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•  What	  are	  Phenome	  Wide	  Associa3on	  Studies	  (PheWAS)?	  
•  Phenomics	  
•  Pleiotropy	  

•  How	  to	  set	  up	  and	  analyze	  a	  PheWAS?	  	  
•  Electronic	  Health	  Record	  based	  PheWAS	  
•  Epidemiological	  study	  based	  PheWAS	  

•  How	  can	  we	  leverage	  complexity	  for	  further	  discovery?	  
•  Pleiotropy	  
•  Networks	  
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•  What	  are	  Phenome	  Wide	  Associa3on	  Studies	  (PheWAS)?	  

•  Genome	  Wide	  Associa3on	  Studies	  (GWAS)	  
•  Single	  Nucleo3de	  Polymorphisms	  (SNPs)	  

•  One	  phenotype,	  or	  a	  limited	  phenotypic	  domain	  

•  Phenome	  Wide	  Associa3on	  Studies	  (PheWAS)	  
•  Comprehensively	  calcula3ng	  the	  associa3on	  between	  

•  Small	  to	  large	  number	  of	  SNPs	  
•  Diverse	  range	  of	  phenotypes	  from	  phenotypically	  rich	  datasets	  

•  BUT	  we	  can	  also	  use	  other	  data	  types	  too!	  
•  Other	  gene3c	  variants:	  copy	  number	  variants,	  rare	  variants,	  
mitochondrial	  variants	  

•  Quan3ta3ve	  lab	  variables	  instead	  of	  SNPs	  for	  biomarker	  
iden3fica3on	  

PheWAS	  



•  Why	  do	  PheWAS?	  
•  Datasets	  with	  thousands	  of	  collected	  phenotypes	  

•  Unlikely	  that	  3me	  would	  be	  spent	  to	  carefully	  inves3gate	  each	  
phenotype	  for	  use	  

•  Hypothesis	  genera3on	  
•  Can	  we	  iden3fy	  SNPs	  and/or	  phenotypes	  for	  further	  research?	  
•  What	  about	  drug	  targets?	  

•  Pleiotropy	  
•  Cross-‐Phenotype	  Associa3ons	  show	  rela3onships	  between	  SNPs	  and	  
mul3ple	  phenotypes	  

•  Some3mes	  this	  is	  the	  correla3on	  between	  phenotypes	  
•  Some3mes	  evidence	  of	  impact	  of	  gene3c	  varia3on	  on	  more	  than	  one	  
phenotype:	  pleiotropy	  

PheWAS	  



•  PheWAS	  has	  also	  been	  referred	  to	  a	  
•  “Phenome	  Scan”	  
•  “Clinical	  Phenome	  Scan”	  

•  So	  what	  is	  Phenomics?	  

Phenomics	  



•  A	  term	  aYributed	  to	  Soule	  1967	  
•  High-‐throughput	  phenotyping	  

•  Can	  explore	  rela3onships	  between	  gene3c	  varia3on	  and	  
extremely	  wide	  range	  of	  phenotypic	  measurements	  including	  
pleiotropy	  

•  Poten3al	  Phenotypes	  
•  Clinical	  lab	  measurements	  
•  Electronic	  medical	  records	  
•  Transcriptomic	  
•  Epigenomic	  
•  Proteomic	  
•  Metabolomic	  
•  Imaging	  

•  SPANNING	  physiological	  scales	  from	  protein	  and	  metabolite	  
localiza3on	  to	  morphological	  measurements	  and	  behavioral	  state	  

Phenomics	  



•  Phenotype	  data	  are	  the	  most	  powerful	  predictors	  of	  important	  
biological	  outcomes	  -‐	  fitness,	  disease,	  mortality	  
•  Can	  create	  dynamic	  models	  linking	  mul3ple	  levels	  of	  physiology	  

•  Phenomics	  are	  integral	  to	  understanding	  the	  genotype	  to	  
phenotype	  map	  and	  systema3c	  studies	  of	  pleiotropy	  
•  Gene3c	  contribu3ons	  to	  individual	  traits	  are	  extremely	  complex	  -‐	  
180	  known	  variants	  only	  explain	  about	  10%	  of	  heritability	  of	  height	  
in	  humans	  

•  Addi3onal	  phenotype	  informa3on	  may	  be	  more	  informa3ve	  than	  
increasing	  the	  list	  of	  gene3c	  variants,	  and	  may	  yield	  a	  beYer	  
genotype	  to	  phenotype	  map	  

Phenomics	  



•  Eye	  color	  –	  measured	  average	  hue	  and	  satura3on	  of	  each	  iris	  
from	  digital	  images	  

•  GWA	  could	  iden3fy	  10	  loci	  influencing	  hue/satura3on,	  three	  
more	  than	  using	  categorical	  eye	  color	  groups	  

Phenomics	  

Figure:  Houle et al., 2010, Nature Reviews Genetics	




How	  to	  Count	  Phenotypes?	  
Different	  experiments	  use	  different	  types	  of	  phenotypes	  

Expression	  	  

• Microarray,	  
RNAseq	  

• Not	  subjec3ve	  
•  Rela3vely	  easy	  to	  
measure	  at	  scale	  

Physiological	  phenotypes	  

•  Subjec3ve	  
•  Can	  be	  difficult	  
to	  measure	  at	  
scale	  

• Direct	  medical	  
transla3on	  

Fitness	  
•  Easy	  to	  measure	  
• Not	  subjec3ve	  
•  Rela3onship	  to	  physiological	  phenotypes	  can	  
be	  unclear	  

• May	  be	  measurement	  of	  gene-‐environment	  
interac3ons	  



•  High-‐throughput	  phenotyping	  
• We	  can	  never	  measure	  the	  en3re	  phenome	  

•  The	  phenome	  is	  different	  in	  every	  cell	  from	  minute	  to	  
minute	  

•  Technologies	  for	  high-‐throughput	  phenotyping	  at	  various	  levels	  
are	  becoming	  increasingly	  available	  

•  Bioinforma3cs	  approaches	  for	  using	  very	  high-‐dimensional	  
data	  are	  improving	  

•  Comprehensive	  gene3c	  varia3on	  being	  collected	  for	  these	  data	  
•  For	  example	  

•  SNPs	  
•  Copy-‐number	  variants	  

Phenomics	  



•  Organized	  phenomic	  efforts	  are	  underway	  in	  model	  
organisms	  	  
•  Zebra-‐fish,	  dog,	  rat,	  fruit-‐fly	  
•  Extensive	  phenotyping	  in	  yeast	  and	  C.	  elegans,	  but	  no	  
organized	  phenomics	  effort	  

•  Personal	  and	  ins3tu3onal	  interest	  in	  human	  health	  means	  
that	  many	  phenotypes	  are	  measured	  in	  humans	  
longitudinally	  (mul3genera3onally)	  and	  in	  a	  standardized	  
way	  
•  Framingham	  Heart	  study	  
•  Consor3um	  for	  Neuropsychiatric	  Phenomics	  
•  Prospec3ve	  epidemiological	  UK	  Biobank	  is	  storing	  blood	  and	  
urine	  and	  allowing	  access	  to	  medical	  records	  of	  500,000	  
volunteers	  

Phenomics	  



•  Many	  relevant	  datasets	  and	  data	  types	  
•  Large	  epidemiological	  studies	  

•  	  Popula3on	  Architecture	  using	  Genomics	  and	  Epidemiology	  
•  Na3onal	  Health	  and	  Nutri3on	  Surveys	  (NHANES)	  through	  the	  Centers	  for	  
Disease	  Control	  (CDC)	  

•  De-‐iden3fied	  electronic	  medical	  record	  resources	  
•  	  eMERGE	  

•  Clinical	  studies	  measuring	  wide	  range	  of	  health	  measurements	  
longitudinally	  along	  with	  drug	  treatment	  

Phenomics	  



•  Networks	  of	  causa3on	  
producing	  the	  phenotypic	  state	  
of	  an	  organism	  

•  Genotypes	  
•  Environmental	  factors	  
•  Key	  factors	  are	  key	  
determinants	  of	  the	  phenotype	  
affec3ng	  outcome	  

Phenomics	  

Figure:  Houle et al., 2010, Nature Reviews Genetics	
Figure:  Houle et al., 2010, Nature Reviews Genetics	




Pleiotropy	  

P1	  
P2	  

P3	  

One Gene 
 Multiple phenotypes 



What	  is	  Spurious	  Pleiotropy?	  

Two	  Causal	  Variants	  in	  a	  
Region	  of	  strong	  LD	  

P1	   P2	   P1	   P2	  

One	  muta3on	  
dele3ng	  two	  genes	  

One	  phenotype	  directly	  
causes	  another	  

P1	   P2	  

Two	  phenotypes	  are	  
correlated	  because	  of	  

experimental	  bias	  or	  other	  

P1	   P2	  



What	  is	  True	  Pleiotropy?	  

One	  gene	  product,	  	  different	  
purposes	  in	  different	  3ssues	  

One	  gene	  product,	  	  the	  same	  
purpose	  in	  mul3ple	  pathways	  	  

Path	  2	  Path	  1	  

P1	   P2	   P1	   P2	  

One	  gene	  product,	  	  mul3ple	  
func3ons	  with	  different	  

binding	  partners	  

A	  muta3on	  affec3ng	  RNA	  
edi3ng	  

A	  muta3on	  affec3ng	  a	  
transcrip3on	  factor	  

…	  

And	  many	  more	  



•  Pleiotropy	  began	  with	  a	  func3onal	  defini3on	  of	  co-‐
inherited	  phenotypes	  

•  Now	  we	  have	  a	  huge	  collec3on	  of	  molecular	  mechanisms	  
to	  explain	  it	  

•  There	  are	  many	  ways	  genes	  can	  influence	  phenotypes	  and	  
phenotypes	  can	  influence	  each	  other	  

•  How	  do	  we	  take	  our	  knowledge	  about	  possible	  molecular	  
mechanisms	  of	  pleiotropy	  and	  extrapolate	  this	  to	  the	  
sta3s3cs	  at	  the	  systems	  level?	  

Pleiotropy	  



•  In	  1968	  Sewall	  Wright	  introduced	  the	  term	  “universal	  
pleiotropy”	  
•  All	  genes	  affect	  all	  phenotypes	  

•  In	  2003	  Welch	  and	  Waxman	  introduced	  “modular	  
pleiotropy”	  

Pleiotropy	  
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Box 3 | Evidence for modular pleiotropy

It is often observed that certain groups of traits tend to co-vary among individuals of 
the same species or across different species, forming variational modules66. 
Variational modularity occurs when a set of traits are co-determined by a set of 
genes, a phenomenon known as modular pleiotropy48. The genotype–phenotype map 
(GPM) can be viewed as a bipartite network that is composed of two types of nodes: 
gene nodes and trait nodes. A link between a gene node and a trait node indicates 
that the gene affects the trait. It was recently shown in yeast, nematode worms and 
mice that the bipartite network of the GPM is highly modular, forming groups  
of traits that are co-affected by groups of genes28 (see the figure; circles  
represent genes and squares represent traits). For instance, the modularity in the 
mouse gene–trait bipartite network is 238 standard deviations greater than that 
expected from the same network in which the gene–trait links are randomly rewired. 
The evolutionary origin of the modularity in the GPM is unclear, and several models, 
either with or without natural selection for modularity, have been proposed66. 
Regardless of its origin, modular pleiotropy further constrains the pleiotropic effects 
of mutations, because a mutation with modular pleiotropy is more likely to have 
smaller effects on unrelated traits than on related traits. 

Figure is modified, with permission, from REF. 28  (2010) US National Academy  
of Sciences.

The molecular basis of pleiotropy
Type I and type II pleiotropy. Despite the importance of 
pleiotropy and its long history of study in genetics, little 
is known about its molecular basis. A central question in 
this regard is whether pleiotropy is conferred by multiple 
molecular functions of a gene product, which is referred 
to as type I pleiotropy, or by multiple morphological and 
physiological consequences of a single molecular func-
tion, which is referred to as type II pleiotropy. This dis-
tinction goes back to 1938, to Grüneberg, who called 
them ‘genuine’ and ‘spurious’ pleiotropy, respectively36 
— terms that, in retrospect, seem unfortunate. In the 
wake of the acceptance of the ‘one gene, one enzyme’ 
hypothesis, it was assumed that type II pleiotropy would 
be the most frequent, if not the only, form of pleiotropy1. 
However, the discovery of multiple functional domains 
in the same protein and the discovery of alternative splic-
ing, which produces different molecular species from the 
same gene locus, reopened the issue.

An example of type I pleiotropy comes from human 
serum albumin, which has a crucial role in maintaining 
the osmotic pressure that is needed for proper distribu-
tion of body fluids between intravascular compartments 
and body tissues. Serum albumin also acts as a plasma 
carrier by nonspecifically binding several hydropho-
bic steroid hormones, and as a transport protein for 
haemin and fatty acids. Furthermore, it is involved in 
the oxidation of nitric oxide by binding this molecule 

in its hydrophobic core37. Structural analysis revealed 
two distinct binding sites in serum albumin that allow 
its interaction with different ligands38. The yeast HIS7 
gene represents a case of type II pleiotropy. HIS7 encodes 
glutamine amidotransferase, which is used in both histi-
dine biosynthesis and purine nucleotide monophosphate 
biosynthesis. Thus, loss of HIS7 leads to the shortage of 
multiple necessary metabolites (see the Saccharomyces 
Genome Database).

Is pleiotropy mostly of type I or type II? This ques-
tion was addressed by analysing yeast gene pleiotropy39. 
Interestingly, no significant correlation was found 
between the degree of pleiotropy of a gene and the 
number of molecular functions of that gene. There is also 
no correlation between gene pleiotropy and the number 
of domains in a protein. Among enzyme genes, there is 
no correlation between pleiotropy and the number of 
catalytic activities of the enzyme. By contrast, there is a 
positive correlation between pleiotropy and the number 
of cellular components to which the gene product is 
localized. There is also a positive correlation between 
pleiotropy and the number of biological processes in 
which a gene engages. These findings indicate that, at 
least in yeast, pleiotropy is mostly of type II39.

Evolutionary and disease implications of type II plei-
otropy. If we measure organismal complexity by the 
number of recognizably different types of cells in 
an organism, then this property can be said to have 
increased markedly from prokaryotes to advanced mul-
ticellular eukaryotes such as vertebrates and flowering 
plants40. However, the number of genes has increased 
only about fourfold41. This disparity has necessarily 
resulted in an increase in average gene pleiotropy dur-
ing the evolution of complex organisms. The finding 
that pleiotropy is primarily of type II suggests that the 
increase in average gene pleiotropy during evolution is 
probably realized by the recruitment of existing genes 
into new biological processes (rather than the acquisi-
tion of new molecular functions), which presumably 
can occur, for example, by changes in tissue expression, 
subcellular localization and interaction partners, as well 
as by context-sensitive transcription.

As mentioned, pleiotropic effects of mutations 
underlie some human diseases. In principle, the GPM 
constructed from model organisms such as the labora-
tory mouse can guide the search for genes that, when 
mutated, cause human diseases. Such an approach can 
also aid the construction of the gene–disease map, which 
is also known as the diseasome42. Conversely, the disea-
some informs us about the relationship between genes 
and phenotypic defects, and thus can be used for infer-
ring the prevalence and role of pleiotropy in human dis-
ease. It is commonly believed that different alleles of a 
gene will exhibit pleiotropic effects on different subsets of 
traits43. Although this situation is possible44, if the pleio-
tropic effects of a gene are usually conferred by the same 
molecular function39, it would be difficult to isolate alleles 
of pleiotropic genes that affect only one trait. This consid-
eration is relevant to human genetics, in which isolation 
of symptom-specific alleles is thought to be important 
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Figure:  Wagner, Zhang, 2011, Nature Reviews	




Pleiotropy	  

Wagner, Zhang, 2011, 
Nature Reviews 
Genetics	
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that the most pleiotropic segment affects 31 of the 984 
expression traits and that the second-most pleiotropic 
segment affects 25 traits. However, the vast majority of 
the 491 segments affect no more than two traits, or 0.2% 
of all examined traits.

Knockout and knockdown studies. One drawback of 
QTL studies is that the mapping resolution may be so low 
that one QTL may include multiple genes. Consequently,  
the degree of pleiotropy can be overestimated.

In recent years, many genes have been either 
knocked out or knocked down in several model organ-
isms. Phenotypes of these mutants provide genome-
scale information about gene pleiotropy without the 
confounding effects of linked mutations. Wang and col-
leagues reported recently that the median degree of gene 
pleiotropy is only a few per cent of the total number of 
traits examined in yeast, nematode worms and mice28 
(FIGS 3Ba–Be). For example, 2,449 genes were found to 
affect at least one of the 253 morphological traits of 
yeast that were examined systematically. Despite the 
fact that the most pleiotropic gene affects more than 
150 traits, the median degree of pleiotropy is only seven 
(or 2% of traits). One potential caveat of such a meta-
analysis is that sometimes not all mutants of a species 
are phenotyped for the same set of traits (although this 
is not a problem in the yeast study above). For example, 
4,915 mouse genes are known to affect one or more of 
308 traits, but most mouse mutants have been pheno-
typed for only a small subset of these traits. Because 
scientists tend to phenotype traits that are suspected to 
be affected in a mutant, incomplete phenotyping tends 
to overestimate gene pleiotropy that is measured by the 
percentage of affected traits. Furthermore, on average, 
natural mutations are much milder than are knockout 
or knockdown effects. Thus, it is likely that the detect-
able number of affected traits is lower for natural  
mutations than for knockout or knockdown effects.

In summary, overwhelming empirical data, from 
unicellular eukaryotes such as yeast to complex verte-
brates such as humans and mice, show that pleiotropy 
is generally low. Given the potential upward biases of 
current methods in estimating pleiotropy, the actual 
level of pleiotropy may be even lower. Nonetheless, all 
empirical measures of pleiotropy are limited by the 
power of the measurement, as mentioned in the previ-
ous section. Admittedly, some of the studies have lim-
ited power. For instance, we estimate that, in the yeast 
morphological pleiotropy data (FIG. 3Ba), a mutational 
effect with an expected size of one standard deviation 
in the wild-type distribution is detected in only 17% of 
cases. This makes it also possible that the actual degree 
of pleiotropy is greater than what has been revealed. 
But the unrevealed degree of pleiotropy must have 
much lower functional and evolutionary significance, 
owing to a much smaller effect size. In addition to the 
generally low pleiotropy, the GPM is highly modular 
(BOX 3) and the per-trait phenotypic effect of mutations 
increases with the number of pleiotropic effects (BOX 4). 
These findings have significant implications for our 
understanding of disease, development and evolution.
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that the most pleiotropic segment affects 31 of the 984 
expression traits and that the second-most pleiotropic 
segment affects 25 traits. However, the vast majority of 
the 491 segments affect no more than two traits, or 0.2% 
of all examined traits.

Knockout and knockdown studies. One drawback of 
QTL studies is that the mapping resolution may be so low 
that one QTL may include multiple genes. Consequently,  
the degree of pleiotropy can be overestimated.

In recent years, many genes have been either 
knocked out or knocked down in several model organ-
isms. Phenotypes of these mutants provide genome-
scale information about gene pleiotropy without the 
confounding effects of linked mutations. Wang and col-
leagues reported recently that the median degree of gene 
pleiotropy is only a few per cent of the total number of 
traits examined in yeast, nematode worms and mice28 
(FIGS 3Ba–Be). For example, 2,449 genes were found to 
affect at least one of the 253 morphological traits of 
yeast that were examined systematically. Despite the 
fact that the most pleiotropic gene affects more than 
150 traits, the median degree of pleiotropy is only seven 
(or 2% of traits). One potential caveat of such a meta-
analysis is that sometimes not all mutants of a species 
are phenotyped for the same set of traits (although this 
is not a problem in the yeast study above). For example, 
4,915 mouse genes are known to affect one or more of 
308 traits, but most mouse mutants have been pheno-
typed for only a small subset of these traits. Because 
scientists tend to phenotype traits that are suspected to 
be affected in a mutant, incomplete phenotyping tends 
to overestimate gene pleiotropy that is measured by the 
percentage of affected traits. Furthermore, on average, 
natural mutations are much milder than are knockout 
or knockdown effects. Thus, it is likely that the detect-
able number of affected traits is lower for natural  
mutations than for knockout or knockdown effects.

In summary, overwhelming empirical data, from 
unicellular eukaryotes such as yeast to complex verte-
brates such as humans and mice, show that pleiotropy 
is generally low. Given the potential upward biases of 
current methods in estimating pleiotropy, the actual 
level of pleiotropy may be even lower. Nonetheless, all 
empirical measures of pleiotropy are limited by the 
power of the measurement, as mentioned in the previ-
ous section. Admittedly, some of the studies have lim-
ited power. For instance, we estimate that, in the yeast 
morphological pleiotropy data (FIG. 3Ba), a mutational 
effect with an expected size of one standard deviation 
in the wild-type distribution is detected in only 17% of 
cases. This makes it also possible that the actual degree 
of pleiotropy is greater than what has been revealed. 
But the unrevealed degree of pleiotropy must have 
much lower functional and evolutionary significance, 
owing to a much smaller effect size. In addition to the 
generally low pleiotropy, the GPM is highly modular 
(BOX 3) and the per-trait phenotypic effect of mutations 
increases with the number of pleiotropic effects (BOX 4). 
These findings have significant implications for our 
understanding of disease, development and evolution.
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that the most pleiotropic segment affects 31 of the 984 
expression traits and that the second-most pleiotropic 
segment affects 25 traits. However, the vast majority of 
the 491 segments affect no more than two traits, or 0.2% 
of all examined traits.

Knockout and knockdown studies. One drawback of 
QTL studies is that the mapping resolution may be so low 
that one QTL may include multiple genes. Consequently,  
the degree of pleiotropy can be overestimated.

In recent years, many genes have been either 
knocked out or knocked down in several model organ-
isms. Phenotypes of these mutants provide genome-
scale information about gene pleiotropy without the 
confounding effects of linked mutations. Wang and col-
leagues reported recently that the median degree of gene 
pleiotropy is only a few per cent of the total number of 
traits examined in yeast, nematode worms and mice28 
(FIGS 3Ba–Be). For example, 2,449 genes were found to 
affect at least one of the 253 morphological traits of 
yeast that were examined systematically. Despite the 
fact that the most pleiotropic gene affects more than 
150 traits, the median degree of pleiotropy is only seven 
(or 2% of traits). One potential caveat of such a meta-
analysis is that sometimes not all mutants of a species 
are phenotyped for the same set of traits (although this 
is not a problem in the yeast study above). For example, 
4,915 mouse genes are known to affect one or more of 
308 traits, but most mouse mutants have been pheno-
typed for only a small subset of these traits. Because 
scientists tend to phenotype traits that are suspected to 
be affected in a mutant, incomplete phenotyping tends 
to overestimate gene pleiotropy that is measured by the 
percentage of affected traits. Furthermore, on average, 
natural mutations are much milder than are knockout 
or knockdown effects. Thus, it is likely that the detect-
able number of affected traits is lower for natural  
mutations than for knockout or knockdown effects.

In summary, overwhelming empirical data, from 
unicellular eukaryotes such as yeast to complex verte-
brates such as humans and mice, show that pleiotropy 
is generally low. Given the potential upward biases of 
current methods in estimating pleiotropy, the actual 
level of pleiotropy may be even lower. Nonetheless, all 
empirical measures of pleiotropy are limited by the 
power of the measurement, as mentioned in the previ-
ous section. Admittedly, some of the studies have lim-
ited power. For instance, we estimate that, in the yeast 
morphological pleiotropy data (FIG. 3Ba), a mutational 
effect with an expected size of one standard deviation 
in the wild-type distribution is detected in only 17% of 
cases. This makes it also possible that the actual degree 
of pleiotropy is greater than what has been revealed. 
But the unrevealed degree of pleiotropy must have 
much lower functional and evolutionary significance, 
owing to a much smaller effect size. In addition to the 
generally low pleiotropy, the GPM is highly modular 
(BOX 3) and the per-trait phenotypic effect of mutations 
increases with the number of pleiotropic effects (BOX 4). 
These findings have significant implications for our 
understanding of disease, development and evolution.
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that the most pleiotropic segment affects 31 of the 984 
expression traits and that the second-most pleiotropic 
segment affects 25 traits. However, the vast majority of 
the 491 segments affect no more than two traits, or 0.2% 
of all examined traits.

Knockout and knockdown studies. One drawback of 
QTL studies is that the mapping resolution may be so low 
that one QTL may include multiple genes. Consequently,  
the degree of pleiotropy can be overestimated.

In recent years, many genes have been either 
knocked out or knocked down in several model organ-
isms. Phenotypes of these mutants provide genome-
scale information about gene pleiotropy without the 
confounding effects of linked mutations. Wang and col-
leagues reported recently that the median degree of gene 
pleiotropy is only a few per cent of the total number of 
traits examined in yeast, nematode worms and mice28 
(FIGS 3Ba–Be). For example, 2,449 genes were found to 
affect at least one of the 253 morphological traits of 
yeast that were examined systematically. Despite the 
fact that the most pleiotropic gene affects more than 
150 traits, the median degree of pleiotropy is only seven 
(or 2% of traits). One potential caveat of such a meta-
analysis is that sometimes not all mutants of a species 
are phenotyped for the same set of traits (although this 
is not a problem in the yeast study above). For example, 
4,915 mouse genes are known to affect one or more of 
308 traits, but most mouse mutants have been pheno-
typed for only a small subset of these traits. Because 
scientists tend to phenotype traits that are suspected to 
be affected in a mutant, incomplete phenotyping tends 
to overestimate gene pleiotropy that is measured by the 
percentage of affected traits. Furthermore, on average, 
natural mutations are much milder than are knockout 
or knockdown effects. Thus, it is likely that the detect-
able number of affected traits is lower for natural  
mutations than for knockout or knockdown effects.

In summary, overwhelming empirical data, from 
unicellular eukaryotes such as yeast to complex verte-
brates such as humans and mice, show that pleiotropy 
is generally low. Given the potential upward biases of 
current methods in estimating pleiotropy, the actual 
level of pleiotropy may be even lower. Nonetheless, all 
empirical measures of pleiotropy are limited by the 
power of the measurement, as mentioned in the previ-
ous section. Admittedly, some of the studies have lim-
ited power. For instance, we estimate that, in the yeast 
morphological pleiotropy data (FIG. 3Ba), a mutational 
effect with an expected size of one standard deviation 
in the wild-type distribution is detected in only 17% of 
cases. This makes it also possible that the actual degree 
of pleiotropy is greater than what has been revealed. 
But the unrevealed degree of pleiotropy must have 
much lower functional and evolutionary significance, 
owing to a much smaller effect size. In addition to the 
generally low pleiotropy, the GPM is highly modular 
(BOX 3) and the per-trait phenotypic effect of mutations 
increases with the number of pleiotropic effects (BOX 4). 
These findings have significant implications for our 
understanding of disease, development and evolution.
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that the most pleiotropic segment affects 31 of the 984 
expression traits and that the second-most pleiotropic 
segment affects 25 traits. However, the vast majority of 
the 491 segments affect no more than two traits, or 0.2% 
of all examined traits.

Knockout and knockdown studies. One drawback of 
QTL studies is that the mapping resolution may be so low 
that one QTL may include multiple genes. Consequently,  
the degree of pleiotropy can be overestimated.

In recent years, many genes have been either 
knocked out or knocked down in several model organ-
isms. Phenotypes of these mutants provide genome-
scale information about gene pleiotropy without the 
confounding effects of linked mutations. Wang and col-
leagues reported recently that the median degree of gene 
pleiotropy is only a few per cent of the total number of 
traits examined in yeast, nematode worms and mice28 
(FIGS 3Ba–Be). For example, 2,449 genes were found to 
affect at least one of the 253 morphological traits of 
yeast that were examined systematically. Despite the 
fact that the most pleiotropic gene affects more than 
150 traits, the median degree of pleiotropy is only seven 
(or 2% of traits). One potential caveat of such a meta-
analysis is that sometimes not all mutants of a species 
are phenotyped for the same set of traits (although this 
is not a problem in the yeast study above). For example, 
4,915 mouse genes are known to affect one or more of 
308 traits, but most mouse mutants have been pheno-
typed for only a small subset of these traits. Because 
scientists tend to phenotype traits that are suspected to 
be affected in a mutant, incomplete phenotyping tends 
to overestimate gene pleiotropy that is measured by the 
percentage of affected traits. Furthermore, on average, 
natural mutations are much milder than are knockout 
or knockdown effects. Thus, it is likely that the detect-
able number of affected traits is lower for natural  
mutations than for knockout or knockdown effects.

In summary, overwhelming empirical data, from 
unicellular eukaryotes such as yeast to complex verte-
brates such as humans and mice, show that pleiotropy 
is generally low. Given the potential upward biases of 
current methods in estimating pleiotropy, the actual 
level of pleiotropy may be even lower. Nonetheless, all 
empirical measures of pleiotropy are limited by the 
power of the measurement, as mentioned in the previ-
ous section. Admittedly, some of the studies have lim-
ited power. For instance, we estimate that, in the yeast 
morphological pleiotropy data (FIG. 3Ba), a mutational 
effect with an expected size of one standard deviation 
in the wild-type distribution is detected in only 17% of 
cases. This makes it also possible that the actual degree 
of pleiotropy is greater than what has been revealed. 
But the unrevealed degree of pleiotropy must have 
much lower functional and evolutionary significance, 
owing to a much smaller effect size. In addition to the 
generally low pleiotropy, the GPM is highly modular 
(BOX 3) and the per-trait phenotypic effect of mutations 
increases with the number of pleiotropic effects (BOX 4). 
These findings have significant implications for our 
understanding of disease, development and evolution.
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that the most pleiotropic segment affects 31 of the 984 
expression traits and that the second-most pleiotropic 
segment affects 25 traits. However, the vast majority of 
the 491 segments affect no more than two traits, or 0.2% 
of all examined traits.

Knockout and knockdown studies. One drawback of 
QTL studies is that the mapping resolution may be so low 
that one QTL may include multiple genes. Consequently,  
the degree of pleiotropy can be overestimated.

In recent years, many genes have been either 
knocked out or knocked down in several model organ-
isms. Phenotypes of these mutants provide genome-
scale information about gene pleiotropy without the 
confounding effects of linked mutations. Wang and col-
leagues reported recently that the median degree of gene 
pleiotropy is only a few per cent of the total number of 
traits examined in yeast, nematode worms and mice28 
(FIGS 3Ba–Be). For example, 2,449 genes were found to 
affect at least one of the 253 morphological traits of 
yeast that were examined systematically. Despite the 
fact that the most pleiotropic gene affects more than 
150 traits, the median degree of pleiotropy is only seven 
(or 2% of traits). One potential caveat of such a meta-
analysis is that sometimes not all mutants of a species 
are phenotyped for the same set of traits (although this 
is not a problem in the yeast study above). For example, 
4,915 mouse genes are known to affect one or more of 
308 traits, but most mouse mutants have been pheno-
typed for only a small subset of these traits. Because 
scientists tend to phenotype traits that are suspected to 
be affected in a mutant, incomplete phenotyping tends 
to overestimate gene pleiotropy that is measured by the 
percentage of affected traits. Furthermore, on average, 
natural mutations are much milder than are knockout 
or knockdown effects. Thus, it is likely that the detect-
able number of affected traits is lower for natural  
mutations than for knockout or knockdown effects.

In summary, overwhelming empirical data, from 
unicellular eukaryotes such as yeast to complex verte-
brates such as humans and mice, show that pleiotropy 
is generally low. Given the potential upward biases of 
current methods in estimating pleiotropy, the actual 
level of pleiotropy may be even lower. Nonetheless, all 
empirical measures of pleiotropy are limited by the 
power of the measurement, as mentioned in the previ-
ous section. Admittedly, some of the studies have lim-
ited power. For instance, we estimate that, in the yeast 
morphological pleiotropy data (FIG. 3Ba), a mutational 
effect with an expected size of one standard deviation 
in the wild-type distribution is detected in only 17% of 
cases. This makes it also possible that the actual degree 
of pleiotropy is greater than what has been revealed. 
But the unrevealed degree of pleiotropy must have 
much lower functional and evolutionary significance, 
owing to a much smaller effect size. In addition to the 
generally low pleiotropy, the GPM is highly modular 
(BOX 3) and the per-trait phenotypic effect of mutations 
increases with the number of pleiotropic effects (BOX 4). 
These findings have significant implications for our 
understanding of disease, development and evolution.
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that the most pleiotropic segment affects 31 of the 984 
expression traits and that the second-most pleiotropic 
segment affects 25 traits. However, the vast majority of 
the 491 segments affect no more than two traits, or 0.2% 
of all examined traits.

Knockout and knockdown studies. One drawback of 
QTL studies is that the mapping resolution may be so low 
that one QTL may include multiple genes. Consequently,  
the degree of pleiotropy can be overestimated.

In recent years, many genes have been either 
knocked out or knocked down in several model organ-
isms. Phenotypes of these mutants provide genome-
scale information about gene pleiotropy without the 
confounding effects of linked mutations. Wang and col-
leagues reported recently that the median degree of gene 
pleiotropy is only a few per cent of the total number of 
traits examined in yeast, nematode worms and mice28 
(FIGS 3Ba–Be). For example, 2,449 genes were found to 
affect at least one of the 253 morphological traits of 
yeast that were examined systematically. Despite the 
fact that the most pleiotropic gene affects more than 
150 traits, the median degree of pleiotropy is only seven 
(or 2% of traits). One potential caveat of such a meta-
analysis is that sometimes not all mutants of a species 
are phenotyped for the same set of traits (although this 
is not a problem in the yeast study above). For example, 
4,915 mouse genes are known to affect one or more of 
308 traits, but most mouse mutants have been pheno-
typed for only a small subset of these traits. Because 
scientists tend to phenotype traits that are suspected to 
be affected in a mutant, incomplete phenotyping tends 
to overestimate gene pleiotropy that is measured by the 
percentage of affected traits. Furthermore, on average, 
natural mutations are much milder than are knockout 
or knockdown effects. Thus, it is likely that the detect-
able number of affected traits is lower for natural  
mutations than for knockout or knockdown effects.

In summary, overwhelming empirical data, from 
unicellular eukaryotes such as yeast to complex verte-
brates such as humans and mice, show that pleiotropy 
is generally low. Given the potential upward biases of 
current methods in estimating pleiotropy, the actual 
level of pleiotropy may be even lower. Nonetheless, all 
empirical measures of pleiotropy are limited by the 
power of the measurement, as mentioned in the previ-
ous section. Admittedly, some of the studies have lim-
ited power. For instance, we estimate that, in the yeast 
morphological pleiotropy data (FIG. 3Ba), a mutational 
effect with an expected size of one standard deviation 
in the wild-type distribution is detected in only 17% of 
cases. This makes it also possible that the actual degree 
of pleiotropy is greater than what has been revealed. 
But the unrevealed degree of pleiotropy must have 
much lower functional and evolutionary significance, 
owing to a much smaller effect size. In addition to the 
generally low pleiotropy, the GPM is highly modular 
(BOX 3) and the per-trait phenotypic effect of mutations 
increases with the number of pleiotropic effects (BOX 4). 
These findings have significant implications for our 
understanding of disease, development and evolution.
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Mouse	  morph./
phys.	  4915	  
genes,	  308	  
traits	  

Heavy	  tails	  –	  few	  gene3c	  variants	  associated	  with	  many	  
phenotypes,	  many	  gene3c	  variants	  associated	  with	  few	  

phenotypesails:	  	  



•  While	  the	  prevalence	  of	  pleiotropy	  has	  not	  been	  clarified	  yet	  
•  A	  dynamic	  network	  exists	  between	  	  

•  Varia3on	  of	  the	  genome	  
•  Products	  of	  genes	  
•  Signaling	  pathways	  
•  Intermediate	  phenotypes	  and	  outcome	  traits	  

•  Evidence	  supports	  the	  impact	  of	  gene3c	  varia3on	  on	  mul3ple	  
traits	  
•  Complexity	  of	  the	  networks	  inherent	  in	  biological	  systems	  also	  
supports	  the	  presence	  of	  pleiotropy	  

Pleiotropy	  



•  How	  Do	  We	  Define	  Pleiotropy?	  
•  While	  this	  defini3on	  may	  seem	  straight	  forward,	  in	  reality	  the	  
defini3on	  is	  slippery	  and	  conten3ous	  

•  Do	  precise	  defini3ons	  maYer?	  Why	  do	  we	  care?	  
•  There	  are	  many	  ways	  to	  define	  pleiotropy	  

•  Defini3ons	  are	  cri3cal	  to	  designing	  and	  interpre3ng	  experiments	  

Pleiotropy	  

Key:	  How	  will	  you	  define	  pleiotropy	  for	  your	  
specific	  set	  of	  research	  ques<ons?	  



•  What	  are	  Phenome	  Wide	  Associa3on	  Studies	  (PheWAS)?	  
•  Phenomics	  
•  Pleiotropy	  

•  How	  to	  set	  up	  and	  analyze	  a	  PheWAS?	  	  
•  Electronic	  Health	  Record	  based	  PheWAS	  
•  Epidemiological	  study	  based	  PheWAS	  

•  How	  can	  we	  leverage	  complexity	  for	  further	  discovery?	  
•  Pleiotropy	  
•  Networks	  

Outline	  



•  Reminder:	  What	  are	  Phenome	  Wide	  Associa3on	  Studies	  
(PheWAS)?	  

•  Genome	  Wide	  Associa3on	  Studies	  (GWAS)	  
•  Single	  Nucleo3de	  Polymorphisms	  (SNPs)	  

•  One	  phenotype,	  or	  a	  limited	  phenotypic	  domain	  

•  Phenome	  Wide	  Associa3on	  Studies	  (PheWAS)	  
•  Comprehensively	  calcula3ng	  the	  associa3on	  between	  

•  Small	  to	  large	  number	  of	  SNPs	  
•  Diverse	  range	  of	  phenotypes	  from	  phenotypically	  rich	  datasets	  

•  BUT	  we	  can	  also	  use	  other	  data	  types	  too!	  
•  Other	  gene3c	  variants:	  copy	  number	  variants,	  rare	  variants,	  
mitochondrial	  variants	  

•  Quan3ta3ve	  lab	  variables	  instead	  of	  SNPs	  for	  biomarker	  
iden3fica3on	  

PheWAS	  



• Reminder:	  The	  kind	  of	  datasets	  where	  PheWAS	  
can	  be	  applied?	  
•  Large	  epidemiological	  studies	  
•  Electronic	  health	  records	  (EHR)	  
• Clinical	  trials	  

PheWAS	  



• But	  what	  if	  I	  don’t	  have	  an	  EHR?	  Or	  large	  
epidemiological	  dataset?	  

•  Environmental	  data,	  epidemiological	  data,	  and	  
clinical	  trials	  data	  have	  been	  collected	  via	  paper	  
surveys	  
•  Paper	  surveys	  then	  entered	  into	  databases	  for	  
further	  use	  

• With	  tablets	  and	  smart	  phones,	  this	  process	  can	  
be	  automated	  
•  Apps	  to	  assist	  in	  collec3ng	  this	  data	  

PheWAS	  



• What	  could	  help	  me	  develop	  that	  survey?	  
• PhenX	  Toolkit	  

•  The	  Toolkit	  provides	  standard	  measures	  
related	  to	  complex	  diseases,	  phenotypic	  traits	  
and	  environmental	  exposures	  

• Content	  is	  available	  to	  the	  public	  at	  no	  cost	  

PheWAS	  

hYps://www.phenxtoolkit.org/	  



Dataset	  1	  

Dataset	  2	  

Dataset	  3	  

PheWAS	  
results	  
database	  

Biofilter	  
Annotate	  
results	  

	  
Iden3fy	  known	  

associa3ons	  from	  
literature	  

	  
Replica3ons	  

	  
Posi3ve	  control	  

	  

	  
	  

Iden3fy	  related	  
associa3ons	  

	  
Phenotypes	  closely	  
related	  to	  known	  

associa3ons	  
	  
	  

	  
	  

Iden3fy	  novel	  
associa3ons	  

	  
Exci3ng	  results	  

	  
Require	  replica3on	  

and	  scru3ny	  
	  
	  



Electronic Medical Records & Genomics Network (eMERGE) 

eMERGE	  EHR	  PheWAS	  

hYp://emerge.mc.vanderbilt.edu/	  
EHR:	  Electronic	  Health	  Records	  



Genotyped	  
Samples	  

Electronic	  
Health	  
Records	  

•  ICD-‐9	  codes	  

•  CPT	  codes	  

•  Medica3on	  use	  

•  Laboratory	  
measurements	  

•  NPL	  Free	  text	  

Biorepositories	  

Phenotypic	  
Algorithm	  

Phenotype	  
Extrac:on	  

•  Type-‐2	  
Diabetes	  

•  Demen3a	  
•  White	  blood	  

cell	  count	  
•  Cataracts	  
	  

eMERGE	  EHR	  PheWAS	  



•  BioVU	  
•  The	  Vanderbilt	  DNA	  Databank	  
•  Coupling	  DNA	  samples	  and	  medical	  records	  
•  DNA	  from	  discarded	  blood	  collected	  aser	  rou3ne	  clinical	  tes3ng	  
•  DNA	  matched	  to	  clinical	  and	  demographic	  data	  of	  the	  Synthe3c-‐
Deriva3ve	  (SD)	  medical	  record	  database	  

	  

EHR	  PheWAS	  



	  
•  Input	  into	  medical	  
record	  generates	  
matching	  output	  in	  SD	  

•  Not	  possible	  to	  
generate	  input	  from	  the	  
output	  

•  Updated	  weekly	  

•  DNA	  is	  matched	  with	  
the	  SD	  

	  

Clinical	  EMR	  
StarChart	  

Discarded	  	  
Blood	  

SD	  

EHR	  PheWAS	  



•  Aser	  showing	  ICD-‐9	  billing	  codes	  could	  be	  used	  for	  associa3on	  
tes3ng	  
•  First	  EHR	  PheWAS	  could	  be	  performed	  
•  ICD-‐9	  billing	  codes	  to	  define	  case-‐control	  status	  

EHR	  PheWAS	  

Robust	  replica<on	  of	  genotype-‐phenotype	  associa<ons	  across	  mul<ple	  diseases	  
in	  an	  electronic	  medical	  record	  
Ritchie	  MD,	  Denny	  JC,	  Crawford	  DC,	  Ramirez	  AH,	  Weiner	  JB,	  Pulley	  JM,	  Basford	  
MA,	  Brown-‐Gentry	  K,	  Balser	  JR,	  Masys	  DR,	  Haines	  JL,	  Roden	  DM.	  



•  BioVU	  proof-‐of-‐principle	  project	  
•  21	  SNPs	  

•  Algorithms	  used	  to	  define	  cases	  and	  controls	  in	  SD	  for	  5	  
diseases	  

•  Atrial	  fibrila3on	  
•  Crohn’s	  disease	  
•  Mul3ple	  sclerosis	  
•  Rheumatoid	  arthri3s	  	  
•  Type	  2	  diabetes	  

•  Content	  experts	  guided	  algorithm	  development	  
•  ICD-‐9	  billing	  codes,	  medica3on	  usage	  informa3on,	  free-‐text	  

EHR	  PheWAS	  



•  Each	  of	  the	  21	  tests	  of	  associa3on	  yielded	  point	  es3mates	  in	  
the	  expected	  direc3on.	  	  
•  Previous	  genotype-‐phenotype	  associa3ons	  were	  replicated	  in	  
8/14	  cases	  when	  the	  previously	  reported	  odds	  ra3o	  was	  >	  1.25	  

•  	  No	  replica3on	  for	  associa3ons	  with	  lower	  previously	  reported	  
odds	  ra3os	  

EHR	  PheWAS	  



Breaking	  out	  of	  Tables	  

•  Forest	  plot,	  with	  mul3ple	  tracks	  of	  data	  



•  EHR	  based	  PheWAS	  
•  Using	  ICD-‐9	  codes	  to	  define	  case-‐control	  status	  
•  First	  go	  through	  and	  do	  counts	  

•  Using	  database	  
•  Each	  instance	  of	  an	  ICD-‐9	  code	  per	  person	  

•  Choice	  
•  How	  many	  instances	  of	  a	  given	  ICD-‐9	  code	  do	  you	  use?	  
• What	  about	  exclusion	  criteria?	  

EHR	  PheWAS	  

Individual	  1	  

Individual	  2	  

Individual	  3	  

ICD-‐9	  Code	  A	  

✔	  
✔	  
Cases!	  

Control,	  or	  drop	  



•  How	  do	  I	  try	  out	  various	  types	  of	  data	  reduc3on	  or	  make	  it	  easier	  
to	  ask	  ques3ons	  about	  my	  data?	  

•  We	  have	  all	  these	  sosware	  tools	  for	  organizing,	  	  analysis,	  and	  
annota3on	  of	  genomic	  data,	  what	  do	  we	  do	  with	  our	  results?	  

•  How	  do	  I	  try	  out	  various	  types	  of	  data	  reduc3on	  or	  make	  it	  
easier	  to	  ask	  ques3ons	  about	  my	  data?	  
•  I	  could	  try	  to	  use	  Excel	  to	  spend	  some	  3me	  perusing	  the	  data	  
•  Limited	  in	  what	  you	  can	  do	  
•  Whatever	  you	  do	  you	  have	  to	  do	  over	  and	  and	  over	  again	  
•  Hard	  to	  share	  
•  Can’t	  scale	  up	  to	  extremely	  extensive	  data	  
•  Challenging	  to	  ask	  very	  complicated	  ques3ons	  of	  the	  data	  

•  DATABASES!	  
•  Just	  like	  learning	  a	  liYle	  programming,	  learning	  how	  to	  create	  and	  
use	  a	  database	  will	  be	  a	  very	  helpful	  tool	  

 

Databases	  



	  
	  
•  So	  what	  is	  a	  database?	  

•  There	  are	  bunch	  of	  public	  
repositories	  of	  data	  
•  The	  interface	  you	  use	  actually	  is	  
genera3ng	  a	  query	  to	  pull	  
specific	  informa3on	  from	  a	  
database	  

 

	  

Table	  3	  
Table	  1	  

Table	  2	  

Query	  

Database	  

Results	  of	  
Interest	  	  

Databases	  



	  

•  Rela3onal	  databases	  
•  Store	  informa3on	  about	  
data	  
•  and	  connec3ons	  between	  
data	  

•  Tables	  with	  rows	  and	  
columns	  

•  Way	  to	  retrieve	  related	  
data	  based	  on	  your	  
ques3on	  of	  interest	  
 

	  

Table	  3	  
Table	  1	  

Table	  2	  

Query	  

Database	  

Results	  of	  
Interest	  	  

Databases	  



 

•  Once	  your	  data	  is	  your	  database,	  you	  can	  share	  that	  
exact	  database	  with	  others	  

•  Database	  queries	  
•  How	  you	  ask	  your	  ques3on	  	  
•  Generally	  user	  friendly	  and	  interpretable	  	  

•  SELECT	  informa<on	  FROM	  database	  WHERE	  
criteria	  

•  Show	  me	  only	  results	  
•  p-‐value	  cutoff	  of	  interest	  
•  In	  a	  chromsome	  region	  (bp	  to	  bp)	  
• With	  only	  a	  specific	  type	  of	  annota3on	  

Databases	  



	  
	  

• Mul3ple	  tables	  of	  informa3on,	  using	  queries	  to	  bring	  
together	  informa3on	  filtered	  and	  interpretable	  

• Good	  idea	  to	  keep	  documenta3on	  about	  what	  you	  
added	  and	  when	  

	  

Databases	  



 

• How	  do	  I	  begin??	  
• MySQL	  hYp://www.mysql.com/	  

• hYp://dev.mysql.com/doc/refman/5.0/en/
tutorial.html	  

•  Self-‐paced	  mini-‐course	  through	  Stanford	  
•  Free!	  
• hYps://class.stanford.edu/courses/DB/2014/
SelfPaced/about	  

Databases	  



•  EHR	  based	  PheWAS	  
•  Using	  ICD-‐9	  codes	  to	  define	  case-‐control	  status	  
•  Replica3ng	  results	  using	  SNPs	  from	  from	  the	  NHGRI	  
GWAS	  catalog	  	  

EHR	  PheWAS	  

Systema3c	  comparison	  of	  phenome-‐wide	  associa3on	  study	  of	  electronic	  
medical	  record	  data	  and	  genome-‐wide	  associa3on	  study	  data.	  
Denny	  JC,	  Ritchie	  MD,	  Pendergrass	  SA,	  Crawford	  DC,	  et	  al.	  
	  



•  EHR	  based	  PheWAS	  

EHR	  PheWAS	  



• PheWAS	  using	  epidemiological	  study	  data	  

EHR	  PheWAS	  
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PAGE	  PheWAS	  

PheWAS	  using	  epidemiological	  study	  data	  
	  



PAGE	  PheWAS	  
	  

•  Characterizing	  GWAS-‐iden3fied	  variants	  in	  diverse	  
popula3on-‐based	  studies	  across	  
•  European	  Americans	  
•  African	  Americans	  
•  Hispanics/Mexican	  Americans	  
•  Asian/Pacific	  Islanders	  	  

•  Ini3ally	  started	  with	  targeted	  genotyping	  
•  SNPs	  with	  previous	  associa3ons	  to	  specific	  phenotypes	  
• More	  than	  400	  SNPs	  to	  date	  
	  



Disease	  Status	  
Prevalent/Incident	  

Longitudinal	  Informa3on	  

Circula3ng	  Blood	  Cells	  

Hematocrit	  

Plasma	  Fibrinogen	  

C-‐reac3ve	  Protein	  

Stenosis	  and	  Plaque	  

Dietary	  Exposure	  

Lung	  Measurements	  

Cardiac	  Measurements	  

PAGE	  PheWAS	  



PAGE	  PheWAS	  
	  

•  Clear	  opportunity	  
•  Thousands	  of	  measurements	  

•  A	  series	  of	  genotyped	  SNPs	  

•  Inves3ga3ng	  the	  high-‐throughput	  associa3on	  between	  
genotype-‐phenotype	  

•  Hypothesis	  genera3ng	  exercise	  to	  take	  advantage	  of	  the	  data	  in	  
PAGE	  cohorts	  

•  Opportuni3es	  for	  establishing	  new	  methods	  

•  Inves3ga3ng	  pleiotropy	  	  

•  First	  epidemiological	  study	  based	  PheWAS	  

	  



PAGE	  PheWAS	  

• Mul3ple	  varied	  phenotypes,	  not	  necessarily	  matched	  
across	  studies	  

•  Sample	  size	  varia3ons	  depending	  on	  phenotypes	  

•  Considerable	  mul3ple	  hypothesis	  tes3ng	  
•  Bonferonni	  correc3on	  could	  be	  too	  stringent	  for	  these	  
exploratory	  analyses	  

•  Some	  of	  the	  phenotypes	  are	  correlated,	  not	  independent	  
tests	  

•  How	  to	  interpret	  the	  results?	  

	  



  Maximum Sample Size  Minimum Sample Size        

Study Age Range Sex EA AA H API EA AA H API # SNPs  # 
Phenotypes 

Total # of Tests5 
	  	  

(# p < 0.01) 

ARIC 45-64 M/F 11,068 4,007 17 7 69 612 
138,207 

	  	  

2,378 

CHS 65-100 at 
baseline M/F 4,487 820 151 116 46 341 

34,829 
	  	  

550 

EAGLE 12 - 95 M/F 2,628 2,107 2,071 7 16 15 236 327 
359,508 

	  	  

6,496 

MEC 45 - 75 M/F 3,893 4,749 6,863 6,810 33 27 40 13 74 63 
23,310 

	  	  

212 

WHI 50-79 at 
baseline F 13,334 4,274 2,023 927 14 5 7 5 94 3,363 

1,123,366 
	  	  

14,068 



!

Phenotype	  Classes	  



PAGE	  PheWAS	  
	  

•  83	  SNPs	  available	  across	  two	  or	  more	  PAGE	  study	  
sites	  

• Comprehensive	  tests	  of	  associa3on	  	  
•  Quan3ta3ve	  variables	  natural	  log	  transformed	  and	  
untransformed	  

•  Categorical	  variables	  split	  out	  into	  dichotomous	  
variables	  	  

•  Stra3fied	  by	  race/ethnicity	  

	  



	  

•  To	  proceed	  
•  Phenotypes	  were	  “binned”	  into	  105	  phenotype	  classes	  

• We	  chose	  to	  seek	  results	  
•  Two	  or	  more	  study	  sites	  
•  p	  <	  0.01	  
•  Same	  SNP	  
•  Same	  direc3on	  of	  effect	  
•  Same	  race/ethnicity	  
•  Same	  phenotype	  class	  

PAGE	  PheWAS	  

	  

	  

This	  is	  another	  place	  where	  databases	  and	  queries	  have	  been	  cri<cal!	  



•  52	  replicated	  previously	  reported	  associa:ons	  
•  NHGRI	  GWAS	  catalog	  matches	  
•  Showed	  our	  high-‐throughput	  approach	  was	  func3onal	  

•  26	  represented	  phenotypes	  closely	  related	  to	  known	  
associa:ons	  

•  33	  represented	  novel-‐genotype	  phenotype	  associa:ons	  

PAGE	  PheWAS	  

	  

	  



	  
•  33	  

!Replica3ng	  Result:	  LDL-‐C	  levels	  

!

!

!

LDL-C 

PAGE	  PheWAS	  



	  
•  33	  

!SNP	  previously	  associated	  with	  myocardial	  infarc3on	  

!

!

PAGE	  PheWAS	  



	  
•  33	  

!

!

!

!

Previously	  associated	  with	  HDL-‐C	  Levels	  
FEV:	  Forced	  expired	  volume	  lung	  spirometry	  measurement	  	  

PAGE	  PheWAS	  



	  
•  Lipid	  trait	  SNPs	  

•  Age	  at	  menarche,	  EA	  
•  Thyroid/goiter,	  EA	  
•  Artery	  measurements,	  EA	  
•  Artery	  treatment,	  AA	  
•  Angina,	  EA	  

•  Type	  2	  diabetes	  SNPs	  
•  Ever	  Smoked,	  EA	  
•  Hypertension,	  AA	  

•  Inflamma3on	  SNPs	  
•  Carotene	  (dietary	  consump3on)	  

•  Myocardial	  infarc3on	  SNPs	  
•  Vitamin	  B12	  (dietary	  consump3on)	  

•  Body	  mass	  index	  SNPs	  
•  Ever	  smoked,	  EA	  
	  

Phenome-‐wide	  associa3on	  study	  (PheWAS)	  for	  detec3on	  of	  pleiotropy	  within	  the	  Popula3on	  Architecture	  
using	  Genomics	  and	  Epidemiology	  (PAGE)	  Network.	  Pendergrass	  et	  al.,	  PLoS	  Gene<cs,	  2013	  

PAGE	  PheWAS	  



	  
•  Na3onal	  Health	  and	  Nutri3on	  
Examina3on	  Surveys	  (NHANES)	  
•  Conducted	  by	  Centers	  for	  Disease	  Control	  
and	  Preven3on	  (CDC)	  

•  Health	  and	  nutri3onal	  habits	  	  

•  Via	  ques3onnaire,	  direct	  laboratory	  
measures,	  and	  a	  physical	  exam	  

NHANES’ record of important accomplishments 
is made possible by the thousands of Americans 
who have participated. 

�� Past surveys have provided data to create the 
growth charts used nationally by pediatricians 
to evaluate children’s growth. The charts have 
been adapted and adopted worldwide as a 
ref-erence standard—and have recently been 
XSGDWHG�XVLQJ�WKH�ODWHVW�1+$1(6�¿JXUHV�

�� Blood lead data were instrumental in devel-
oping policy to eliminate lead from gasoline 
and in food and soft drink cans. Recent survey 
data indicate the policy has been even more 
effective than originally envisioned, with a 
decline in elevated blood lead levels of more 
than 70% since the 1970s. 

�� 2YHUZHLJKW�SUHYDOHQFH�¿JXUHV�KDYH�OHG�WR�WKH��
and exercise, stimulated additional research, 
and provided a means to track trends in obesity.  

�� Data have continued to indicate that undiag- 
QRVHG�GLDEHWHV�LV�D�VLJQL¿FDQW�SUREOHP�LQ�WKH��
United States. Efforts by government and   
private agencies to increase public awareness,  
especially among minority populations, have  
EHHQ�LQWHQVL¿HG�

These are just a few examples of what survey  
¿QGLQJV�KDYH�PHDQW��7KH�FXUUHQW�SURJUDP� 
promises continuing contributions and some new 
initiatives.

�� Information collected in this survey will help    
the Food and Drug Administration decide if   
there is a need to change vitamin and mineral  
IRUWL¿FDWLRQ�UHJXODWLRQV�IRU�WKH�1DWLRQ¶V�IRRG��
supply.

�� National programs to reduce hypertension   
and cholesterol levels continue to depend on  
NHANES data to steer education and preven-

tion programs toward those at risk and to 
measure success in curtailing risk factors 
associated with heart disease, the Nation’s 
number one cause of death.

�� Measures of lung function will further         
our understanding of respiratory disease       
and better describe the burden of asthma 
in the United States. 

Because NHANES is now an ongoing pro-
gram, the information collected contributes 
to annual estimates in topic areas included in 
the survey. For small population groups and 
less prevalent conditions and diseases, data 
must be accumulated over several years to 
provide adequate estimates. The new contin-
XRXV�GHVLJQ�DOVR�DOORZV�LQFUHDVHG�ÀH[LELOLW\�
in survey content.

5HVXOWV�RI�1+$1(6�EHQH¿W�SHRSOH�LQ�WKH�
United States in important ways. Facts about 
the distribution of health problems and risk 
factors in the population give researchers 
important clues to the causes of disease. In-
formation collected from the current survey is 
compared with information collected in 
previous surveys. This allows health planners 
to detect the extent various health problems 
and risk factors have changed in the U.S. 
population over time. By identifying the health 
care needs of the population, government 
agencies and private sector organizations can 
establish policies and plan research, educa-
tion, and health promotion programs that help 
improve present health status and will prevent 
future health problems.

For more information about the National Center for Health Statistics contact:

 

 National Center for Health Statistics 

 Information Dissemination Staff

 3311 Toledo Road, Room 5320

 Hyattsville, MD 20782

Telephone: 1-800-232-4636

E-mail: cdcinfo@cdc.gov

Internet: http://www.cdc.gov/nchs

For more information about the National Health and Nutrition Examination Survey

you may visit the NHANES web site at: http://www.cdc.gov/nhanes
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Introduction
The National Health and Nutrition Examination 
Survey (NHANES) is a program of studies

designed to assess the health and nutritional 
status of adults and children in the United 
States. The survey is unique in that it com-
bines interviews and physical examinations. 
NHANES is a major program of the National 
Center for Health Statistics (NCHS). NCHS 
is part of the Centers for Disease Control and 
Prevention (CDC) and has the responsibility 
for producing vital and health statistics for the 
Nation.

The NHANES program began in the early 
1960s and has been conducted as a series of sur-
veys focusing on different population groups or 
health topics. In 1999, the survey became a con-
tinuous program that has a changing focus on a 
variety of health and nutrition measurements to 
meet emerging needs. The survey examines a 
nationally representative sample of about 5,000 
persons each year. These persons are located 
in counties across the country, 15 of which are 
visited each year.

The NHANES interview includes demographic, 
socioeconomic, dietary, and health-related 
questions. The examination component consists 
of medical, dental, and physiological measure-
ments, as well as laboratory tests administered 
by highly trained medical personnel.

Findings from this survey will be used to de-
termine the prevalence of major diseases and 
risk factors for diseases. Information will be 
used to assess nutritional status and its associ-
ation with health promotion and disease pre-
YHQWLRQ��1+$1(6�¿QGLQJV�DUH�DOVR�WKH�EDVLV�
for national standards for such measurements 
as height, weight, and blood pressure. Data 
from this survey will be used in epidemiologi-
cal studies and health sciences research, which 
help develop sound public health policy, 

direct and design health programs and 
services, and expand the health knowl-
edge for the Nation.

Survey Content
As in past health examination surveys, data 
will be collected on the prevalence of chron-
ic conditions in the population. Estimates for 
previously undiagnosed conditions, as well 
as those known to and reported by respon-
dents, are produced through the survey. Such 
information is a particular strength of the 
NHANES program.

Risk factors, those aspects of a person’s life-
style, constitution, heredity, or environment 
that may increase the chances of developing 
a certain disease or condition, will be 
examined. Smoking, alcohol consumption, 
VH[XDO�SUDFWLFHV��GUXJ�XVH��SK\VLFDO�¿WQHVV�
and activity, weight, and dietary intake will 
be studied. Data on certain aspects of 
reproductive health, such as use of oral 
contraceptives and breastfeeding practices, 
will also be collected.

The diseases, medical conditions, and health 
indicators to be studied include:

�� Anemia
�� Body composition
�� Cardiovascular disease
�� Diabetes
�� Environmental exposures
�� Hearing loss
�� Infectious diseases
�� Kidney disease
�� Nutrition
�� Obesity
�� Oral health
�� Physical activity and physical functioning 

The sample for the survey is selected to represent 
the U.S. population of all ages. To produce reli-
able statistics, NHANES over-samples persons 
60 and older, African Americans, Asians, and       
Hispanics. 

Since the United States has experienced dramatic 
growth in the number of older people during this 
century, the aging population has major implica-
tions for health care needs, public policy, and 
research priorities. NCHS is working with public 
health agencies to increase the knowledge of the 
health status of older Americans. NHANES has a 
primary role in this endeavor.

All participants visit the physician. Dietary in-
terviews and body measurements are included 
for everyone. All but the very young have a 
blood sample taken and will see the dentist.               
Depending upon the age of the participant, the 
rest of the examination includes tests and proce-
dures to assess the various aspects of health listed 
above. In general, the older the individual, the 
more extensive the examination.

Survey Operations
Health interviews are conducted in respondents’ 
homes. Health measurements are performed in 
specially-designed and equipped mobile centers, 
which travel to locations throughout the country. 
The study team consists of a physician, a dentist, 
medical and health technicians, as well as dietary 
and health interviewers. Many of the study staff are 
bilingual (English/Spanish).

An advanced computer system using high-end 
servers, desktop PCs, and wide-area network-
ing collect and process all of the NHANES 
data, nearly eliminating the need for paper 
forms and manual coding operations. This 
system allows interviewers to use notebook 
computers with electronic pens. The staff at 
the mobile center can automatically transmit 
data into data bases through such devices as 
digital scales and stadiometers. Touch-sensi-
tive computer screens let respondents enter 
their own responses to certain sensitive ques-
tions in complete privacy. Survey information 
is available to NCHS staff within 24 hours of 
collection, which enhances the capability of 
collecting quality data and increases the speed 
with which results are released to the public. 

In each location, local health and government 
RI¿FLDOV�DUH�QRWL¿HG�RI�WKH�XSFRPLQJ�VXUYH\��
Households in the study area receive a letter 
from the NCHS Director to introduce the 
survey. Local media may feature stories about 
the survey.

NHANES is designed to facilitate and encour-
age participation. Transportation is provided to 
and from the mobile center if necessary. Par-
ticipants receive compensation and a report of 
PHGLFDO�¿QGLQJV�LV�JLYHQ�WR�HDFK�SDUWLFLSDQW��
All information collected in the survey is kept 
VWULFWO\�FRQ¿GHQWLDO��3ULYDF\�LV�SURWHFWHG�E\�
public laws.

Uses of the Data
Information from NHANES is made available 
through an extensive series of publications and 
DUWLFOHV�LQ�VFLHQWL¿F�DQG�WHFKQLFDO�MRXUQDOV��)RU�
data users and researchers throughout the world, 
survey data are available on the internet. 

Research organizations, universities, health 
FDUH�SURYLGHUV��DQG�HGXFDWRUV�EHQH¿W�IURP�
survey information. Primary data users are 
federal agencies that collaborated in the de-
sign and development of the survey. The 
National Institutes of Health, the Food and 
Drug Administration, and CDC are among the 
agencies that rely upon NHANES to provide 
data essential for the implementation and 
evaluation of program activities. The U.S. 
Department of Agriculture and NCHS coop-
erate in planning and reporting dietary and 
nutrition information from the survey. 
NHANES’ partnership with the U.S. Environ-

mental Protection Agency allows continued 
study of the many important environmental 
LQÀXHQFHV�RQ�RXU�KHDOWK��

�� Reproductive history and sexual behavior
�� Respiratory disease (asthma, chronic bronchi-

tis, emphysema)
�� Sexually transmitted diseases 
�� Taste and smell 
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•  Gene3c	  NHANES	  three	  surveys	  

•  NHANES	  III,	  1999-‐2000,	  and	  2001-‐2002	  
•  We	  merged	  1999-‐2000	  and	  2001-‐2002	  together	  

•  Three	  race-‐ethnici3es	  
•  Non-‐Hispanic	  whites	  (n=6,634)	  
•  Non-‐Hispanic	  blacks	  (n=3,458)	  
•  Mexican	  Americans	  (n=3,950)	  

•  80	  SNPs	  

NHANES	  PheWAS	  

NHANES’ record of important accomplishments 
is made possible by the thousands of Americans 
who have participated. 

�� Past surveys have provided data to create the 
growth charts used nationally by pediatricians 
to evaluate children’s growth. The charts have 
been adapted and adopted worldwide as a 
ref-erence standard—and have recently been 
XSGDWHG�XVLQJ�WKH�ODWHVW�1+$1(6�¿JXUHV�

�� Blood lead data were instrumental in devel-
oping policy to eliminate lead from gasoline 
and in food and soft drink cans. Recent survey 
data indicate the policy has been even more 
effective than originally envisioned, with a 
decline in elevated blood lead levels of more 
than 70% since the 1970s. 

�� 2YHUZHLJKW�SUHYDOHQFH�¿JXUHV�KDYH�OHG�WR�WKH��
and exercise, stimulated additional research, 
and provided a means to track trends in obesity.  

�� Data have continued to indicate that undiag- 
QRVHG�GLDEHWHV�LV�D�VLJQL¿FDQW�SUREOHP�LQ�WKH��
United States. Efforts by government and   
private agencies to increase public awareness,  
especially among minority populations, have  
EHHQ�LQWHQVL¿HG�

These are just a few examples of what survey  
¿QGLQJV�KDYH�PHDQW��7KH�FXUUHQW�SURJUDP� 
promises continuing contributions and some new 
initiatives.

�� Information collected in this survey will help    
the Food and Drug Administration decide if   
there is a need to change vitamin and mineral  
IRUWL¿FDWLRQ�UHJXODWLRQV�IRU�WKH�1DWLRQ¶V�IRRG��
supply.

�� National programs to reduce hypertension   
and cholesterol levels continue to depend on  
NHANES data to steer education and preven-

tion programs toward those at risk and to 
measure success in curtailing risk factors 
associated with heart disease, the Nation’s 
number one cause of death.

�� Measures of lung function will further         
our understanding of respiratory disease       
and better describe the burden of asthma 
in the United States. 

Because NHANES is now an ongoing pro-
gram, the information collected contributes 
to annual estimates in topic areas included in 
the survey. For small population groups and 
less prevalent conditions and diseases, data 
must be accumulated over several years to 
provide adequate estimates. The new contin-
XRXV�GHVLJQ�DOVR�DOORZV�LQFUHDVHG�ÀH[LELOLW\�
in survey content.

5HVXOWV�RI�1+$1(6�EHQH¿W�SHRSOH�LQ�WKH�
United States in important ways. Facts about 
the distribution of health problems and risk 
factors in the population give researchers 
important clues to the causes of disease. In-
formation collected from the current survey is 
compared with information collected in 
previous surveys. This allows health planners 
to detect the extent various health problems 
and risk factors have changed in the U.S. 
population over time. By identifying the health 
care needs of the population, government 
agencies and private sector organizations can 
establish policies and plan research, educa-
tion, and health promotion programs that help 
improve present health status and will prevent 
future health problems.

For more information about the National Center for Health Statistics contact:
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•  69	  PheWAS	  associa3ons	  replica3ng	  across	  surveys	  for	  the	  same	  
SNP,	  phenotype-‐class,	  direc3on	  of	  effect,	  and	  race-‐ethnicity	  at	  p	  <	  
0.01,	  allele	  frequency	  >	  0.01,	  and	  sample	  size	  >	  200	  
•  39	  replicated	  previously	  reported	  SNP-‐phenotype	  associa3ons	  
•  9	  were	  related	  to	  previously	  reported	  associa3ons	  
•  21	  were	  novel	  associa3ons	  

•  Fourteen	  results	  had	  the	  same	  direc3on	  of	  effect	  across	  more	  than	  
one	  race-‐ethnicity	  
•  One	  result	  was	  novel	  
•  11	  replicated	  previously	  reported	  associa3ons	  
•  2	  were	  related	  to	  previously	  reported	  results	  

•  	  Thirteen	  SNPs	  showed	  evidence	  of	  pleiotropy	  through	  associa3on	  
with	  more	  than	  one	  phenotype	  	  	  

NHANES	  PheWAS	  



	  

NHANES	  PheWAS	  

Previously	  associated	  with	  HDL-‐C	  Levels	  
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Figure 7. Sun Plot of (p<0.01) results for LIPC rs1800588, coded allele T. This SNP was previously associated 
HDL-C in European-descent populations. Significant associations (p<0.01) are plotted clockwise with the most 
significant value result at the top. The length of the each line corresponds to the –log(p-value) of each result, with 
the longest line representing the most significant result. Study, transformed (LN + 1) or untransformed (none) 
phenotype description, self-reported race-ethnicity, and direction of effect are listed for each association. This SNP 
was associated with a number of phenotypes including folate in Mexican Americans (MA), total cholesterol in non-
Hispanic whites (NHW), triglyceride levels in non-Hispanic whites, and vitamin E levels in non-Hispanic whites. 
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Detec3on	  of	  Pleiotropy	  Through	  a	  Phenome-‐Wide	  Associa3on	  Study	  (PheWAS)	  of	  Epidemiologic	  Data	  as	  
Part	  of	  the	  Environmental	  Architecture	  for	  Genes	  Linked	  to	  Environment	  (EAGLE)	  Study.	  Hall	  et	  al.,	  PLoS	  

Gene<cs,	  2014	  



•  So	  PheWAS	  so	  far	  shows	  us	  	  
•  Replica3ng	  associa3ons	  
•  Associa3on	  results	  across	  ancestry	  
•  Novel	  associa3ons	  
•  Poten3al	  drug	  targets	  for	  single	  SNP-‐Phenotype	  
Associa3ons	  

•  But	  also	  pleiotropy!	  

How	  Can	  We	  Better	  Leverage	  Complexity?	  	  



•  What	  are	  Phenome	  Wide	  Associa3on	  Studies	  (PheWAS)?	  
•  Phenomics	  
•  Pleiotropy	  

•  How	  to	  set	  up	  and	  analyze	  a	  PheWAS?	  	  
•  Electronic	  Health	  Record	  based	  PheWAS	  
•  Epidemiological	  study	  based	  PheWAS	  

•  How	  can	  we	  leverage	  complexity	  for	  further	  discovery?	  
•  Pleiotropy	  
•  Networks	  

Outline	  



How	  Can	  We	  Better	  Leverage	  Complexity?	  	  

A	  dynamic	  network	  exists	  between	  
The	  genome	  
Gene	  products	  

Signaling	  pathways	  
Intermediate	  phenotypes	  	  

Outcome	  traits	  

Considering	  gene3c	  varia3on	  and	  phenotypic	  varia3on	  at	  
mul3ple	  levels	  

	  	  
More	  informa3on	  about	  the	  effect	  of	  gene3c	  architecture	  on	  

outcome	  



Pleiotropy	  and	  Cross-‐Phenotype	  Associations	  

•  Pleiotropy	  
•  Cross-‐Phenotype	  Associa3ons	  show	  rela3onships	  between	  SNPs	  
and	  mul3ple	  phenotypes	  

•  Some3mes	  this	  is	  the	  correla3on	  between	  phenotypes	  
•  Some3mes	  evidence	  of	  impact	  of	  gene3c	  varia3on	  on	  more	  than	  
one	  phenotype:	  pleiotropy	  

•  Protec3on	  for	  a	  disease	  or	  trait	  for	  a	  SNP,	  but	  risk	  for	  a	  
different	  disease	  or	  trait	  
•  	  Tells	  us	  more	  about	  the	  network	  
•  Poten3al	  side	  effects	  if	  drug	  is	  developed	  to	  control	  for	  effect	  of	  
one	  gene3c	  variant	  on	  phenotype,	  when	  not	  considering	  other	  
phenotypes	  



Networks	  
•  Biological	  data	  is	  inherently	  connected	  

•  Networks:	  connec3ng	  subunits	  by	  informa3on	  	  
•  Dynamic	  networks	  exist	  between	  gene3c	  architecture,	  signaling	  
pathways,	  intermediate	  phenotypes,	  and	  outcome	  traits	  	  

•  Complicated	  interac3ons	  at	  the	  transcrip3on	  level	  
•  At	  the	  transla3onal	  level	  there	  are	  complex	  interac3ons	  
•  Proteins	  interact	  with	  each	  other	  
•  Signaling	  cascades	  
•  Temporal	  responses	  to	  s3muli	  



•  Remember	  how	  biological	  data	  is	  inherently	  connected?	  
•  I	  found	  a	  series	  of	  SNPs	  in	  different	  genes	  
•  I	  iden3fied	  that	  these	  genes	  are	  in	  shared	  KEGG	  pathways	  

•  Can	  I	  visualize	  this	  informa3on?	  
•  Cytoscape	  and	  Gephi	  are	  two	  free	  sosware	  packages	  that	  
allow	  for	  network	  visualiza3on	  

Networks	  



Networks	  
•  Vocabulary	  

•  Nodes	  
•  Edges	  

•  Direc3onality	  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	  

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



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)	  



What	  is	  Cytoscape?	  
•  “Cytoscape	  is	  an	  open	  source	  sosware	  plazorm	  
for	  visualizing	  molecular	  interac3on	  networks	  and	  biological	  
pathways	  and	  integra3ng	  these	  networks	  with	  annota3ons,	  
gene	  expression	  profiles	  and	  other	  state	  data.”	  –	  
cytoscape.org	  



Cytoscape	  3.1.1	  

•  hYp://www.cytoscape.org/	  
•  Plazorms-‐	  Mac	  OS	  X,	  Windows	  
32bit,	  Windows	  64bit	  (64bit	  
JVM	  required),	  Linux	  

Small	  Network	  
Visualiza:on	  

Large	  Network	  
Analysis/
Visualiza:on	  

Processor	   1GHz	   As	  fast	  as	  possible	  

Memory	   512MB	   2GB+	  

Graphics	  Card	   On	  board	  Video	   High	  end	  Graphics	  
Card	  

Monitor	   XGA	  (1024X768)	   Wide	  or	  Dual	  
Monitor	  

System	  Requirements	  

Compa3ble	  with	  Java	  6	  or	  7	  
	  
	  



Data	  Visualization	  Software	  

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



•  Biofilter	  
•  Add	  closest	  gene	  
informa3on	  for	  SNPs	  

•  Add	  pathways	  those	  genes	  
are	  in	  

•  Use	  Cytoscape	  to	  build	  
networks	  connec3ng	  
pathways,	  genes,	  SNPs,	  and	  
phenotypes	  

Networks	  



Example	  from	  NHANES	  PheWAS	  
	  
•  Three	  SNPs	  associated	  with	  uric	  
acid	  levels	  in	  Mexican	  Americans:	  
rs2231142,	  rs7442295,	  rs685911	  	  

•  One	  of	  the	  SNPs	  is	  within	  the	  gene	  
ABCG2,	  	  other	  two	  SNPs	  within	  
SLC2A9	  	  

•  Found	  within	  the	  GO	  biological	  
process	  “urate	  metabolic	  process”	  

•  Also	  found	  for	  non-‐Hispanic	  whites	  

Networks	  



Networks	  

Example	  from	  ImmunoPheWAS:	  
ICD-‐9	  diagnoses,	  genes	  SNPs	  were	  in	  that	  were	  associated,	  pathways	  



Data	  Visualization	  

hYp://visualiza3on.ritchielab.psu.edu	  
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