepsy and seizures, suggesting a potential

common mechanism for these often co-morbid conditions
(Blatt 2005; Delahanty et al. 2009; Dhossche et al. 2002).

Analyses of additional datasets will ultimately show if

these genes and pathways are implicated in autism
etiology.

Although we document the use of one pre-defined set of

pathways, in theory, PARIS can be applied to any pre-
existing database, novel gene-set or single gene. Further-

more, PARIS is fully customizable to suit user preferences.

Although the default settings mirror those described in this
manuscript, PARIS can be configured to use any LD fea-

ture bin size, significance threshold, or gene boundary

extension the user desires. PARIS requires a simple input
file that includes chromosome, SNP name and p value

Table 6 Nominally significant KEGG pathways identified by PARIS in the AGRE autism GWAS

Pathway name Total
SNP
count

Description p value Gene
count

Gene
count
p \ 0.05

Simple
featurea

count

Simple
featurea

count
p \ 0.05

Complex
featureb

count

Complex
featureb

count
p \ 0.05

path:hsa00040 370 Pentose and glucuronate
interconversions

\0.001 16 10 52 6 53 16

path:hsa04120 3,803 Ubiquitin mediated
proteolysis

\0.001 133 62 709 49 538 117

path:hsa00072 219 Synthesis and degradation
of ketone bodies

0.001 9 6 24 2 32 11

path:hsa00740 476 Riboflavin metabolism 0.001 16 6 114 14 73 13

path:hsa00053 458 Ascorbate and aldarate
metabolism

0.008 16 10 71 8 69 16

path:hsa04060 5,911 Cytokine-cytokine receptor
interaction

0.011 262 105 1,266 67 921 161

path:hsa04710 414 Circadian rhythm—
mammal

0.011 13 8 101 7 66 15

path:hsa05211 2,323 Renal cell carcinoma 0.011 70 43 516 32 338 62

path:hsa05221 1,792 Acute myeloid leukemia 0.012 56 25 423 30 259 45

path:hsa00534 1,242 Heparan sulfate
biosynthesis

0.014 26 18 258 18 201 37

path:hsa05220 2,558 Chronic myeloid leukemia 0.018 75 42 567 33 376 69

path:hsa04330 1,521 Notch signaling pathway 0.019 46 26 356 23 217 40

path:hsa00980 1,180 Metabolism of xenobiotics
by cytochrome P450

0.02 58 21 201 13 174 36

path:hsa00480 1,021 Glutathione metabolism 0.03 47 24 215 11 152 32

path:hsa00860 808 Porphyrin and chlorophyll
metabolism

0.037 32 19 138 11 127 24

path:hsa00760 763 Nicotinate and
nicotinamide metabolism

0.039 24 14 171 11 122 23

path:hsa00730 307 Thiamine metabolism 0.048 8 3 84 10 43 5

a A single SNP in an area of LE
b An LD block containing two or more typed SNPs
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•  For	  GWAS	  data	  
•  Basically	  divided	  into	  two	  methods	  

•  Providing	  SNP	  genotypes	  
•  Gene-‐level	  and	  pathway-‐level	  test	  sta8s8cs	  
•  Can	  require	  just	  mul8-‐markers	  
•  Some	  require	  single	  marker	  p-‐values	  and	  genotypic	  data	  

Analysing	  biological	  pathways	  in	  genome-‐wide	  associa8on	  studies	  
Nature	  Reviews	  Gene8cs	  11,	  843-‐854	  (December	  2010)	  

	  

Pathway	  Based	  Approaches	  



•  Example	  of	  using	  genotypic	  data	  
•  Polygenic	  e8ology	  of	  paclitaxel-‐induced	  neuropathy	  	  
•  Es8mated	  the	  variance	  explained	  by	  common	  SNPs	  
(MAF	  >	  1%)	  for	  two	  outcomes	  
•  Maximum	  grade	  of	  sensory	  peripheral	  neuropathy	  
•  Dose	  at	  first	  instance	  of	  peripheral	  neuropathy	  

Polygenic	  inheritance	  of	  paclitaxel-‐induced	  sensory	  peripheral	  neuropathy	  driven	  by	  axon	  outgrowth	  
gene	  sets	  in	  CALGB	  40101	  (Alliance)	  
Pharmacogenomics	  J.	  2014	  Aug;14(4):336-‐42.	  doi:	  10.1038/tpj.2014.2.	  Epub	  2014	  Feb	  11.	  

	  

Pathway	  Based	  Approaches	  
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•  Example	  of	  using	  genotypic	  data	  
•  Polygenic	  e8ology	  of	  paclitaxel-‐induced	  neuropathy	  	  

•  Used	  the	  GCTA	  soHware	  tool	  
•  h`p://www.complextraitgenomics.com/soHware/gcta/	  
•  Mixed	  Linear	  Modeling	  

•  Axonogenesis	  GO	  Term	  set	  (GO:	  0007409)	  had	  
significant	  es8mates	  of	  heritability	  close	  to	  20%	  

•  Sugges8ng	  por8on	  of	  the	  heritability	  of	  paclitaxel-‐
induced	  neuropathy	  is	  driven	  by	  genes	  involved	  in	  the	  
regula8on	  of	  axon	  extension	  	  

•  Disrup8on	  of	  axon	  outgrowth	  may	  be	  one	  of	  the	  
mechanisms	  by	  which	  paclitaxel	  treatment	  results	  in	  
sensory	  peripheral	  neuropathy	  in	  suscep8ble	  pa8ents	  

Polygenic	  inheritance	  of	  paclitaxel-‐induced	  sensory	  peripheral	  neuropathy	  driven	  by	  axon	  outgrowth	  
gene	  sets	  in	  CALGB	  40101	  (Alliance)	  
Pharmacogenomics	  J.	  2014	  Aug;14(4):336-‐42.	  doi:	  10.1038/tpj.2014.2.	  Epub	  2014	  Feb	  11.	  

	  

Pathway	  Based	  Approaches	  
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•  For	  GWAS	  data	  
•  Important	  to	  remember	  

•  If	  there	  is	  an	  interplay	  with	  mul8ple	  genes	  in	  a	  pathway	  or	  across	  
mul8ple	  pathways,	  these	  approaches	  could	  highlight	  this	  

•  Different	  sources	  have	  differences	  in	  data	  presented	  
•  However:	  one	  strongly	  associated	  gene	  in	  a	  pathway,	  or	  in	  
mul8ple	  pathways,	  may	  make	  it	  seem	  like	  that	  pathway	  or	  
pathways	  is	  VERY	  significant	  

•  Removing	  a	  very	  strong	  suscep8bility	  gene	  or	  SNP	  can	  help	  in	  this	  
case	  

•  Also	  take	  into	  account	  if	  there	  is	  extensive	  LD	  for	  a	  SNP	  with	  a	  strong	  
rela8onship	  to	  an	  outcome	  trait	  

Analysing	  biological	  pathways	  in	  genome-‐wide	  associa8on	  studies	  
Nature	  Reviews	  Gene8cs	  11,	  843-‐854	  (December	  2010)	  

	  

Pathway	  Based	  Approaches	  



•  Can	  get	  different	  answers	  via	  different	  methods	  and	  sources	  
•  Worthwhile	  exploring	  different	  methods	  and	  contras8ng/
comparing	  
•  Different	  sources	  used	  will	  have	  different	  data	  
•  Different	  proper8es	  of	  sta8s8cal	  tests	  

•  The	  importance	  of	  replica8on	  in	  another	  dataset	  

Analysing	  biological	  pathways	  in	  genome-‐wide	  associa8on	  studies	  
Nature	  Reviews	  Gene8cs	  11,	  843-‐854	  (December	  2010)	  

	  

Pathway	  Based	  Approaches	  



Always	  Remember	  

•  We	  can’t	  know	  what	  we	  don’t	  know	  
•  When	  moving	  to	  these	  analyses	  we	  can	  only	  inves8gate	  known	  
pathways	  or	  connec8ons	  

•  We	  are	  s8ll	  elucida8ng	  many	  biological	  networks,	  protein	  func8ons,	  
and	  protein	  interac8ons	  

•  As	  a	  result,	  over	  8me	  the	  results	  of	  your	  analyses	  can	  change	  
•  Always	  record	  WHEN	  you	  did	  an	  analysis	  	  

•  Your	  search	  space	  is	  defined	  by	  what	  is	  known	  and	  it	  affects	  your	  
ability	  to	  do	  unbiased	  discovery	  
•  But	  on	  the	  other	  hand	  –	  we	  have	  to	  start	  somewhere	  right???	  

•  There	  are	  also	  “de-‐novo”	  pathway	  based	  approaches	  
•  Direc8on	  for	  microarray	  analysis	  of	  genes…	  



•  Low	  frequency	  variants	  
•  Regression	  not	  a	  good	  choice	  with	  so	  few	  individuals	  with	  these	  
gene8c	  variants	  

•  So	  how	  about	  binning	  variants?	  
•  Binning	  by	  gene	  
•  Binning	  by	  pathway	  

Pathways:	  Rare	  Variant	  
Approaches	  



BioBin	  
•  Low	  frequency	  variants	  
•  BioBin	  is	  a	  novel	  method	  to	  collapse	  sequence	  data	  and	  
detect	  disease	  associa8ons	  using	  prior	  biological	  knowledge	  

•  Enrichment	  for	  low	  frequency	  variants	  in	  your	  controls?	  

h`ps://ritchielab.psu.edu/soHware/biobin-‐download	  
	  



BioBin	  
•  For	  analysis	  of	  whole-‐exome	  or	  whole-‐genome	  sequence	  data	  
•  Does	  not	  rely	  on	  the	  selec8on	  of	  candidate	  genes	  
•  U8lizes	  collapsing	  strategy	  as	  a	  means	  of	  reducing	  the	  search	  
space	  

•  Enriches	  associa8on	  signals	  
•  Reduces	  penalty	  of	  mul8ple	  tes8ng	  

•  Can	  be	  applied	  to	  case-‐control	  data	  
•  Can	  priori8ze	  bins	  using	  biological	  informa8on	  
•  Results	  can	  be	  used	  in	  a	  regression	  framework	  to	  test	  for	  
associa8on	  

BioBin:	  a	  bioinforma8cs	  tool	  for	  automa8ng	  the	  binning	  of	  rare	  variants	  using	  publicly	  available	  biological	  knowledge.	  
BMC	  Med	  Genomics.	  2013;6	  Suppl	  2:S6.	  doi:	  10.1186/1755-‐8794-‐6-‐S2-‐S6.	  Epub	  2013	  May	  7.	  
	  
Low	  frequency	  variants,	  collapsed	  based	  on	  biological	  knowledge,	  uncover	  complexity	  of	  popula8on	  stra8fica8on	  in	  1000	  
genomes	  project	  data.	  
PLoS	  Genet.	  2013;9(12):e1003959.	  doi:	  10.1371/journal.pgen.1003959.	  Epub	  2013	  Dec	  26.	  
	  
	  
	  



BioBin	  
•  Integrate	  collapsing	  method	  for	  rare	  variants	  using	  Biofilter	  

•  Include	  gene8c	  informa8on	  (pathway,	  gene	  boundaries,	  etc)	  
•  Create	  flexible	  binning	  structure	  

•  Incorporate	  func8onal	  informa8on	  
•  Bin	  variants	  by	  biological	  features	  

•  Gene	  
•  Intron	  
•  Exon	  
•  Intergenic	  
•  Pathway	  
•  Regulatory	  region	  
•  Evolu8onary	  conserved	  region	  
•  Region	  of	  natural	  selec8on	  



BioBin	  
•  Using	  Library	  of	  Knowledge	  integra8on	  (LOKI)	  



BioBin	  

NOT	  PART	  OF	  BIOBIN	  



BioBin	  
•  Imagine	  you	  have	  a	  set	  of	  SNPs,	  specific	  bp	  loca8ons:	  

Plumpton	  and	  Barnes.	  “Predic8ve	  Func8onal	  Analysis	  of	  Polymorphisms:	  An	  Overview”.	  Bioinforma8cs	  for	  Gene8cists.	  Wiley,	  2007.	  

ATAGGGACTATGTGAGAATATCTATATAATTTATACATCTATTAATTATA  * * ** * *

*	  Denote	  variants	  with	  MAF	  below	  the	  threshold	  



•  Bin	  gene8c	  variants	  by	  genes	  

Plumpton	  and	  Barnes.	  “Predic8ve	  Func8onal	  Analysis	  of	  Polymorphisms:	  An	  Overview”.	  Bioinforma8cs	  for	  Gene8cists.	  Wiley,	  2007.	  

Example:	  Bin	  by	  gene	  

ATAGGGACTATGTGAGAATATCTATATAATTTATACATCTATTAATTATA  * * ** * *

*	  Denote	  variants	  with	  MAF	  below	  the	  threshold	  

GENE	  



Plumpton	  and	  Barnes.	  “Predic8ve	  Func8onal	  Analysis	  of	  Polymorphisms:	  An	  Overview”.	  Bioinforma8cs	  for	  Gene8cists.	  Wiley,	  2007.	  

ATAGGGACTATGTGAGAATATCTATATAATTTATACATCTATTAATTATA  * * ** *

*	  Denote	  variants	  with	  MAF	  below	  the	  threshold	  

T	  
A	  G	  

A	   T	  

Example:	  Bin	  by	  gene	  
•  Bin	  gene8c	  variants	  by	  genes	  

GENE	  

*



Plumpton	  and	  Barnes.	  “Predic8ve	  Func8onal	  Analysis	  of	  Polymorphisms:	  An	  Overview”.	  Bioinforma8cs	  for	  Gene8cists.	  Wiley,	  2007.	  

ATAGGGACTATGTGAGAATATCTATATAATTTATACATCTATTAATTATA  * * ** *

*	  Denote	  variants	  with	  MAF	  below	  the	  threshold	  

T	  
A	  G	  

A	   T	  

Example:	  Bin	  by	  gene	  
•  Now	  choose	  a	  sta8s8cal	  test:	  more	  rare	  variants	  in	  cases	  than	  controls	  for	  
that	  bin?	  

GENE	  

*



BioBin	  
•  Ok	  so	  I	  can	  bin	  by	  gene…	  

•  But	  I	  thought	  we	  were	  talking	  about	  pathways?	  
•  The	  same	  approach	  can	  be	  used	  to	  bin	  variants	  by	  pathways	  
•  So	  you	  could	  use	  a	  pathway	  source	  in	  LOKI	  

•  So	  for	  all	  genes	  in	  a	  pathway,	  bin	  all	  of	  the	  variants	  together	  

Gene	  1	  

Gene	  2	  

Gene	  3	   Gene	  4	  

* *

*

*

* * ***

Pathway	  1	  



BioBin	  

Gene	  1	  

Gene	  2	  

Gene	  3	   Gene	  4	  

* *

*

*

* * ***

Pathway	  1	  

T	  
A	  G	  

A	   T	  

•  Ok	  so	  I	  can	  bin	  by	  gene…	  
•  But	  I	  thought	  we	  were	  talking	  about	  pathways?	  

•  The	  same	  approach	  can	  be	  used	  to	  bin	  variants	  by	  pathways	  
•  So	  you	  could	  use	  a	  pathway	  source	  in	  LOKI	  

•  So	  for	  all	  genes	  in	  a	  pathway,	  bin	  all	  of	  the	  variants	  together	  
•  Are	  there	  a	  sta8s8cally	  significant	  number	  of	  rare	  variants	  for	  
cases	  vs.	  controls	  in	  this	  pathway?	  

T	  



BioBin	  
•  Ok	  so	  I	  can	  bin	  by	  gene…	  

•  But	  I	  thought	  we	  were	  talking	  about	  pathways?	  
•  The	  same	  approach	  can	  be	  used	  to	  bin	  variants	  by	  pathways	  
•  Moore	  et	  al.	  for	  proof	  of	  principle	  evaluated	  rare	  variant	  differences	  
between	  1000	  Genomes	  popula8ons	  





Rare	  Variants	  
•  Direc8on	  of	  effect	  

•  What	  if	  the	  rare	  variant	  has	  a	  protec8ve	  effect	  or	  a	  risk	  effect?	  
•  You	  could	  have	  cases	  that	  have	  many	  rare	  variants	  that	  contribute	  to	  protec8on,	  

and	  vice	  versa	  
•  Do	  you	  loose	  signal	  because	  you	  are	  just	  coun8ng	  variants?	  

•  Dispersion	  methods	  	  
•  No	  assump8on	  of	  burden	  tests	  of	  the	  same	  direc8on	  of	  effect	  of	  all	  rare	  variants	  on	  the	  

trait	  within	  the	  same	  func8onal	  unit	  or	  genomic	  region	  

Gene	  1	  

Gene	  2	  

Gene	  3	   Gene	  4	  

* *

*

*

* * ***

Pathway	  1	  

T	  
A	  G	  

A	   T	  



Rare	  Variants	  
•  Direc8on	  of	  effect	  

•  Dispersion	  methods	  	  
•  No	  assump8on	  of	  burden	  tests	  of	  the	  same	  direc8on	  of	  effect	  of	  all	  
rare	  variants	  on	  the	  trait	  within	  the	  same	  func8onal	  unit	  or	  genomic	  
region	  

•  SKAT	  Method	  
•  SNP-‐set	  (Sequence)	  Kernel	  Associa8on	  Test	  (SKAT)	  
•  h`p://www.hsph.harvard.edu/skat/	  
•  Gene	  or	  a	  region	  level	  test	  for	  associa8on	  between	  a	  set	  of	  rare	  (or	  
common)	  variants	  and	  dichotomous	  or	  quan8ta8ve	  phenotypes	  

•  SKAT	  aggregates	  individual	  score	  test	  sta8s8cs	  of	  SNPs	  in	  a	  SNP	  set	  	  	  
•  Compu8ng	  SNP-‐set	  level	  p-‐values	  (gene	  or	  a	  region	  level	  p-‐value)	  
•  	  Adjustments	  can	  be	  made	  for	  covariates,	  such	  as	  principal	  components	  to	  

account	  for	  popula8on	  stra8fica8on	  



•  Remember	  how	  biological	  data	  is	  inherently	  connected?	  
•  I	  found	  a	  series	  of	  SNPs	  in	  different	  genes	  
•  I	  iden8fied	  that	  these	  genes	  are	  in	  shared	  KEGG	  pathways	  

•  Can	  I	  visualize	  this	  informa8on?	  
•  Cytoscape	  and	  Gephi	  are	  two	  free	  soHware	  packages	  that	  
allow	  for	  network	  visualiza8on	  

Networks	  



Networks	  
•  Vocabulary	  

•  Nodes	  
•  Edges	  

•  Direc8onality	  is	  when	  you	  have	  
nodes	  that	  depend	  on	  other	  
nodes	  
•  Target	  depends	  on	  source	  
•  Frequent	  in	  pathways	  that	  
require	  one	  step	  then	  another	  

What do you need to create a 
network? 
!  Input file- Excel workbook (.xls), delimited text 

(.txt, .csv, etc.), .sif, others 
!  What are your nodes?  

!  What are your edges? What links your data points? 

!  Which data are source and which are target? 

!  Is there directionality? Do you have nodes that 
depend on other nodes? 

!  The target will depend on the source 

!  Ex. Cellular process network, gene pathway, 
protein interaction networks   

!  *You must specify each interaction directly 

!  Ex. To get the network node1-node2-node3, you 
would need two rows of data  

!  node1,node2 

!  node3,node2 

!  *You must have at least 2 columns- source and 
target 

Node 1 

Node 2 
Node 3 

Node 1 

Node 3 

Node 2 



Networks	  

• You can expose the connections between data 
•  Can visualize these connections 
•  Analyze networks to expose bigger trends 
•  http://diseasome.eu/map.html 



Networks	  

The	  Human	  Disease	  Network	  	  
Goh	  K-‐I,	  Cusick	  ME,	  Valle	  D,	  Childs	  B,	  Vidal	  M,	  Barabási	  A-‐L	  (2007)	  



Networks	  

The	  Human	  Disease	  Network	  	  
Goh	  K-‐I,	  Cusick	  ME,	  Valle	  D,	  Childs	  B,	  Vidal	  M,	  Barabási	  A-‐L	  (2007)	  



Data	  Visualization	  Software	  

• Networks 
•  Cytoscape and Gephi 
•  http://www.cytoscape.org/ 
•  https://gephi.github.io/ 



Questions?	  


