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5C	  maps	  interac(ons	  between	  defined	  primers	  

Courtesy of Macmillan Publishers Limited. Used with permission.

Source: Dostie, Josée, and Job Dekker. "Mapping Networks of Physical Interactions Between

Genomic Elements using 5C Technology." Nature Protocols 2, no. 4 (2007): 988-1002.

http://dx.doi.org/10.1038/nprot.2007.116
http://dx.doi.org/10.1038/nprot.2007.116
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5C	  maps	  interac(ons	  between	  defined	  primers	  

2	  
Courtesy of Macmillan Publishers Limited. Used with permission.

Source: Dostie, Josée, and Job Dekker. "Mapping Networks of Physical Interactions Between

Genomic Elements using 5C Technology." Nature Protocols 2, no. 4 (2007): 988-1002.

http://dx.doi.org/10.1038/nprot.2007.116
http://dx.doi.org/10.1038/nprot.2007.116
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5C	  maps	  interac(ons	  between	  defined	  primers	  

Courtesy of Macmillan Publishers Limited. Used with permission.

Source: Dostie, Josée, and Job Dekker. "Mapping Networks of Physical Interactions Between

Genomic Elements using 5C Technology." Nature Protocols 2, no. 4 (2007): 988-1002.

http://dx.doi.org/10.1038/nprot.2007.116
http://dx.doi.org/10.1038/nprot.2007.116
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DNA	  methyla(on	  

© source unknown. All rights reserved. This content is excluded from our Creative

Commons license. For more information, see http://ocw.mit.edu/help/faq-fair-use/.

http://ocw.mit.edu/help/faq-fair-use/
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Today’s	  Narra%ve	  Arc	  

1.  Usually,	  you	  are	  more	  like	  your	  rela(ves	  than	  random	  people	  on	  
the	  planet.	  

2.  The	  heritability	  of	  a	  trait	  is	  the	  frac(on	  of	  phenotypic	  variance	  that	  
can	  be	  explained	  by	  genotype	  

3.  Computa(onal	  models	  that	  predict	  phenotype	  from	  genotype	  are	  
key	  for	  understanding	  disease	  related	  genomic	  variants	  and	  the	  
most	  effec(ve	  therapy	  for	  a	  disease	  (pharmacogenomics)	  

4.  We	  will	  computa(onally	  predict	  quan(ta(ve	  phenotypes	  by	  
adding	  the	  contribu(on	  of	  individual	  loci	  (QTLs)	  

5.  Typically	  our	  models	  can	  only	  predict	  a	  small	  frac(on	  of	  
phenotypic	  variance	  –	  the	  so	  called	  “missing	  heritability”	  problem	  
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Today’s	  Computa%onal	  Approaches	  

1.  Linear	  models	  of	  phenotype	  that	  use	  stepwise	  regression	  
and	  forward	  feature	  selec(on	  

2.  Test	  sta(s(cs	  for	  discovering	  significant	  QTLs	  
3.  Measurement	  of	  narrow	  sense	  heritability	  (h2),	  broad	  sense	  

heritability	  (H2),	  and	  environmental	  variance	  
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7	  

OMIM	  -‐	  authorita(ve	  compendium	  of	  human	  genes	  and	  
gene(c	  phenotypes	  related	  to	  Mendelian	  Inheritance	  

Courtesy of Johns Hopkins University. Used with permission.

http://omim.org/statistics/entry
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Sta(s(cs	  review	  
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Genotype	  to	  Phenotype	  
•  Genotype	  

–  Complete	  genome	  sequence	  (or	  an	  approxima(on)	  
–  Can	  be	  defined	  by	  markers	  at	  specific	  genomic	  sites	  that	  
describe	  differences	  with	  a	  defined	  reference	  genome	  

•  A	  phenotype	  is	  defined	  by	  one	  or	  more	  traits	  
•  Non-‐quan(ta(ve	  trait	  (dead/alive,	  etc.)	  
•  Quan(ta(ve	  Trait	  

–  Fitness	  (growth	  rate,	  lifespan,	  etc.)	  
–  Morphology	  (height,	  etc.)	  
–  Gene	  expression	  

•  Quan(ta(ve	  Trait	  Loci	  -‐	  Marker	  that	  is	  associated	  with	  a	  
quan(ta(ve	  trait	  
–  eQTL	  –	  marker	  associated	  with	  gene	  expression	  
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Binary	  haploid	  gene(c	  model	  

Example	  Phenotype	  
	  Alive/Dead	  in	  a	  specific	  environment	  



Computa(onal	  Analysis	  of	  QTLs	   11	  

Binary	  haploid	  gene(c	  model	  

Example	  Phenotype	  
	  Alive/Dead	  in	  a	  specific	  environment	  

N	  is	  es(mated	  by	  log2	  (#	  F1s	  tested	  /	  #	  F1s	  with	  phenotype)	  
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Quan(ta(ve	  haploid	  gene(c	  model	  
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Quan(ta(ve	  haploid	  gene(c	  model	  

© cflm on wikipedia. Some rights reserved. License: CC-BY-SA.

This content is excluded from our Creative Commons license.

For more information, see http://ocw.mit.edu/help/faq-fair-use/.

http://ocw.mit.edu/help/faq-fair-use/
http://en.wikipedia.org/wiki/Binomial_distribution#mediaviewer/File:Binomial_Distribution.svg
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Gene(c	  linkage	  causes	  marker	  correla(on	  



Computa(onal	  Analysis	  of	  QTLs	   15	  

Phenotype	  is	  a	  func(on	  of	  genotype	  plus	  an	  
environmental	  component	  

•  i	  –	  individual	  in	  [1	  ..	  N]	  
•  gi	  –	  genotype	  of	  individual	  i	  
•  pi	  –	  quan(ta(ve	  phenotype	  of	  individual	  i	  (single	  trait)	  
•  ei	  –	  environmental	  contribu(on	  to	  pi	  
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Phenotype	  is	  a	  func(on	  of	  genotype	  plus	  an	  
environmental	  component	  

•  i	  –	  individual	  in	  [1	  ..	  N]	  
•  gi	  –	  genotype	  of	  individual	  i	  
•  pi	  –	  quan(ta(ve	  phenotype	  of	  individual	  i	  (single	  trait)	  
•  ei	  –	  environmental	  contribu(on	  to	  pi	  
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Why	  two	  heritabili(es?	  

•  Broad-‐sense	  
– Describes	  the	  upper	  bound	  for	  phenotypic	  predic(on	  
by	  an	  op(mal	  arbitrary	  model	  

–  Reveals	  complexity	  	  of	  molecular	  mechanism	  
•  Narrow-‐sense	  

– Describes	  the	  upper	  bound	  for	  phenotypic	  predic(on	  
by	  a	  linear	  model	  

– Describes	  rela(ve	  resemblance	  and	  u(lity	  of	  family	  
disease	  history	  

–  Efficienct	  gene(c	  mapping	  studies	  
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Key	  caveats	  

•  Heritability	  is	  a	  property	  of	  popula(on	  (segrega(ng	  
allele	  frequencies)	  and	  environment	  (noise	  
component)	  

•  “Heritability”	  in	  prac(ce	  may	  refer	  to	  either	  broad-‐	  
or	  narrow-‐sense	  (or	  an	  implicit	  assump(on	  that	  they	  
are	  the	  same)	  

•  Es(ma(on	  is	  difficult	  (matching	  environments	  and	  
avoiding	  confounding)	  



Computa(onal	  Analysis	  of	  QTLs	   19	  

H2	  -‐	  Broad	  Sense	  heritability	  
•  Frac(on	  of	  phenotypic	  variance	  explained	  by	  gene(c	  

component	  

•  Can	  es(mate	  σ 2	  	  
e from	  iden(cal	  twins	  or	  clones.	  	  	  
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Broad heritability of a trait is fraction of phenotypic 
variance explained by genetic causes 

20	  

H 2 =
σ g
2

σ p
2 =

σ g
2

σ g
2 +σ e
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© Jones & Bartlett Publishers. All rights reserved. This content is excluded from our Creative

Commons license. For more information, see http://ocw.mit.edu/help/faq-fair-use/.
Source: Hartl, Daniel L. Essential Genetics: A Genomics Perspective. Jones & Bartlett

Publishers, P. 506, 2011.

 

http://ocw.mit.edu/help/faq-fair-use/
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Addi%ve	  model	  of	  phenotype	  

af ig( ) = jβ
j∈QTL
∑ ijg + 0β

E af ig( )!" #$=
af 1p( )
2

+ af 2p( )
2

gij is marker j for individual i with values {0,1} 
Quantitative trait loci (QTLs) are discovered for each trait 

Children	  tend	  to	  midpoint	  of	  
parents	  for	  addi(ve	  traits	  as	  they	  
are	  expected	  to	  get	  an	  equal	  
number	  of	  loci	  from	  each	  parent	  
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Historical	  heritability	  example	  

Galton,	  “Regression	  towards	  mediocrity	  in	  hereditary	  stature”	  (1886)	  

Figure is in the public domain.

http://galton.org/essays/1880-1889/galton-1886-jaigi-regression-stature.pdf
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h2	  -‐	  Narrow	  Sense	  heritability	  

•  Frac(on	  of	  phenotypic	  variance	  explained	  by	  an	  addi(ve	  
model	  of	  markers	  

•  fa(gi)	  is	  addi(ve	  model	  of	  genotypic	  components	  in	  gi	  
•  Difference	  between	  heritability	  explained	  by	  addi(ve	  model	  

and	  general	  model	  is	  one	  source	  of	  “missing	  heritability”	  in	  
current	  studies	  
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h2	  -‐	  Narrow	  Sense	  heritability	  

•  Frac(on	  of	  phenotypic	  variance	  explained	  by	  an	  addi(ve	  
model	  of	  markers	  

•  fa(gi)	  is	  addi(ve	  model	  of	  genotypic	  components	  in	  gi	  
•  Difference	  between	  heritability	  explained	  by	  addi(ve	  model	  

and	  general	  model	  is	  one	  source	  of	  “missing	  heritability”	  in	  
current	  studies	  
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Example	  trait	  heritabili%es	  –	  h2	  

Morphological	  Traits	  
	  Human	  height	  	  ~	  .8	  
	  CaAle	  Yearling	  Weight	  ~	  .35	  

	  
Fitness	  Traits	  

	  Drosophila	  life	  history	  	  ~	  .2	  
	  Wild	  animal	  life	  history	  	  ~	  .3	  
	   	  	  

	   h2	  from	  Visscher	  et	  al.	  2008	  
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Example	  trait	  heritabili%es	  

h2	  from	  Visscher	  et	  al.	  2008	  
Courtesy of Macmillan Publishers Limited. Used with permission.

Source: Visscher, Peter M., William G. Hill, et al. "Heritability in the Genomics Era—Concepts

and Misconceptions." Nature Reviews Genetics 9, no. 4 (2008): 255-66.

http://dx.doi.org/10.1038/nrg2322
http://dx.doi.org/10.1038/nrg2322
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Today’s	  Narra%ve	  Arc	  

1.  Usually,	  you	  are	  more	  like	  your	  rela(ves	  than	  random	  people	  on	  
the	  planet.	  

2.  The	  heritability	  of	  a	  trait	  is	  the	  frac(on	  of	  phenotypic	  variance	  that	  
can	  be	  explained	  by	  genotype	  

3.  Computa%onal	  models	  that	  predict	  phenotype	  from	  genotype	  are	  
key	  for	  understanding	  disease	  related	  genomic	  variants	  and	  the	  
most	  effec%ve	  therapy	  for	  a	  disease	  (pharmacogenomics)	  

4.  We	  will	  computa(onally	  predict	  quan(ta(ve	  phenotypes	  by	  
adding	  the	  contribu(on	  of	  individual	  loci	  (QTLs)	  

5.  Typically	  our	  models	  can	  only	  predict	  a	  small	  frac(on	  of	  
phenotypic	  variance	  –	  the	  so	  called	  “missing	  heritability”	  problem	  
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Can	  we	  predict	  phenotype	  in	  a	  haploid	  yeast	  
system?	  
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Study	  heritability	  of	  46	  traits	  in	  ~1000	  segregants	  

Key	  advance:	  large	  panel	  
(~1000	  segregants),	  many	  
phenotypes	  (46)	  
	  
BY	  and	  RM	  parents	  

Bloom	  et	  al.	  2013	  
Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Bloom, Joshua S., Ian M. Ehrenreich, et al. "Finding the Sources of

Missing Heritability in a Yeast Cross." Nature 494, no. 7436 (2013): 234-7.

http://dx.doi.org/10.1038/nature11867
http://dx.doi.org/10.1038/nature11867
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Certain	  phenotypes	  are	  related	  

Sugars,	  etc.	  

Ethanol	  (2%)	  

Bloom	  et	  al.	  2013	  

Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Bloom, Joshua S., Ian M. Ehrenreich, et al. "Finding the Sources of Missing Heritability in a

Yeast Cross." Nature 494, no. 7436 (2013): 234-7.

http://dx.doi.org/10.1038/nature11867
http://dx.doi.org/10.1038/nature11867
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Today’s	  Narra%ve	  Arc	  

1.  Usually,	  you	  are	  more	  like	  your	  rela(ves	  than	  random	  people	  on	  
the	  planet.	  

2.  The	  heritability	  of	  a	  trait	  is	  the	  frac(on	  of	  phenotypic	  variance	  that	  
can	  be	  explained	  by	  genotype	  

3.  Computa(onal	  models	  that	  predict	  phenotype	  from	  genotype	  are	  
key	  for	  understanding	  disease	  related	  genomic	  variants	  and	  the	  
most	  effec(ve	  therapy	  for	  a	  disease	  (pharmacogenomics)	  

4.  We	  will	  computa%onally	  predict	  quan%ta%ve	  phenotypes	  by	  
adding	  the	  contribu%on	  of	  individual	  loci	  (QTLs)	  

5.  Typically	  our	  models	  can	  only	  predict	  a	  small	  frac(on	  of	  
phenotypic	  variance	  –	  the	  so	  called	  “missing	  heritability”	  problem	  
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LOD	  scores	  to	  discover	  QTLs	  

	  
	  

•  Use	  trait	  means	  condi(oned	  on	  marker	  j	  in	  individual	  vs.	  
uncondi(oned	  mean	  for	  trait	  to	  test	  if	  marker	  j	  is	  a	  QTL	  

•  Permute	  genotypes	  1000	  (mes	  and	  each	  (me	  compute	  LOD	  scores	  
to	  es(mate	  null	  LOD	  distribu(on	  

•  Determine	  null	  LOD	  score	  that	  describes	  FDR	  =	  0.05	  
•  Use	  this	  threshold	  on	  unpermuted	  LOD	  scores	  to	  find	  QTLs	  for	  each	  

gene	  
•  Fit	  linear	  model	  to	  discovered	  QTLs	  
•  Repeat	  finding	  QTLs	  predic(ng	  residuals	  from	  exis(ng	  model	  (3	  

(mes)	  

LOD = 10log
P ip | ijg , 0µ , 1µ ,σ( )

P ip |µ,σ( )i=1

N
∏
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1005	  segregants	  detect	  more	  QTLs	  than	  100	  segregants	  

Bloom	  et	  al.	  2013	  

Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Bloom, Joshua S., Ian M. Ehrenreich, et al. "Finding the Sources of

Missing Heritability in a Yeast Cross." Nature 494, no. 7436 (2013): 234-7.

http://dx.doi.org/10.1038/nature11867
http://dx.doi.org/10.1038/nature11867
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Phenotype	  predic%on	  works	  well	  with	  
iden%fied	  QTLs	  

Bloom	  et	  al.	  2013	  

Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Bloom, Joshua S., Ian M. Ehrenreich, et al. "Finding the Sources of

Missing Heritability in a Yeast Cross." Nature 494, no. 7436 (2013): 234-7.

http://dx.doi.org/10.1038/nature11867
http://dx.doi.org/10.1038/nature11867
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Most	  iden%fied	  QTLs	  have	  small	  effects	  

5-‐29	  QTLs	  per	  trait	  
(median	  of	  12),	  
reported	  at	  5%	  FDR	  

Bloom	  et	  al.	  2013	  

Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Bloom, Joshua S., Ian M. Ehrenreich, et al. "Finding the Sources of

Missing Heritability in a Yeast Cross." Nature 494, no. 7436 (2013): 234-7.

http://dx.doi.org/10.1038/nature11867
http://dx.doi.org/10.1038/nature11867
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Iden%fied	  QTLs	  explain	  most	  addi%ve	  heritability	  

QTLs	  explain	  
72-‐100%	  of	  
narrow-‐sense	   Bloom	  et	  al.	  2013	  
heritability	  

Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Bloom, Joshua S., Ian M. Ehrenreich, et al. "Finding the Sources of

Missing Heritability in a Yeast Cross." Nature 494, no. 7436 (2013): 234-7.

http://dx.doi.org/10.1038/nature11867
http://dx.doi.org/10.1038/nature11867
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“Missing	  Heritability”	  exists	  with	  our	  linear	  model	  

Ver(cal	  gap	  
represents	  
non-‐addi(ve	  
gene(c	   Bloom	  et	  al.	  2013	  
contribu(ons	  	  

Courtesy of Macmillan Publishers Limited. Used with permission.
Source: Bloom, Joshua S., Ian M. Ehrenreich, et al. "Finding the Sources of

Missing Heritability in a Yeast Cross." Nature 494, no. 7436 (2013): 234-7.

http://dx.doi.org/10.1038/nature11867
http://dx.doi.org/10.1038/nature11867
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Today’s	  Narra%ve	  Arc	  

1.  Usually,	  you	  are	  more	  like	  your	  rela(ves	  than	  random	  people	  on	  
the	  planet.	  

2.  The	  heritability	  of	  a	  trait	  is	  the	  frac(on	  of	  phenotypic	  variance	  that	  
can	  be	  explained	  by	  genotype	  

3.  Computa(onal	  models	  that	  predict	  phenotype	  from	  genotype	  are	  
key	  for	  understanding	  disease	  related	  genomic	  variants	  and	  the	  
most	  effec(ve	  therapy	  for	  a	  disease	  (pharmacogenomics)	  

4.  We	  will	  computa(onally	  predict	  quan(ta(ve	  phenotypes	  by	  
adding	  the	  contribu(on	  of	  individual	  loci	  (QTLs)	  

5.  Typically	  our	  models	  can	  only	  predict	  a	  small	  frac%on	  of	  
phenotypic	  variance	  –	  the	  so	  called	  “missing	  heritability”	  
problem	  
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What	  causes	  missing	  heritability?	  

Possible	  explana(ons	  (non-‐exclusive):	  
–  Incorrect	  heritability	  es(mates	  
– Non-‐chromosomal	  elements	  
– Rare	  variants	  
– Structural	  variants	  
– Many	  common	  variants	  of	  low	  effect	  
– Epistasis	  
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What	  causes	  missing	  heritability?	  

•  Consider	  
–  f(ab)	  =	  0	  
–  f(aB)	  =	  f(Ab)	  =	  1	  
–  f(AB)	  =	  0	  

•  A	  and	  B	  will	  not	  be	  detected	  as	  QTLs	  as	  individually	  they	  have	  no	  
effect	  on	  phenotype	  

•  Assuming	  no	  environmental	  noise	  H2=1	  and	  h2=0.	  
•  Non-‐addi(ve	  interac(ons	  can	  result	  from	  gene-‐gene	  interac(ons	  

(epistasis)	  
–  Can	  be	  more	  than	  pairwise!	  
–  Considering	  all	  combina(ons	  of	  markers	  is	  in	  general	  not	  tractable	  

because	  of	  mul(-‐hypothesis	  limits	  
•  Broad	  sense	  heritability	  includes	  addi(ve	  gene(c	  factors,	  

dominance	  effects,	  gene-‐gene	  interac(ons,	  gene-‐environment	  
interac(ons,	  non	  genomic	  inheritance	  
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Remaining	  sources	  of	  heritability	  

•  Gap	  between	  
narrow-‐	  and	  broad-‐
sense	  heritability	  
implies	  gene(c	  
interac(ons	  

•  For	  most	  traits,	  gaps	  
not	  explained	  by	  
found	  pairwise	  
interac(ons	  

•  Excep(on:	  maltose	  
(71%	  of	  gap	  
explained	  by	  one	  
pairwise	  interac(on)	   Courtesy of Macmillan Publishers Limited. Used with permission.

Source: Bloom, Joshua S., Ian M. Ehrenreich, et al. "Finding the Sources of

Missing Heritability in a Yeast Cross." Nature 494, no. 7436 (2013): 234-7.

http://dx.doi.org/10.1038/nature11867
http://dx.doi.org/10.1038/nature11867
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Non-‐linear	  models	  reveal	  missing	  heritability	  from	  the	  
interac(on	  of	  chromosomal	  and	  non-‐chromosomal	  elements	  

Courtesy of Edwards et al. Used with permission.

Source: Edwards, Matthew D., Anna Symbor-Nagrabska, et al. "Interactions Between Chromosomal

and Nonchromosomal Elements Reveal Missing Heritability." Proceedings of the National Academy of
 
Sciences 111, no. 21 (2014): 7719-22.

http://dx.doi.org/10.1073/pnas.1407126111
http://dx.doi.org/10.1073/pnas.1407126111
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Recent	  context	  

Problem:	  missing	  heritability	  for	  human	  diseases	  auer	  
	  hundreds	  of	  GWAS	  studies	  

	  
	  
	  
	  
	  
	  

“Found”	  h2	  from	  Manolio	  et	  al.	  2009	  

Courtesy of Macmillan Publishers Limited. Used with permission.

Source: Manolio, Teri A., Francis S. Collins, et al. "Finding the Missing Heritability of Complex
Diseases." Nature 461, no. 7265 (2009): 747-53.

http://dx.doi.org/10.1038/nature08494
http://dx.doi.org/10.1038/nature08494
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Discovering	  what	  is	  missing	  

•  Use	  other	  data	  to	  determine	  relevance	  of	  
markers	  (SNPs	  in	  enhancers,	  non-‐sense	  
muta(ons,	  etc.)	  to	  reduce	  marker	  search	  space	  

•  When	  relevant	  marker	  space	  is	  simplified	  can	  
consider	  non-‐linear	  interac(ons	  

•  Consider	  non-‐chromosomal	  gene(c	  elements	  
•  Use	  complementary	  data	  to	  determine	  marker	  
interac(ons	  (protein-‐protein	  interac(on	  data,	  
etc.)	  

•  Your	  research	  goes	  here!	  



Computa(onal	  Analysis	  of	  QTLs	   45	  

FIN 
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